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Abstract 
 

This dissertation proposes and tests a theory explaining how people make decisions to 
achieve a goal in a specific task environment.  The theory is represented as a 
computational model and implemented as a computer program.  The task studied was 
primary care physicians treating patients with type 2 diabetes.  Some physicians succeed 
in achieving evidence-based goals, but many fail.  In a previously conducted experiment 
19 physicians treated 3 simulated patients with type 2 diabetes, this was the dataset used 
for modeling and testing (O’Connor et al., 2009). 

Models were constructed to deliver care in the manner of an idealized physician.  
These models were tested by treating the same simulated patients that subject physicians 
treated.  Perturbations in model processes were used to explain failure to achieve goal. 
These perturbations represented forms of omission bias which result in errors of under-
treating patients.  Each physician’s dataset on each case was scored for errors and 
decision strategy.  A mapping was developed from an error to a process perturbation.  
Models of each physician were constructed by: (1) selecting an idealized model that used 
the same decision strategy as the subject, and (2) introducing perturbations in the model 
based on errors that the subject committed when treating the cases.   

For each case each physician and corresponding model were evaluated for a goodness 
of fit based on similarity of error patterns committed, differences in final blood glucose 
values obtained, and similarity of final medications prescribed.   Models made point 
predictions for when during the course of treatment errors would be committed: 90% of 
models generated the same types of errors as modeled physicians and 67% of models 
committed the same errors on the same visits as physicians.  Based on tests of the models 
(theory) we found support for omission bias as a plausible explanation for agents 
committing errors of under-treating which prevents reaching clinical goals with type 2 
diabetes patients.  While the models could predict treatment actions for prescribing oral 
medications, it failed to accurately predict prescriptions for insulin doses.  

 
Keywords: computational model, dynamic decision making, mental model, information 
processing theory, Simcare Experiment, feedback/feedforward decision strategies 
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1.  Introduction and Overview 

“In a moment of decision, the best thing you can do is the right thing to do.  The worst 

thing you can do is nothing.”   Theodore Roosevelt 

 

1.1  Introduction 
Making decisions in dynamic task environments to reach goals is difficult (Brehmer 

1990; Brehmer 1992).  Some people succeed while many others fail to obtain desired 

goals (Sterman 1989a; Sterman 1989b).  Such tasks include the Federal Reserve Bank 

setting interest rates to control the rate of inflation, controlling inventory when delays in 

delivery of past orders exist, and treating chronically ill patients to reach clinical goals.  

With experience and practice people can learn to reach these types of goals (Broadbent, 

Fitzgerald et al. 1986; Sterman 2006).  Repetitively performing a task provides 

opportunities to learn the consequences of actions taken and which actions lead to 

reaching goals (Gibson, Fichman et al. 1997).  But what explains successfully reaching a 

goal when an agent does not perform the task frequently compared to other tasks that are 

performed?  What explains why some agents succeed and others fail?  These questions 

are investigated in this dissertation using the context of primary care physicians (PCP) 

treating patients with type 2 diabetes; a dynamic task for PCPs who treat diabetes 

infrequently compared to other types of conditions treated within their practices (Murray 

and Tantau 2000; Krein, Hofer et al. 2002; Murray, Bodenheimer et al. 2003; Yarnall, 

Pollak et al. 2003; Ostbye, Yarnall et al. 2005). 

This dissertation develops a generative theory to explain both success and failure to 

obtain goals within the specific dynamic environment of treating type 2 diabetes.  A 

generative theory is a system of representations and procedures that when executed 

produces testable behaviors (VanLehn 1990).  The theory is represented as computational 

models for treating type 2 diabetes.  The models are run and generated behavior is 

compared with behavior observed in physicians who participated in a previously 
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conducted experiment where they treated simulated patients with type 2 diabetes 

(O'Connor, Sperl-Hillen et al. 2009). 

 

1.2  Overview of the Dissertation 

The dissertation has four main parts: (1) a theory is presented for the idealized 

treatment of type 2 diabetes, this theory is represented as a computational model; (2) the 

model of an idealized physician treating diabetes is tested to determine if patients can 

successfully be brought to goal; (3) reasons why and ways agents can fail to reach goal 

are identified and a set of errors is defined for identifying failures (errors) in treatment; 

and (4) errors physicians committed in a previously conducted experiment with 

practicing physicians are modeled, and model generated errors are compared with errors 

physicians committed. 

Developing the Theory and Models 

Controlling a chronic disease such as type 2 diabetes requires ongoing treatments 

over time.  Brehmer (1990; 1992) and others (such as, Berry and Dienes 1993; 

Bainbridge 1997) suggest that people use one of two strategies for making decisions to 

control a process in a changing environment.  The two strategies are feedback (making 

decisions using current information) and feedforward (making decisions using current 

information and anticipated future states).   The developed theory is based on these two 

strategies of decision making. 

An information processing approach is used to develop the theory for treating type 2 

diabetes (Marr 1977; Mitchell 2006).  This approach consists of specifying a theory at 

three hierarchical levels (Marr 1977; Mitchell 2006): (Level 1) a computation level where 

a functional specification is made of what is computed to solve the problem and why 

those information elements are processed, (Level 2) the algorithm level where 

computations are specified for transforming inputs to functional specifications into 

outputs, this includes specifying representations and processes for transforming inputs to 
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outputs, and (Level 3) the implementation level where computations of algorithms are 

performed subject to constraints.  In this body of work the third level is examined 

primarily for constraints that affect the first and second levels.  The developed theory is 

represented as computational models which use process control as a framework for 

describing and representing computations for making decisions over the course of time to 

achieve a goal. 

Two computational models, one using a feedback strategy and the other a 

feedforward strategy, for decision making are run on simulated patients to test the 

sufficiency of the theory for the task of successfully treating patients with type 2 diabetes.  

In this context success is defined as reaching an evidence-based blood glucose goal 

without committing errors with respects to the norms (guidelines) of treating type 2 

diabetes.  These models generate behavior and use information in the same manner that 

an idealized physician would when treating patients with type 2 diabetes.   

Type 2 diabetes is a complex disease requiring the treatment of blood pressure and 

lipids along with the control of blood glucose levels.  The purpose of the modeling 

activity in this dissertation focuses on the control of blood glucose.  Additionally, the 

developed models treat blood pressure and lipids to reduce risk metrics associated with 

cardiovascular disease, which according to the American Heart Association is the leading 

cause of diabetes-related death. 

Testing Idealized Models 

The idealized models are tested by having each model treat 3 simulated patients with 

type 2 diabetes.  The treated patients are the same patients that physicians participating in 

the Simcare experiment treated (O'Connor, Sperl-Hillen et al. 2009).  Each model’s 

actions on a visit-by-visit basis are examined to evaluate treatment processes used to 

bring patients to a blood glucose goal.  
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Identifying Reasons for Failing to Reach Goal 

In the Simcare experiment some physicians succeeded in achieving blood glucose 

goal on the simulated patient cases, but most failed to reach the evidence-based blood 

glucose goal.  The computational models are examined for where anomalies in 

computations could exist that would generate observed performance of individual 

physicians who failed to reach goal in the simulation experiment.   

The models generate the behavior of idealized physicians who have the knowledge 

needed for treating patients.  However, most human physicians do not behave in an 

idealized manner.  Human behavior is represented by performance models that are 

subject to contextual constraints, such as those imposed by biases, and limitations on the 

use of knowledge for reaching goal (Newell 1990; Frixione 2001).  Constraints from the 

implementation level can effect computations which in turn effect decisions generated at 

the highest level of the theory (Mitchell 2006).  

Constraints that people face when making decisions in the environment of chronic 

disease care are examined to understand why some physicians fail to achieve the intended 

goal.  In chronic disease care physicians often commit errors of failing to act, that is, 

under treating patients (Hofer, Kerr et al. 2000; Kennedy and MacLean 2004).  These 

failings to act are explained by an omission bias.  People are susceptible to omission bias, 

but physicians are more susceptible for three reasons which are: (1) medical training 

dictates “first do no harm” (Hofer, Kerr et al. 2000; Phillips, Branch et al. 2001), (2) 

limited training for treating chronically ill patients (Hofer, Kerr et al. 2000; Phillips, 

Branch et al. 2001), and (3) bounded rationality which impedes choosing and properly 

using treatments from the vast array of possible treatments (Simon 1999; Dey, Blonde et 

al. 2000). 

In chronic disease management omission bias results in a lack of treatment 

intensification when a patient is above evidence-based goal (Phillips, Branch et al. 2001; 

O’Connor, Sperl-Hillen et al. 2005).  Omission bias takes several forms which include 



5 
 

(O’Connor, Sperl-Hillen et al. 2005): (1) not setting clinically appropriate goals, (2) 

failing to initiate treatment, (3) failing to titrate (adjust) treatment until goal is reached, 

and (4) failure to identify and manage comorbid conditions (e.g., depression).  These 

failures to act provide the basis for defining errors of performance.   

Specific errors were defined by examining the results of a task analysis.  The task 

analysis identified cues that a decision agent could encounter when treating patients and 

actions that should be taken when those cues were present.  Actions that were not taken 

but should have been taken in the presence of associated cues were defined as errors.  

These omitted actions were checked against practice guidelines and medical literature to 

verify that the actions which were omitted were specified as necessary within the domain 

of treating patients with type 2 diabetes.  These errors were mapped to the forms of 

omission bias identified above. 

Modeling Individual Physicians to Understand Sources of Error 

The dataset from the Simcare simulation experiment was examined to identify the 

decision strategy used by each physician and errors that were made when treating each 

simulated patient case.  A portion of the physicians in the dataset were used to identify 

and model those computations and processes within the models that when perturbed (for 

example, changing a threshold for when an action is to be taken) were capable of 

generating observed errors.  This modeling process was used to create a mapping 

between errors and specific parameter settings that needed to be set within models to 

generate errors observed in the simulation experiment.   

A model was parameterized for each physician based on errors the physician 

committed during the Simcare experiment.  The models of physicians were given the 

cases from the experiment to treat and outcomes were compared with those of the 

modeled physician performing the same case.   

The result of this research is an information processing theory which explains how 

decision agents (primary care physicians) can succeed and why some fail in treating 
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patients with type 2 diabetes to achieve an evidence-based blood glucose goal.  The 

theory, represented as computational models, was tested through a series of experiments 

for both bringing simulated patients to blood glucose goal and identifying reasons why a 

group of physicians failed to achieve goal on an experimental task.  A model can be 

falsified if behavior generated (predictions) does not match the behavior of a physician 

treating the same simulated case. 

 

1.3  Outline of Dissertation 

The dissertation is organized in the following manner.  The second chapter reviews 

key literature placing emphases on selected studies in decision making, computational 

models for testing theory, and selected issues related to medical decision making. At the 

end of the literature review two unanswered questions are presented, which are: how does 

an agent attain a goal in a dynamic environment when control tasks are infrequently 

performed relative to other tasks the agent performs?, and (2) what are reasons for most 

people failing to achieve goals in these environments while some succeed? 

The third chapter presents the methodology that is used in the dissertation to 

investigate the two questions identified above in the context of primary care physicians 

treating patients with type 2 diabetes.  In brief the steps in the methodology are as 

follows: (1) a task analysis is performed on treating patients with type 2 diabetes, (2) a 

theory is developed presenting an idealized treatment of type 2 diabetes, (3) the theory is 

represented as computational models, (4) the models are tested on patients from the 

Simcare Experiment, (5) to gain further understanding of causes of errors individual 

physician behavior on the Simcare experiment is examined to identify errors in actions 

taken (or not taken), (6) physicians from the Simcare experiment are sampled forming 

modeling and hold-out sets, (7) perturbations in model computations are hypothesized 

and refined using physicians in the modeling set to form models of individual physicians, 

and (8) using the Simcare patients, the causes of errors are tested by comparing behavior 
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of each physician in the hold-out sample with behavior of a performance model that has 

been parameterized for that physician. 

The fourth chapter presents a task analysis and develops a theory for the treatment of 

type 2 diabetes.  Treating diabetes is likened to a process control problem.  A process 

control framework is introduced as a way of conceptualizing decision making in 

environments that change over time.  Using the process control framework and results of 

the task analysis an information-processing theory is developed for treating type 2 

diabetes.  Computational models are then developed as a representation of the developed 

theory.  The computational models developed in this chapter treat patients in the same 

manner that an idealized physician would treat the patients. 

The fifth chapter presents an experiment used to test the models.  Three simulated 

patient cases are treated and analyzed to identify information cues present in each case 

and corresponding actions that should be taken as determined from associated task 

analyses.  The models treat the three cases and are evaluated for whether expected actions 

were taken for processed information cues.  Additionally, computations made by the 

models are examined for each visit with each patient.  

The sixth chapter examines ways in which human subjects failed when performing 

experimental cases for treating type 2 diabetes.  Failures of performance are defined in 

terms of errors committed during treatment.  Simcare experimental data and treatment 

guidelines are used to determine what behavior constitutes an error.  Omission bias is 

introduced as a reason for perturbations in computations which result in errors being 

committed.  The simulated case data are scored for these errors. 

The seventh chapter examines behavior of nineteen physicians who treated the same 

three simulated patients.  The objective is to develop reasons why these physicians 

committed errors when treating the patients.  Model processes are examined to identify 

candidate computations for generating the identified errors.  The number of candidate 

computations is constrained by those which can be rationalized by omission bias.  
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Physicians are identified for the type of decision strategy they used to perform each case.  

Physicians are grouped by patient treated and decision strategy used to treat the patient.  

Samples of physicians are drawn from these groups for modeling and testing purposes.  

Models of physicians, parameterized for individual physicians, are run to test the ability 

of the models to generate the behavior observed in the Simcare experiment. 

 The eighth chapter concludes the dissertation by summarizing the study and 

presenting a capstone analysis showing effects errors can have on success or failure in 

achieving control of blood glucose values.  Contributions that this body of work makes to 

the field are enumerated.  Finally, some limitations of the dissertation research are 

identified and suggestions are made for future work to be done in the modeling of 

decision making processes. 
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2.  Literature Review 

This chapter presents a review of literature relevant to modeling decision making in 

dynamic environments, and medicine necessary for modeling the treatment of type 2 

diabetes.  The review is structured as follows.  First, a formal definition of dynamic 

environments is presented.  Next, literature on decision making is reviewed from a 

historical perspective to establish a means for describing how and why decision agents 

succeed in achieving goals in the noted environments.  Then hypothesized reasons for 

agents failing to achieve goals in these environments are covered.  Next, aspects of 

computational cognitive modeling necessary for modeling decision processes in dynamic 

environments are reviewed.  Then literature related to errors and the phenomenon of 

omission bias is reviewed to establish a means for identifying failures in decision making.  

Finally, context-specific literature related to medical decision making in the treatment of 

type 2 diabetes is covered. 

A summary of the literature review is provided at the end of this section.  This 

summary provides a statement of the current state of this particular body of literature and 

identifies some research questions that have yet to be investigated.  Answering these 

questions is the focus of the dissertation. 

Defining Dynamic Environments 

Dynamic environments have characteristics that set them apart from other decision 

environments.  Edwards (1962) and Brehmer (1990) defined these environments in the 

following manner: (1) the environment changes because of and independent of decisions 

made.  (2) A sequence of decisions is required to achieve goal, where earlier decisions 

constrain later decisions.  In these environments history matters, and each opportunity to 

make a decision provides an opportunity to correct errors made in past decisions 

(Hogarth 1981; Kleinmuntz 1993).   (3) Decisions are time-sensitive, that is, decisions 

that are made pertain to conditions that are present in the current state of the environment 

which may not exist at other times. 
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  The aforementioned characteristics of dynamic environments make it difficult for 

decision agents to achieve goals (Broadbent, Fitzgerald et al. 1986; Brehmer 1990; 

Brehmer 1992).  However, agents are able to achieve goals in these environments.  In the 

next section a historical perspective is taken to describe how people are able to make 

decisions to achieve goals. 

2.1  A Historical Perspective on Decision Making 
 

This historical perspective covers heuristics, the role of feedback in decision making, 

and process control as a decision making paradigm.  Heuristics, although typically 

associated with discrete event decision making, enable us to define building blocks for 

decision making processes.  Feedback is discussed with an emphasis on its role in 

guiding goal-directed behavior (Richardson 1991).  Finally, process control is reviewed 

as an appropriate metaphor (Bainbridge 1981; Broadbent, Fitzgerald et al. 1986; Brehmer 

1990; Bainbridge 1997) for describing decision making where an agent determines 

actions to take and expected results for those actions. 

Heuristics.  Much of the research on heuristics has its genesis in behavioral decision 

theory.  Initially much of behavioral decision theory focused on investigating how people 

formulate and use subjective probabilities to maximize their expected utility when 

making decisions (Edwards 1961).  Subjective probabilities are defined as a person’s 

estimation of the likelihood of an event occurring, which, after an initial guess, is updated 

in a manner consistent with Bayes Theorem (Edwards 1961).   

Within the field it was realized that people were not making decisions as rational, 

utility maximizing theories suggested.  This realization led to two types of theories being 

developed within behavioral decision theory: normative theories and descriptive theories 

(Slovic, Fischhoff et al. 1977).  Normative theories specify decisions a person should 

make if he is to remain consistent with his beliefs and values, whereas descriptive 
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decision theory describes how and to what extent a decision maker will incorporate her 

beliefs and values into decisions (Slovic, Fischhoff et al. 1977). 

Descriptive theory dominates within behavior decision theory.  Because of 

uncertainty associated with many forms of decision making, emphasis has been placed on 

investigating how people reason and process probabilities of uncertain events (Slovic, 

Fischhoff et al. 1977).  Initially normative models were parameterized to create 

descriptive models for explaining people’s decisions.  However, several researchers (e.g. 

Tversky and Kahneman, Slovich and Lichtenstein) found people have difficulty making 

rational estimates of probabilities and that normative and descriptive models failed to 

provide adequate explanations of decision making. 

The need to explain decision making processes despite decision makers’ lack of 

prowess in rationally estimating probabilities led to postulating judgmental heuristics 

(Kahneman and Tversky 1972; Kahneman and Tversky 1973; Tversky and Kahneman 

1974).  Judgmental heuristics are ways people “intuitively” determine probabilistic 

judgments in different types of tasks (Slovic, Fischhoff et al. 1977).    Hogarth (1981) 

asserted that judgments in decision making are made in sequence and unfold over time.  

The sequencing of decisions made over time placed attention on the role the environment 

plays in decision making (Newell and Simon 1972; Einhorn and Hogarth 1981; Hogarth 

1981). 

People are challenged to make decisions when the environment is changing 

(dynamic) (Edwards 1962; Tversky and Kahneman 1974).  Decision making in dynamic 

environments carries with it some degree of uncertainty (Edwards 1962).  In such 

environments people base their decisions on beliefs concerning the chance of particular 

events occurring (Tversky and Kahneman 1974).   

Computing probabilities of chance events in a rational manner is cognitively 

intractable (Gigerenzer and Goldstein 1996; Forster 1999; Gigerenzer and Todd 1999; 

Gigerenzer and Todd 2000).  Tversky and Kahneman (1974) suggested that people 
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reduce decision making complexity by using heuristics, or rules-of-thumb, when making 

decisions under uncertainty.  These heuristics are powerful tools for making decisions 

and circumventing bounded rationality (Simon 1999; Rooij and Wareham 2008), but they 

are susceptible to systematic errors (Tversky and Kahneman 1974; Gigerenzer and Todd 

1999). 

Debate has arisen as to methodologically appropriate ways of studying heuristics and 

associated biases (Gigerenzer 1996; Kahneman and Tversky 1996).  Gigerenzer (1996) 

stressed the need to examine cognitive processes, and to avoid post hoc rationalization of 

why one heuristic versus another yields an adequate explanation of decision making.  Part 

of this debate centers on reasons for biases in decision making (Kahneman and Tversky 

1996).  Kahneman and Tversky (1996, 1974) claim that biases arise because people lack 

the ability to estimate probabilities of events.  However, Gigerenzer and others claim 

decision makers are able to predict probabilities when expressed using frequentist 

representations (Gigerenzer, Hoffrage et al. 1991; Cosmides and Tooby 1996). 

Gigerenzer & Todd (2000) and Forster (1999) stressed the importance of heuristics 

that have ecological validity.  Ecological validity is defined as heuristics that are adapted 

to the environment such that they are cognitively easy and fast to compute (Forster, 

1999).  An ecological heuristic that people use when making decisions in uncertain 

environments is anchoring and adjustment (Tversky and Kahneman 1974).  This heuristic 

is defined as estimating a value by taking a familiar starting value (computed or provided 

by the environment) which is referred to as the anchor, then making an adjustment to the 

starting value to arrive at an estimated value (Tversky and Kahneman 1974).  People 

regularly use the anchoring and adjustment heuristic to make decisions when they are 

uncertain of the nature of the decision environment (Sterman 1989a). 

Traditionally heuristics have been applied to describing decision making in discrete-

events.  Hogarth (1981) suggests that many discrete-event heuristics are applicable in 

continuous, complex, dynamic environments where feedback can be used to adapt future 

decisions.  The repetitive nature of this type of decision making means that errors 
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committed earlier in the process can be corrected later in the process (Hogarth 1981; 

Hogarth, McKenzie et al. 1991; Entin and Serfaty 1997; Hogarth 2007).  This area of 

research in heuristics and biases helped to focus attention on the importance of feedback.   

Feedback.  “Feedback is a method of controlling a system by reinserting into it the 

results of its past performance.” (Wiener 1967, p84).  This “reinsertion” of information is 

a means for a goal to exert control over behavior (Richardson 1991).  “If a goal is be 

attained, some signals from the goal are necessary at some time to direct behavior” 

(Rosenblueth, Wiener et al. 1943, p19).  In dynamic environments where multiple actions 

are taken over time the concept of feedback is crucial for attaining goals.  Feedback 

provides information for the decision agent to make necessary course corrections in 

response to changes in the environment (Hogarth 1981; Sterman 1989b; Brehmer 1990; 

Richardson 1991; Brehmer 1992). 

In dynamic environments, feedback processes establish “context-sensitive 

constraints” of past experiences (Juarrero 1999).    

“Feedback, that is, incorporates the past into the system’s present ‘external’ 
structure.  Feedback thus threads a system through both time and space, 
thereby allowing part of the system’s external structure to run through its 
history.”  (Juarrero 1999), p139 

 

This “thread” is crucial for adaptive behavior in changing environments where a series of 

decisions are made to achieve a goal (Richardson 1991).   

The repetitive nature of decision making in dynamic environments suggests that a 

continuous process is in play.  Two dominant ways that have been used to describe 

decision making in this context are systems thinking and process control (Bainbridge 

1981; Sterman 1989a; Sterman 1989b; Brehmer 1990; Brehmer 1992; Sterman 1994; 

Booth-Sweeney and Sterman 2000).  These ways of describing decision making in 

dynamic environments address similar types of research questions but often using 

different research methods (Gonzalez, Vanyukov et al. 2005). The perspective used in 
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this research is primarily that of process control; systems thinking concepts are used later 

in describing reasons why decision agents fail to achieve goals. 

Process Control as a Decision Making Paradigm in Dynamic Environments:  

Because multiple decisions are required to reach goal in dynamic environments the 

process of decision making has been likened to gaining control over a system (Bainbridge 

1981; Broadbent, Fitzgerald et al. 1986; Brehmer 1990; Bainbridge 1997).  Brehmer 

(1990) proposes control theory as a means for describing these decision making 

processes.  Within a control theoretic framework people use one of two types of decision 

strategies for achieving goals in dynamic environments (Brehmer 1990).  These strategies 

are feedback and feedforward.  A feedback strategy examines the difference between a 

current state and a desired state and then makes decisions to move closer to goal 

(Johansson 2003).  A feedforward strategy uses knowledge of how sequences of actions 

over time can affect the system to anticipate changes resulting from past and current 

actions, and then makes decisions to move toward goal (Johansson 2003).   

Conant and Ashby (1970) established that for a regulator (decision maker) to control 

a system it needs a model of the system, this is known as the model principle.  Brehmer 

(1990) applies the model principle and concludes that a decision strategy has as part of it 

a mental model of the environment, where the mental model is a representation of 

important aspects of the system being controlled (Doyle and Ford 1998).  Mental models 

have been functionally defined as: 

“… the mechanism whereby humans are able to generate descriptions of system 
purpose and form, explanations of system functioning and observed system states, 
and predictions of future system states.” (Rouse and Morris 1986), p360. 
 

 Brehmer (1990) suggests that feedback and feedforward strategies require different 

types of mental models.  A feedback strategy uses a relatively simple mental model for 

making decisions, whereas a feedforward strategy requires a more complex mental model 

to make decisions to reach expected future states.  The complexity of a mental model is 

relative to types of decisions being made.  
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A feedback strategy does not require an elaborate mental model because in its 

simplest form it only has to gauge if decisions are moving the system toward goal.  On 

the other hand a feedforward strategy requires a more elaborate mental model to 

anticipate future states of the system so that decisions can be made to reach some 

expected future state (Brehmer 1992).  To anticipate future states requires that the mental 

model account for time-dependent properties of the system (Sterman 1989b; Brehmer 

1990; Brehmer 1992), such as time delays between actions taken and effects showing in 

the system being controlled, and how a series of actions taken over time affects the 

system.   

Feedback strategies are best fit to environments where delays in feedback are 

minimal.  When delayed feedback is used to make decisions without accounting for 

delays then the decision agent will make decisions that are relevant for past states of the 

system (Brehmer 1992).  Feedforward strategies are best fit to stable environments, 

where stability is defined as relationships between dynamic aspects of the environment 

are known and those relationships do not change.  When the environment is not stable 

then future states of the system cannot be estimated reliably (Brehmer 1992). 

Process Control Representations: Feedback and feedforward strategies are typically 

represented as closed-loop systems where some portion of the output is fed back to the 

input (Leigh 1997).  These closed-loop systems compare the current state of the system 

with a goal state; the difference between these two states forms an error signal.  The 

closed-loop system takes action in a cyclical manner to minimize the error signal, that is, 

take action to reduce error signal, check error signal, take additional action to further 

reduce error signal (Leigh 1997).  Feedback and feedforward closed-loop systems have 

been expressed using various frameworks from control theory, such as the internal model 

control, model predictive controller, or smith predictor (Garcia and Morari 1982; Seborg, 

Edgar et al. 1986; Garcia, Prett et al. 1989; Lee, Wang et al. 1996; Ungar, Hartmann et al. 

1996; Leigh 1997; Lin and Su 2000).   
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The specific representation of interest in this research is the internal model control 

framework (Garcia and Morari 1982; Ungar, Hartmann et al. 1996).  This representation 

segments the control problem into two major parts that are solved by different 

components within the system (Jordan and Wolpert 2004).  These components are an 

inverse model and a forward model.  The inverse model is so named because it solves an 

inverse problem where the order of reasoning is reversed, that is, for a given state of the 

system what is the action that is required to move the system toward the goal (Garcia and 

Morari 1982; Cheney 1997).  The forward model is so named because it solves a forward 

problem, which is for a given action what is the expected state of the system after the 

action takes effect (Karniel 2002; Jordan and Wolpert 2004).  In the realm of decision 

making in dynamic environments the forward model is the same as the mental model of 

the system being controlled (Brehmer 1990). 

Gibson, Fichman, and Plaut (1997) stated that in this framework two questions are 

being asked and answered each time a decision is made: (1) for the current state of the 

system what is the action that should be taken to move the system toward the goal, and 

(2) for the action taken what is the expected next state of the system.  While these 

questions are simple in nature they are very difficult to answer in dynamic environments.  

With much practice, people can learn to control processes in these challenging 

environments (Broadbent, Fitzgerald et al. 1986; Berry 1991; Berry and Dienes 1993; 

Gibson, Fichman et al. 1997; Martin, Gonzalez et al. 2004; Jensen 2005; Rolo and Diaz-

Cabrera 2005; Karakul and Qudrat-Ullah 2007). However, most people when faced with 

the task of controlling a process in a dynamic environment tend to under control the 

process (Martin, Gonzalez et al. 2004).  The next portion of the literature review 

examines prior research that identifies reasons which explain why people fail to achieve 

control. 
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2.2  Reasons People Fail to Achieve Goals in Dynamic 
Environments 

 
Having identified and described decision strategies and mental models as components 

of a decision making framework we can examine some reasons why people fail to 

achieve goals in dynamic environments.  Studies that attempt to explain failure to achieve 

goals in these environments have identified four dominant explanations: (1) mental 

models that do not reflect relevant variables for the environment, (2) using decision 

strategies that ignore important aspects of the environment, (3) taking action to treat part 

of a problem while neglecting to address the problem as a whole, and 4) failing to take 

action to move toward goal.  Each of these explanations is described in more detail 

below. 

Literature on decision making has identified two ways mental models fail to reflect 

important variables for decision environments.  First, peoples’ mental models often 

ignore delays of feedback from the environment.  Sterman (1989) and others (for 

example, Rouwette, Grossler et al. 2004; Brehmer 2005) assert that decision makers often 

fail to achieve goal in dynamic environments when significant delays1 in feedback exist 

and are not accounted for when actions are taken.  Delays in feedback lead to a “credit 

assignment problem”, that is, people do not know how to assign credit for success (or 

failure) to a sequence of decisions that have been made over time (Sutton and Barto 

1999; Sterman 2006).   

Second, people’s mental models often do not account for nonlinearities in the 

environment.  People tend to have linear models of environments rather than models that 

account for nonlinearities (Doerner 1996).  For example, a mental model with linear 

relationships between variables may lead to reasoning that state A leads to B and B leads 

to C, and so on, whereas a mental model with nonlinear relationships may lead to 

reasoning that A leads to B and C, and C leads back to A, etc.  The simplification of 

using a mental model with only linear relationships often leads to missing important 

                                                 
1 A delay is significant if effects of past actions are not evident when decisions are made on current actions. 



18 
 

relationships between variables, which in turn prevents making correct decisions to 

achieve goals.  Mental models that are missing important relationships between variables 

and time-dependent (e.g. exponential growth or decay, delays) properties of variables can 

lead to decisions that result in failing to achieve goals (Park and Gittelman 1995; Gary 

and Wood 2005). 

People also fail because they use decision strategies that ignore important aspects of 

the environment (Kleinmuntz 1993).  For instance, a person who attempts to control the 

temperature in a room by turning a furnace on and off will have difficulty reaching the 

temperature goal without overshooting the goal using a feedback strategy.   To control 

temperature within the room a feedforward strategy should be used to anticipate delayed 

effects of switching on the furnace.  This is an example where the decision maker has to 

match the decision strategy to properties of the environment.   

Some decision strategies ignore consequences of decisions made over time while 

other decision strategies ignore changing characteristics of the environment.  These 

ignored items can affect achieving goals (Doerner 1996).  In particular, feedback 

strategies typically fail to achieve goals in environments with significant delays in 

feedback because current decisions do not account for delayed effects of prior decisions; 

whereas feedforward strategies typically fail to achieve goals when characteristics of the 

environment are changing meaning that mental models are not valid for anticipating 

future states. 

When strategies are used that account for important aspects of the environment 

decision makers still can fail if they take action to achieve part of the goal while ignoring 

other parts of the goal (Doerner 1980; Brehmer 1992).  If achieving a goal entails 

satisfying subgoals then there are two ways people can fail.  First, the decision maker 

may constantly shift between working on subgoals, never working on the problem as a 

whole.  This inattention to the overall goal may result in loosing gains previously made 

with subgoals that are no longer pursued.  Progress toward a subgoal can be lost if not 

attended to because the environment is changing independent of actions taken.  Second, 
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some decision makers may focus on one subgoal and ignore other subgoals which need to 

be met to achieve the goal.  In these cases decision makers typically ignore subgoals they 

lack skills or comfort for achieving, as a result some subgoals are not achieved which in 

turn prevents achieving the overall goal (Doerner 1980). 

The final reason considered for why people fail to achieve goals in dynamic 

environments is failing to take action to move toward goal.  People are biased to act only 

where they believe they can succeed (Baron and Ritov 2004).  If a decision maker is 

unsure of chances of success he may avoid taking any action at all (Doerner 1996).  Some 

decision makers are unclear about chances of reaching goal because of uncertainty of 

what action to take.  As a result these people often opt to take no action at all, accepting 

failure believing that by not acting they are not causing any additional harm whereas 

thinking that taking the wrong action would cause harm (Croskerry 2002; Royzman and 

Baron 2002; Anderson 2003; Spranca, Minsk et al. 2003).    For example, if a fire chief 

believes that he cannot contain a fire in a specific region he may not send fire fighters to 

the region believing it to be a lost cause, or he may send resources only if they are not 

needed elsewhere.  This avoidance for taking action is also referred to as omission bias 

(Spranca, Minsk et al. 2003).   

Omission bias often occurs when people perceive that taking action has some risk of 

harm while in reality not taking action has a higher risk of harm (Anderson 2003).  For 

decision making in dynamic environments omission bias results in not taking or delaying 

action when not at goal.  When decision makers perceive that there is little chance of 

reaching goal they may under some circumstances choose to do nothing and consider it to 

be a neutral choice (Ritov and Baron 1992; Doerner 1996).  In some instances decision 

makers discount the urgency for taking action sooner (i.e., time discounting) as opposed 

to later believing there will be ample time to take necessary actions at some later time 

(Frederick, Loewenstein et al. 2002; Spranca, Minsk et al. 2003; Read and Read 2004).  

This reluctance to act keeps decision makers from reaching goal in a timely manner or 

possibly from ever reaching goal. 
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The next portion of the literature review presents the modeling approach that is used 

in the dissertation.  The approach taken brings together heuristics, feedback, and process 

control into models that are used to explain behavior on a particular task. 

2.3  Computational Modeling of Cognitive Processes 
 

A symbolic computational perspective of cognition is adopted in this dissertation 

(Rapaport 1998).  We will use Newell’s (1990) terminology for describing the 

computational processes.  First, a system is a portion of the real world with a set of 

interacting variables.  Second, the system has inputs and outputs, and a function that 

transforms system inputs to outputs.  Last, computations are performed by a machine (a 

particular instantiation, hereafter referred to as a model) that takes inputs, applies 

transformation functions, and produces outputs.  These computations operate on 

representations of the system, where the representation is a symbolic stand-in for what is 

being computed in the real world (Greco 1995). 

The relationship between interacting variables and the transformation performed by 

the model constitute a theory of cognition (Chalmers 1993; Simon 1993).  Cognitive 

theories can be described at different levels (Anderson 1990).  Marr (1982) suggests three 

levels of description for understanding information processing tasks, these are: (1) 

computational theory, (2) representation and algorithm, and (3) hardware 

implementation.  The computational theory (also referred to as an information processing 

theory) specifies the goals of computations and why those computations are appropriate 

for the particular task (Marr 1982).  The computational theory translates a general 

description of the task into a specific information-processing problem that is to be solved 

(Dawson 1998).  The representation and algorithm specify how the computational theory 

is implemented in terms of inputs, outputs, representations, and transformations.  The 

hardware implementation specifies the physical realization of the representation and 

algorithm (Marr 1982).  The level most useful for understanding information processing 

tasks is the computational level (Marr 1982; Anderson 1990). 
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Other researchers have postulated alternate, but related, levels of cognitive theory.  

Four different hierarchical structures of cognitive theory are briefly reviewed.  These 

theories were developed by Chomsky, Pylyshyn, Newell, and Anderson.  Each theory is 

juxtaposed with Marr’s levels of description of cognitive theories.   

Chomsky in his work on linguistics identified two levels of cognitive theory, the 

competence level and the performance level.  The competence level is a specification of 

how an ideal speaker-listener pair applies knowledge of a language to communicate 

(Chomsky 1965).  This communication takes place in a homogenous speech environment 

where the speaker-listener has no limitations that would prevent using knowledge of the 

language in an ideal manner (Chomsky 1965).  The other level is the performance level 

where the speaker-listener uses language in actual concrete situations.  These concrete 

situations occur in environments where conditions are not ideal (Chomsky 1965). 

The competence and performance levels are roughly equivalent to Marr’s 

computational theory and representation/algorithm levels, respectively (Anderson 1990).  

The competence level is a theory of what people are capable of doing within a 

homogeneous environment, whereas the performance level is a theory of what people do 

in practice. 

Pylyshyn (1986) identified three levels of theory that are comparable to Marr’s levels 

(Anderson 1990).  The upper most level is the semantic level which corresponds with 

Marr’s computational theory level.  The middle level is the symbolic level, which 

corresponds with Marr’s representation and algorithm levels.  The lowest level is the 

biological which corresponds with Marr’s hardware implementation level.   

Within the symbolic level Pylyshyn (1980) made a distinction between mental 

algorithms and functional architecture.  Mental algorithms are “rules-plus-representation” 

descriptions of a cognitive process (Pylyshyn 1980).  Functional architecture is a level of 

description between the physical and representational levels, that is,  
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“It is an uninterpreted rule schema that can be exploited, by an appropriate choice 
of initial expression and interpretation scheme, to actually carry out some 
intended algorithm.” (Pylyshyn 1980), p123 
 

Pylyshyn (1980) suggests that functions at the functional architecture level have 

cognitive impenetrability, which means these functions are not affected by a decision 

agent’s goals, belief, or tacit knowledge.  This provides a level of specification necessary 

for developing explanatory computational models. 

“This methodological criterion (called cognitive impenetrability condition) 
supports the maxim that to be explanatory, a theoretical account should make a 
principled appeal to a computational model.  Exhibiting an algorithm and 
representative sample of its behavior is not enough.  One must, in addition, 
separate and independently justify two sources of its performance: its fixed 
(cognitively impenetrable) functional capacities (or its “functional architecture”), 
and the “effectiveness principles” underlying its capacity to perform as claimed.” 
(Pylyshyn 1980) , p112 

 

Newell (1990) theorized four levels for cognitive theory.  The uppermost level is the 

knowledge level, this corresponds with Marr’s computational theory level.  The 

intermediate layers are the program symbol and the register transfer levels, these 

correspond with Marr’s representation and algorithm level.  The lowest level is the device 

level which corresponds with Marr’s hardware implementation level. 

For Newell explanatory theory is specified at the knowledge level.  Newell defines 

the knowledge level in the form of a hypothesis: 

“There exists a distinct computer systems level, lying immediately above the 
symbol level, which is characterized by knowledge as the medium and the 
principle of rationality as the law of behavior.” (Newell 1982), p99  
 

Newell (1990) suggests that humans can be modeled as agents, and hence behavior 

explained, by describing the agent in terms of goals and knowledge the agent possesses.  

Central to this argument is a postulated law of behavior (principle of rationality) which 
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states that agents will act according to knowledge it possesses of the environment to 

obtain pursued goals (Newell 1990). 

Anderson (1990) similarly proposes a hierarchy of levels for cognitive theory that 

map to Marr’s three levels.  The uppermost level is the rational level.  The rational level 

is built upon Newell’s principle of rationality, which states that if an agent knows an 

action will lead to a goal it will take that action (Newell 1982).  The rational level 

corresponds with Marr’s computational theory level.  At the rational level knowledge 

predicts behavior and is constrained by goals (Anderson 1990).  Where Anderson’s 

rational level differs from Newell’s knowledge level is rationality is predicated on the 

agent’s experience and not on its body of knowledge (Anderson 1990). 

Anderson (1990) proposed intermediate levels of algorithm and implementation that 

map to Marr’s representation and algorithm level.  Anderson suggests that cognitive 

penetrability2 occurs at the algorithm level, where knowledge and cognitive symbols 

interact.  Furthermore he states that “steps of cognition at the algorithm level are 

correlated with observable behavior” (Anderson 1990), p20.  The lowest level in 

Anderson’s hierarchy of cognitive theory is the biological level that corresponds with 

Marr’s hardware implementation level. 

Anderson (1990) suggests that the hardware implementation level is not applicable to 

the study of cognition.  However Mitchell (2006) states that understanding the hardware 

implementation level is necessary in order to understand the higher levels of description.  

Mitchell (2006) notes that it is at the implementation level that constraints are imposed on 

higher levels of description, constraints that for computational purposes limit the form 

algorithms can take.  With humans these constraints may take the form of biases 

(Tversky and Kahneman 1974; Baron 2000). 

Some researchers (e.g. Anderson, 1990) who have studied Marr’s levels of 

description have noted that his terminology of “computational theory” is confusing 

                                                 
2 Note: Anderson used the term cognitive penetrability  while Pylyshyn used the term cognitive 
impenetrability . 
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because the theory is not about computations but rather about goals of computations.  A 

more appropriate label, which is adopted in this dissertation is information-processing 

theory (Mitchell 2006). 

Testing Theories of Cognition:  The theories that Marr, Chomsky, Pylyshyn, Newell, 

and Anderson proposed for explaining cognition have all been used by researcher for 

testing theories of cognitive behavior. The following provides some examples of ways in 

which these theories have been used in the development and testing of theories.   

Marr’s concept of an information processing theory has been used to test theories of 

cognition by various researchers (such as, Wan, Touretzky et al. 1994; Recce and Harris 

1996).  These information processing theories were defined and implemented as 

executable computational models of hypothesized brain functions.  These models were 

developed based on observations of subjects performing a task presumed to be related to 

the studied brain function.   

For example, Recce and Harris (1996) tested an information processing theory that 

Marr developed for hippocampal function.  They ran experiments observing subjects 

navigating through a room with the goal of locating an item.  Using the theory of 

hippocampal function they made predictions for how their computational model 

(implemented in a robotic vision system) would attain the same goal.  Experiments with 

the robot were run where the robot was able to locate the goal.  From these results Recce 

and Harris (1996) considered Marr’s theory of hippocampal function supported.  

Chompsky’s concept of competence and performance levels of cognitive theory have 

been tested by researchers such as Spolsky (1989) and Prince & Smolensky (2002).  

These studies tested theories of generative grammar by examining language acquisition 

and comprehension.  For example, Spolsky (1989) examined the learning of past tenses.  

Spolsky conducted studies with children learning past tenses in English as a first 

language, noting mistakes children made while learning tenses.  Neural network models 

were constructed and trained in accordance with the proposed theory for tense 
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acquisition.  The error rates made by the children and the neural network were examined 

and found to be comparable.  As a result Spolsky considered the theory for tense 

acquisition supported. 

Pylyshyn’s concepts of semantic, symbolic, and biological levels of theory have been 

used to derive and test theories by several researchers (for example, Payne and Green 

1986; Henderson and Hollingworth 1999).  These researchers developed theories where 

they made distinctions between perceptual processing (biological level) and cognitive 

processing (semantic/symbolic levels).  For example, Henderson and Hollingworth 

(1999) developed a theory for functional isolation within visual scenes.  From the theory 

they predicted that “perceptual analysis of objects should find no effect of the relation 

between object and scene” (Henderson and Hollingworth 1999, p261).  They conducted a 

series of experiments with human subjects and attempted to explain the results with 

competing theories.  The functional isolation theory best explained the data, noting that 

there were no context effects early in subjects’ scene viewing. 

Newell’s theory of cognition has been tested through a series of experiments where 

human subjects performance in solving problems was compared with the performance of 

simulations solving the same problems (Newell 1990; Lehman, Laird et al. 1998).  For 

example, Newell and fellow researchers conducted experiments where subjects solved 

cryptoarithmetic problems (Newell 1990).  From these experiments think-aloud protocols 

were mapped onto problem behavior graphs (graphical depictions of the problem solving 

process).  The simulation program, SOAR, was a production system composed of 

knowledge and representations that was used as an embodiment of the theory.  SOAR 

was given the same problem as the humans. The programs solutions, search pattern, and 

time to navigate the search space were comparable to those of the human subjects. As a 

result Newell and collaborating researchers considered the results to support their unified 

theory of cognition. 

Anderson’s theory of cognition has been tested by examining mental algorithms 

where the emphasis was placed on testing the rational and algorithm levels (Anderson 
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1987).  Anderson and collaborating researchers tested their theory of cognition by 

examining the results of human subjects performing various types of tasks which were 

revelatory of how people acquire cognitive skills (Anderson 1982).  From the analysis of 

these experiments the researchers were informed on the types of procedural and 

declarative knowledge that the Adaptive Character of Thought (ACT-R) model needed to 

contain (Anderson 1995).  For example, in a reason-giving task typical of an exercise in 

high school geometry the ACT-R theory predicted that trial times for subjects would 

improve in accordance with a power law; this was in fact what was observed when the 

same task was given to human subjects (Anderson 1982). 

The Structure of Information Processing Problems: Common to Marr, Chomsky, 

Pylyshyn, Newell, and Anderson is the premise that to understand information-processing 

problems requires developing an understanding of the problem’s structure rather than just 

the mechanism by which structures are implemented.  All of these researchers 

hypothesize higher-level theoretical frameworks for developing “deep” theories, where in 

this case deep refers to the fact the mechanisms and representations are unobservable 

(VanLehn, Brown et al. 1984).  From this body of research it is clear that to create an 

explanation of information-processing problems the following principles apply: (1) 

representations are computed, (2) goals and constraints direct and restrict action (Forster 

1999), (3) circumscribed bodies of knowledge are applied to direct actions for achieving 

goals, and (4) transformation functions map input states to output states (Chomsky 1965; 

Pylyshyn 1980; Anderson 1990; Newell 1990). 

Information processing theories developed from higher-level frameworks specify 

what is required to solve an information processing problem.  As such, these theories set 

forth how a problem is solved when the decision agent is operating without limitations 

(e.g., constraints on memory) and the environment responds to actions in an idealized 

manner (i.e., actions achieve what is possible for a given action) (Newell 1982).  These 

ways of processing information and interacting with the environment define competence 

in solving the problem, whereas performance is defined as the way decision agents 
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actually solve the problem in the presence of limitations (e.g., knowledge) and non-ideal 

environments (Chomsky 1965). 

Theories in cognitive psychology differ from those in the physical sciences.  In the 

physical sciences most theories are specified in deductive-nomological form (VanLehn 

1990).  Deductive-nomological theories are composed of laws and constraining boundary 

conditions.  Explanations and predictions are derived by applying laws with applicable 

boundary conditions (Haugeland 1978).  In deductive-nomological theories there are no 

specifications of processes (Goh 1970).   

When the explanation from a theory “requires specification of a complexly organized 

pattern of interdependent interactions” then the theory is classifies as systematic 

(Haugeland 1978, p216).  Most theories in cognitive psychology are systematic, where 

“organized cooperative interactions” exist amongst elements of the theory (Haugeland 

1978, p216).  Systematic theories are not expressed as laws and boundary conditions; 

instead these theories are expressed as processes and representations, where processes are 

performed (run) on representations to derive explanations and predictions.  The 

representations and processes in systematic theory are presumed to mirror those that 

occur within the cognitive machinery of humans (e.g., short- and long-term memory), 

hence systematic theories make claims about cognitive machinery and processes for 

deriving outcomes (Haugeland 1978; Kanwisher 2006). 

Some information processing theories do not make claims about cognitive machinery; 

such theories are called generative theories.  Generative theories, like systematic theories, 

are expressed as a system of processes and representations.  However, these theories 

generate predictive and explanatory outcomes above the level of cognitive machinery 

(Gunderson 1985).  These outcomes are generated by running processes specified within 

the theory on associated representations, thus simulating a cognitive process.  While 

claims are made about process and representational constructs within the theory no 

claims are made about how those processes are implemented within the brain (VanLehn 
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1990).  Generative theories can be simulated and tested against human behavior (Strube 

2000). 

For example, Brown and VanLehn (1980) developed a generative theory which they 

named repair theory.  This theory was built upon principles set forth in Pylyshyn’s theory 

of cognition in which mental algorithms were specified.  For repair theory the mental 

algorithms consisted of production-like rules for subtracting (including variations of rules 

for incorrectly subtracting) numbers and representations of math problems.  Based on 

observations of children learning to perform subtraction they made predictions on types 

of “repairs” that children would make when encountering new types of subtraction 

problems.   

Prior to Brown and VanLehn conducting simulation experiments with their model (an 

instantiation of repair theory) they established five criteria for evaluating the theory.  

Upon running the model they determined that their theory only explained 25% of 

observed repairs.  In this case observed repairs were used as a prediction for model 

results.  Generative theories like repair theory help researchers develop and test theories 

of cognition associated with observed behaviors. 

The next portion of the literature review discusses computational modeling for 

information-processing problems in dynamic environments.   

2.4  Developing Computational Models in Dynamic 
Environments 

 
In this part of the literature review prior research relevant to developing explanations 

of information-processing problems in dynamic environments is covered.  Rooij and 

Wareham (2008) stated that computational models of cognitive processes must be 

computationally tractable.  This constraint on computations is used to narrow prior 

research that is considered relevant to modeling within dynamic environments.  From a 

process control perspective, factors relevant to modeling inverse problems and forward 

problems (mental models) are reviewed.  
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The inverse model processes measure or estimate information that characterizes the 

environment in order to generate actions for controlling the system (Lin and Su 2000).  

The inverse model solves the problem of deciding which action to take.  The mental 

model processes current system state and information of actions taken to estimate the 

next state of the system (Ungar, Hartmann et al. 1996; Gibson, Fichman et al. 1997; Lin 

and Su 2000).  The mental model solves the problem of estimating effects of actions. 

Which Action to Take?: Sterman (1989) and others (e.g. Kleinmuntz, 1992) 

determined that a simple anchoring and adjustment heuristic is sufficient to model what 

people do to make decisions for achieving a goal when delay of feedback is present in the 

environment.  Diehl and Sterman (1995) analyzed results of an inventory management 

experiment and determined that people had three levels of sophistication in decision 

making.  Level 1: At the lowest level of sophistication subjects acted to reduce 

discrepancies in inventory levels.  These subjects acted to alleviate discrepancies between 

the current state of the system and the goal state, that is, they ignored history and only 

acted in the “here and now” (Brehmer 2005).  Level 2: At the middle level of 

sophistication subjects, like those at Level 1, acted to reduce discrepancies while also 

considering rates of change in inventory.  These subjects examined trends of change in 

addition to current discrepancies.  Level 3: At the highest level of sophistication subjects 

like those at Level 2, reduced discrepancies and paid attention to trends of change, but in 

addition they anticipated future changes in inventory.  These subjects achieved the best 

(comparatively) level of control by anticipating how the system would change, this 

required a mental model that represented dynamic characteristics of inventory levels as a 

function of current and past state variables (Brehmer 1990; Kleinmuntz 1993; Diehl and 

Sterman 1995). 

Estimating Effects of Actions:  When important properties of the environment are not 

directly observable the decision agent is faced with a problem that requires a 

representation for making decisions (Clark 1998).  The opacity associated with dynamic 

environments necessitates a representation for computing decisions (Brehmer 1992; 

Gonzalez, Vanyukov et al. 2005).  In dynamic environments the mental model is the 
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representation the decision agent uses in deciding how to control the system (Brehmer 

1990).   Mental models do not need to be accurate to be useful (Brehmer 1990; Brehmer 

1992; Kleinmuntz 1993).   

Brehmer (1990) suggests mental models that indicate the direction of change in 

system variables are often sufficient to support decision making.  Mental models that 

represent the dynamics of the controlled system’s functional behavior enable people to 

better solve dynamic problems (Freyd 1987; Park and Gittelman 1995).  When the time 

horizon for an estimate is long then people are more confident than when they are 

estimating something that will occur in the near-future (Nussbaum, Liberman et al. 

2006).  Nussbaum, Liberman et al (2006) suggest that people process more complex 

lower-level representations when making near-term predictions as opposed to simpler 

higher-level representations for far-term predictions.  Consequently the complexity of 

making estimates cause people to be less confident in near-term estimates.  Regardless of 

the time horizon when people make projections using downward sloping trends they are 

in general less confident in their estimates (O'Connor, Remus et al. 1997). 

Computational models developed for dynamic environments have been tested in ways 

similar to those used to test theories of cognition developed by Marr (1977), Pylyshyn 

(1980), Newell (1990), Chomsky (1965), and Anderson (1987).  Typically experimental 

data come from human subjects who are given tasks to perform (Sterman 1989a; Sterman 

1989b; Brehmer 1990; Brehmer 1992; Gibson, Fichman et al. 1997; Johnson, Grazioli et 

al. 2001; Gonzalez, Lerch et al. 2003).  The theory represented by the model is used to 

make predictions of outcomes when the model is run; these predictions are based on how 

the theory is hypothesized to fit human subjects’ data.  As a test of the proposed theory of 

cognition a model’s outcomes are compared with human subjects’ outcomes when both 

perform the same task (Anderson 1981; Payne and Green 1986; Sterman 1989a; Sterman 

1989b; Brehmer 1990; Brehmer 1992; Anderson 1995; Henderson and Hollingworth 

1999; Johnson, Grazioli et al. 2001; Gonzalez, Lerch et al. 2003; Gonzalez 2004). 
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The next portion the literature review covers human errors, a means for identifying 

decision making processes in dynamic environments that fail to achieve goals or achieve 

goals in non-idealized ways. 

2.5  Human Errors 
 

Analyses of human errors occurs within some context of human performance (Nieves 

and Sage 1998).  In our case the area of human performance examined is decision making 

within dynamic environments.  Errors have been conceptualized and defined in various 

ways (Norman 1983; Miller and Swain 1987; Reason 1990; Senders and Moray 1991; 

Rasmussen 2003).  Within this body of work Reason’s (1990) definition is used: 

“Error will be taken as a generic term to encompass all those occasions in which a 
planned sequence of mental or physical activities fails to achieve its intended 
outcome, and when these failures cannot be attributed to the intervention of some 
chance agency.” p. 9 
 
Central to this definition of error is determining whether or not an outcome is 

intended, that is, errors are normative.  Reason (1990), building on the work of 

Rasmussen, classifies errors in two ways, slips and lapses vs. mistakes.  Slips are errors 

resulting from accidentally performing a known procedure improperly.  Lapses are errors 

generally resulting from a failure in memory.  Mistakes are errors that result from failures 

in judgment or deficiencies of knowledge (Reason 1990).  While a person may erratically 

commit slips and lapses, mistakes tend to occur more consistently until the person’s 

knowledge of the task is updated (Norman 1983; Reason 1990).  The work addressed in 

this dissertation only considers mistakes which are systematic errors of judgment.   

Nieves and Sage (1998) contend that merely identifying errors is not sufficient for 

making statements about human error, however understanding mechanisms that generate 

systematic errors can lead to useful explanations.  Miller and Swain (1987) have 

categorized errors as errors of omission or errors of commission.  An error of omission 

occurs when an action that should have been carried out is not performed.  An error of 

commission occurs when an action that should not have been performed is executed. 
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Research has been performed to identify and explain mechanisms that are associated 

with human errors committed while executing procedures, for instance grade school 

children performing subtraction (VanLehn 1990; VanLehn and Jones 1993; Ohlsson 

1996; Ben-Zeev 1998; Ben-Zeev and Ronald 2002; Lannin, Barker et al. 2007).  

VanLehn (1990) in his repair theory posits that people learn procedures by learning 

example cases.  When the learning process is incomplete or interrupted then some parts 

of the procedure may not be learned.  If the person is performing the procedure and 

encounters a situation that is beyond her learning she is said to have encountered an 

impasse.  An impasse is when the person cannot execute the procedure because she is 

missing knowledge for proceeding.  To overcome the impasse this person repairs her 

knowledge by filling in the missing knowledge typically by (over)generalizing procedural 

steps that worked in other circumstances.  This repair to her knowledge enables her to 

continue executing her procedure, but may lead to errors when applied to tasks beyond 

her training.  This repaired knowledge is deemed “buggy” because when environmental 

conditions are right it will lead to errors unbeknownst to the decision agent (VanLehn 

1990). 

Procedural knowledge that has been repaired can lead to a decision agent committing 

errors.  Often because of delayed or missing feedback these errors go undetected.  

Procedures that are performed in low base-rate environments are especially susceptible to 

becoming “buggy” because opportunity for feedback is infrequent (Johnson, Grazioli et 

al. 2001; Grazioli, Jamal et al. 2006). 

Similarly Ohlsson (1996) hypothesizes that errors are caused by overly general 

knowledge structures.  These errors are detected by comparing actual outcomes from 

executing a procedure with expected outcomes.  But, this type of error detection requires 

the person to acquire domain-specific declarative knowledge.  With such knowledge the 

person can identify procedural errors and refine her procedural knowledge. 

Ben-Zeev and Ronald (2002) found that overly general procedures that can lead to an 

abundance of different types of errors tend to be stable in predictable ways.  They suggest 
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that individual errors are the result of a stable set of procedures that they call core 

procedures.  These core procedures are underconstrained, consequently the procedures 

are capable of generating many different types of errors.  Their findings suggest that 

relatively few core procedures are capable of generating a variety of errors. 

The next portion of the literature review pertains to medical decision making, the 

context within which decision making in dynamic environments will be examined.  

2.6  Medical Decision Making 
 

Prior research in medical decision making has tended to focus on heuristics and 

biases used in the clinical practice of medicine (Patel, Kaufman et al. 2002).  A large part 

of this research supports the hypothesis that physicians systematically deviate from 

making rationale and optimal decisions (Borstein and Emler 2001).  Some research in 

rational decision making suggests that proposed formal (statistical) techniques are only 

appropriate when the consequences of not making the right decision are significant 

(Detsky, Naglie et al. 1997). However, for some diseases, such as type 2 diabetes, some 

physicians do not consider the disease to be serious or are unable to understand the 

consequences of not making (correct) decisions (Larme and Pugh 1998).  Oftentimes 

formulating statistical models for decision making are considered complex and 

burdensome, consequently few physician employ such techniques and when they do 

usually only in diagnosis of diseases (Detsky, Naglie et al. 1997). 

To circumvent having to use complex technical decision making tools physicians take 

advantage of organizational scaffolding (Clark 1998).  This scaffolding takes the form of 

other physicians and treatment guidelines (Hmelo-Silver and Azevedo 2006).  Treatment 

guidelines specify how physicians should make decisions when treating their patients.  

For example, when a patient is not at evidence-based goal the following stages of 

treatment are to be progressively followed: (1) initiate treatment, (2) adjust treatment 

medications until goal is reached, and (3) maintain the patient at the goal (Mazze, Strock 



34 
 

et al. 2004).  Evidence-based medicine drives the development of treatment guidelines, 

but guidelines do not readily translate into practice (Green and Seifert 2005). 

Several studies in medical decision making have examined reasons for physicians not 

achieving evidence-based goals with their patients.  The majority of explanations set 

forth for physicians’ failing to achieve goals relate to omission bias (Croskerry 2000; 

Phillips, Branch et al. 2001; Croskerry 2003; Grant, Cagliero et al. 2004; Kennedy and 

MacLean 2004).  These biases often lead physicians to overestimating effects of actions 

taken, excessively seeking confirming evidence before taking (additional) action, and 

ignoring guidelines thinking they do not apply to their patients (Phillips, Branch et al. 

2001; Croskerry 2003). 

2.7  Summary and Analysis of the Literature 

Prior research has examined reasons why decision making in dynamic environments 

is difficult.  These studies suggested that people use common heuristics, such as 

anchoring and adjustment, for deciding what actions to take in these environments.  

People who pay attention to how a system changes over time are better able to achieve 

goals compared to those who only focus on the “here and now,” ignoring trends within 

the system.  Additionally feedback that is delayed causes difficulty for decision makers, 

most do not know how to deal with the delays and as a result ignore it (Sterman 1989b). 

Broadbent, Fitzgerald, Broadbent (1986), Brehmer (1990), and others adopted 

process control as a metaphor for modeling decision making in dynamic environments.  

Within a process control framework, feedback and feedforward strategies have been used 

to describe peoples’ decision making patterns.  The internal model control framework is a 

paradigm of a process control that supports researchers in examining dynamic decision 

making problems by analyzing how people answer two overarching questions: (1) for the 

current state of the system what is the action that should be taken to move toward goal, 

and (2) for the given state of the system and a specific action what is the expected next 

state of the system (Jordan and Rumelhart 1992; Gibson, Fichman et al. 1997). 
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When evaluating task performance in addition to outcomes, errors committed are of 

interests.  Identifying errors during the performance of a task can help in understanding 

cognitive processes used to make decisions (Johnson, Grazioli et al. 2001).  Reason 

(1990), Swain and Miller (1987), and Vanlehn (1990) have defined errors and associated 

causative mechanisms.  Johnson, Grazioli, et al. (2001) and Grazioli, Jamal, et al. (2006) 

introduced the concept of errors occurring within processes that take place in low base-

rate environments and theorized about causative mechanisms. 

Johnson, Grazioli, et al. (2001) and Grazioli, Jamal, et al. (2006) applied a 

hypothetico-deductive reasoning approach to decision making in low-base rate 

environments.  Other researchers have examined decision making in dynamic 

environments for high base-rate tasks using process control related paradigms (Rouwette, 

Grossler et al. 2004).  The significance of decision making in low-base rate environment 

is it affords few opportunities for a decision agent to learn-by-doing.  High-base rate 

environments provide more opportunities for identifying behavior that leads to error and 

to correct that behavior.  Limited work has been done examining how people control 

(processes) tasks in low base-rate environments and reasons most people fail while some 

succeed in achieving goals. 

This dissertation adds to the body of literature by examining decision making for a 

low base-rate task in a dynamic environment.  The task examined is primary care 

physicians treating patients with type 2 diabetes.  For a primary care physician typically 

6% of their patient panel consists of patients with type 2 diabetes, and only 37% of these 

patients disease is controlled (Murray and Tantau 2000; Krein, Hofer et al. 2002; Murray, 

Bodenheimer et al. 2003; Yarnall, Pollak et al. 2003; Ostbye, Yarnall et al. 2005).  The 

typical primary care physician has 4 visits with a type 2 diabetes patients as opposed to 3 

visits with a non-chronically ill patient (Welch, Chapko et al. 1999).  In the context of 

patient care, a primary care physician’s visits with a type 2 diabetes patients is a low-base 

rate task. 
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 The next chapter describes the methodology that is used in this dissertation to 

examine how some decision agents succeed and why others fail to achieve goals when 

performing the task of treating patients with type 2 diabetes. 
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3.  Methodology 

3.1  Introduction 

This chapter sets forth the methodology that is used in the dissertation to develop and 

test an information processing theory for the treatment of patients with type 2 diabetes.  

Central to the methodology employed in this dissertation is the use of Marr’s framework 

for studying an information processing problem.  This framework specifies that a 

problem be studied at three hierarchical levels, which from highest level to lowest level 

are (Marr 1982; Mitchell 2006): (1) computation, (2) algorithm, and (3) implementation.   

The computation level entails performing a functional (task) analysis that identifies 

what information problem the agent has to solve and why the identified strategy for 

solving the problem is feasible.  The task analysis results in a specification of a 

computational theory, also referred to as an information-processing theory.  The 

algorithm level analysis is a determination of how the computational theory is 

accomplished, that is, the algorithm for solving the problem.  The implementation level 

analysis is a specification of the “hardware” that implements the algorithm for solving the 

problem.  The implementation level is of importance because this is where constraints are 

identified which affect higher levels in the framework (Mitchell 2006). 

This methodology is applied to develop and test a theory (represented as 

computational models) which is used to explain success and failure to attain a clinical 

goal.  Two forms of the computational model were developed, one using a feedback 

decision strategy and the other using feedforward decision strategy.  Models are 

developed for the treatment of type 2 diabetes to achieve an evidence-based blood 

glucose, blood pressure, and lipid goals.  These models are tested on simulated patients to 

determine if the models can bring patients to goals.  

The models were then examined to identify potential anomalies in computations that 

could explain how and why some decision agents fail to achieve blood glucose goals.  

Determining failure of humans to perform a task in an idealized manner requires 
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determining what constitutes failure.  In the context of this research failures were 

identified by errors in treatments rendered.  Human subjects’ data from an experiment 

were analyzed and task analyses performed of experimental cases, from these analyses 

errors were defined and subjects were scored for errors.   

The human subjects’ data were divided into a modeling set and a hold-out set.  Using 

the modeling set, the theory represented in the computational models was then used as 

the basis for defining models of human decision agents treating diabetes.  The models of 

human decision agents were created by developing perturbations in computational model 

processes that could generate errors that were observed in the subjects’ data.  Using the 

hold-out set, perturbations were tested as a source of errors within the models.  Results of 

the tests were assessed by measuring agreement between error patterns generated by the 

models and those created by the subjects. 

The methodology used in this research is divided into four parts.  The first part 

consists of theorizing and developing computational models of feedback and feedforward 

decision making strategies.  These decision models represent strategies that idealized 

physicians use to treat patients with type 2 diabetes.  The second part addresses testing 

the computational models to determine if the models can successfully treat patients to 

achieve blood glucose goal.  The third part addresses defining and measuring errors in 

performance observed in a simulation experiment, that is, errors in treating patients with 

type 2 diabetes.  The fourth part consists of examining processes and hypothesizing 

perturbations within the computational model (that is, idealized treatments) to develop 

and to test models of primary care physicians who treated patients from a simulation 

experiment.  

This chapter is organized so that each part of the methodology is described in more 

detail in the sequence specified above. 
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3.2  Developing an Information-Processing Theory 

The procedure described in this section presents the steps that were followed to 

develop an information processing theory to explain how patients with type 2 diabetes are 

treated to attain an evidence-based blood glucose goal.  The theory, represented as a 

computational model, is specified in a form where it treats patients in the same manner 

that an idealized physician would treat the patients. 

Procedure: 
 

A task analysis was performed for the task of treating type 2 diabetes to reach an 

evidence-based goal.  The analysis was performed from the perspective of a primary care 

physician being tasked with bringing a patient to a blood glucose goal. The knowledge 

base for the task was obtained from guidelines for treating type 2 diabetes and from 

primary care physicians who are expert in treating type 2 diabetes. 

A process control framework was adapted for the problem of controlling blood 

glucose in patients with type 2 diabetes.  This framework provided the basis for 

developing a theory of treating type 2 diabetes.  Separate models were developed for 

feedback and feedforward decision strategies. 

The theory, which consists of representations and processes that operate on the 

representations to compute actions for attaining goal, was expressed in the form of two 

computational models.  One model was based on a feedback decision making strategy 

(referred to as a feedback model) and the other based on a feedforward decision making 

strategy (referred to as a feedforward model). 

The models were implemented as computer programs that could be run for testing 

purposes. 
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3.3  Testing the Computational Models 

The procedure presented in this section states how the models were used to test the 

theory on simulated patient cases.  Models were given the goal of bringing patients to the 

A1c goal of 7% by the end of one year of treatment.   

This study examined the actions taken by the models when treating patients from the 

Simcare experiment as compared to actions specified in associated task analyses of the 

cases used in that experiment.  The methodology used in this study for assessing model 

actions was an adaptation of a methodology used by Johnson et al. (2001) for testing 

computational models for fraud detection.  A more detailed the design of experiment is 

presented in the chapter where the experiment is reported.  The procedures used for this 

study are given below. 

Procedure:  
 
Testing the Models on Simulated Patients from the Simcare Experiment 
 

A task analysis was performed of the 3 simulated patient cases from the Simcare 

experiment.  In the task analysis actions were identified that a decision agent (e.g., 

primary care physician) should take based on information available during a given visit.  

Each patient case was analyzed separately. 

Cues and expected actions were identified for each patient case.  Cues were divided 

into those present on the initial visit and those that could be encountered during the 

course of treatment.   Expected actions were identified with respect to medical practices 

for treating type 2 diabetes as stated in medical literature and clinical guidelines.  The 

type 2 diabetes guidelines referenced were the second edition of Staged Diabetes 

Management (2005), and guidelines published by Institute for Clinical Systems 

Improvement (2009) and American Diabetes Associations (2009).   

Feedback and feedforward models treated each of the simulated Simcare patient cases 

to generate process traces.  These process traces were examined to determine the actions 
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taken by the model.  Process traces were also examined to identify expected actions that 

were not taken, or actions taken that were not expected.  Computations made by each 

model on each visit were analyzed.  These results were summarized for each patient case. 

Patient state outcomes for blood glucose at the end of treatment were used to 

determine if evidence-based goals had been reached.  Treatments and outcomes were 

summarized for feedback and feedforward models separately.  Final systolic blood 

pressure and LDL values were also stated in the summary. 

 

3.4  Defining and Identifying Errors in Performance 

Procedures presented in this section describe the process used to define and identify 

errors committed by the subjects to be explained from the Simcare experiment.  Errors 

were defined as a means for identifying behavior that departed from idealized behavior 

(as defined by the theory and models) in treating patients with type 2 diabetes.  

Identifying where a decision agent’s actions deviate from idealized behavior is required 

in order to know which model processes to investigate as sources of perturbations that 

generate observed errors.  Actions that are taken that are not consistent with those 

specified by the theory and models are candidates for errors, and actions that are not 

taken but according to theory and models should be taken are also candidates for errors. 

The dataset used to identify the errors committed by the physician subjects in the 

Simcare experiment consisted of process traces that these subjects generated when 

treating the three simulated cases.  Each physician subject treated each of the Simcare 

cases.  Actions taken by each physician on each visit with each simulated patient. Were 

recorded (thereby capturing actions taken, information sought, and patient state changes 

resulting from previous actions).  The following procedure was used to define errors in 

the Simcare experiment. 
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Procedure:  
 

Data from the Simcare experiment were examined for each physician performing 

each case.  The primary outcome data was the final A1c each physician achieved with 

each patient.  The process data consists of each physician’s treatment, information 

seeking, and scheduling moves.   

Categories of cues present in cases were defined.  Omissions of identified actions 

associated with the categories of cues were compared with actions identified in medical 

practice guidelines for the treatment of patients with type 2 diabetes (as specified above) 

Violations of expected actions were defined as errors. 

Process traces of the 19 physicians treating the three cases were examined to identify 

errors from this set that had been committed.  Each visit for each physician on each 

patient case was evaluated for errors. 

Based on the analysis of the human subjects’ data two types of errors were defined: 

(1) errors of omission - actions should have been performed but were not, and (2) errors 

of commission– actions taken that could endanger a patient’s safety.   

 

3.5  Developing and Testing Models of Physicians 

The procedure presented in this section specifies how human subjects’ data on the 

Simcare experimental task was modeled using the computational models representing the 

information processing theory developed for this research.  The computational models 

(referred to here as competence models) and the errors identified in the physicians’ 

process traces were used to develop performance models of each physician’s decision 

making behavior when treating each Simcare patient case. 
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Procedure: 
 

Process traces for each physician’s actions were also examined and scored for 

whether the physician used a feedback or a feedforward strategy when performing a 

given case.  Each physician’s decision strategy used to treat each patient case was then 

used to identify the computational model that would be needed to model their behavior 

on each patient case. 

The 19 physicians from the Simcare experiment were divided into two groups—a 

modeling set and a hold-out set— for modeling and testing purposes.  The modeling set 

was drawn as a stratified sample in which the best and worst performing instances of 

each strategy was identified for each case, plus for each strategy a randomly selected 

instance was drawn for each case.  The criteria for deciding best was fewest types of 

errors committed, if there was a tie between physicians then lowest final A1c was used to 

decided which physician had the best outcome for the given strategy.  The criteria for 

deciding worst was most unique types of errors committed, if there was a tie between 

physicians then highest final A1c was used to decide which physician had the worst 

outcome for the given strategy.   

Criteria for comparing outcomes of physician traces with traces from a physician’s 

performance model were developed to assess how well the performance model for each 

physician explained that physician’s behavior and treatment outcomes.  The basis for 

comparing physician model behavior was the correspondence in errors generated at 

similar points in time during the course of treating each patient case.  

The scored errors for each physician in the modeling set were then used to define and 

refine process perturbations (bugs) in the competence model that would be used to create 

performance versions of this model corresponding to each physician’s process trace.  

From the bug-error associations a mapping was created to determine the perturbations 

(bugs) to be activated when comparing models with the errors committed by physicians 

in the hold-out set.   
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3.6  Summary 

This chapter has presented the methodology used in the dissertation to develop and 

test a theory for explaining how a specific type of decision agent succeeds and fails to 

obtain goals on a particular experimental task. 

The next chapter presents a task analysis for the treatment of patients with type 2 

diabetes it then develops a theory of decision making for successfully treating diabetes 

patients, and develops computational models which are used to represent the theory. 
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4.  Computational Models for Treating Type 2 Diabetes: An 

Information-Processing Theory for Explaining Success 

 

This chapter describes computational models of decision making strategies for the 

treatment of patients with a specific chronic illness, namely type 2 diabetes.  The models 

are a representation of an information-processing theory intended to explain decision 

strategies for successfully treating such patients.  

According to Anderson (1993) cognitive psychology attempts to explain human 

cognition at three levels: (1) frameworks, (2) theories, and (3) models.   At the highest 

level, frameworks define constructs for the major dimensions of cognition.  Frameworks 

are useful for conceptualizing general claims, but are not sufficient for making 

predictions.  At the intermediate level are theories, which are frameworks that have been 

elaborated with assumptions to support predictions with respect to specific behavior and 

tasks.  At the lowest level are models, which relate theories to specific contexts. 

In the physical sciences theories are predominately nomological.  Nomological 

theories, also referred to as deductive-nomological, are expressed in terms of laws and 

boundary conditions, from which predictions can be deduced (Goh 1970; VanLehn 

1990).  It is the relationship between the regularity of laws and the constraints of 

boundary conditions that support making deductive predictions (Haugeland 1978).  

Within a deductive-nomological theory there is no specified order in which laws must be 

satisfied in order to make a prediction, that is, there is no specification of process (Goh 

1970; Haugeland 1978).   

However some theories, say for explaining some mechanical system, require 

“specification of a complexly organized pattern of interdependent interactions” 

(Haugeland 1978, p216).  This organization of cooperative interactions is referred to as a 

systematic theory (Haugeland 1978).   
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In cognitive psychology most theories are systematic (VanLehn 1990).  A systematic 

theory is composed of processes and representation, and yields behavior that can be 

tested against the behavior generated by human beings in specific tasks.  Testable 

behavior is in the form of concrete predictions which are generated by running the 

processes on representations.  Additionally systematic theories typically claim that 

processes used to derive predictions mirror such agents cognition, such as short-term and 

long-term memory (Kanwisher 2006).  Systematic theories in cognitive psychology make 

claims about the cognitive machinery (e.g., cognitive programs) needed to carry out 

processes (Cosmides and Tooby 1994). 

A generative theory, like a systematic theory, is composed of processes and 

representation, and yields behavior that can be tested against human behavior.  But, 

generative theories do not necessarily make claims about cognitive processes, instead 

these theories claim that predictions are derived by running the processes on the 

representations.   These processes when presented with the same information and context 

as humans derive predictions of behavior from processes that are at a level of abstraction 

above the level of cognitive machinery (Gunderson 1985; VanLehn 1990). 

In this chapter a framework is selected that describes making decisions in the 

dynamic environment of treating patients with a specific type of chronic illness.  This 

dissertation builds on the control theory perspective developed by Brehmer (1990) for 

making decisions in dynamic environments.  This theory is then instantiated in generative 

models for the specific task of treating patients with type 2 diabetes.  

The chapter is organized in the following manner.  First, a task analysis is provided 

for the problem of treating patients with type 2 diabetes.  Second, process control is 

introduced as a framework for describing decision making in dynamic environments.  

Third, a theory for treating type 2 diabetes is proposed based on this process control 

framework.  Fourth, the process control framework is adapted for modeling the treatment 

of type 2 diabetes.  Finally, processes and representations within the generative theory are 

summarized as computational models. 
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4.1  Task Analysis 

To explain why some decision agents succeed in achieving goals in dynamic 

environments while others fail requires understanding the problem to be solved.  Marr 

(1977) suggested that to understand an information processing problem requires first 

developing a solution to the problem at an abstract level.  This formulation at an abstract 

level is a specification of what is computed to solve the problem and an explanation of 

why particular informational elements are computed (and not others) when the solving 

the problem.  To arrive at this abstract characterization requires an analysis of the task. 

This section presents a task analysis for the problem of treating a patient with type 2 

diabetes.  A task analysis is a study of what a decision agent is required to do to achieve a 

specific goal or task of interest (Kirwan and Ainsworth 1991).  In this case the goal is to 

treat a patient with type 2 diabetes to achieve patient state goals for blood glucose, blood 

pressure, and lipid levels.  The task analysis in this instance uses knowledge from clinical 

guidelines, physicians expert in treating type 2 diabetes, and literature in the areas of 

decision making and medicine. 

This task analysis conducted here draws on the cognitive work analysis framework 

from Vicente (1999).  The framework is composed of two parts, a work domain analysis 

and a control task analysis.  A work domain analysis is a statement of the environment of 

the task to be performed; specifically it sets forth goals and constraints associated with 

the task in a given environment.  The control task analysis is an identification of what 

needs to be done independent of how it is done.  

The control task analysis defines: (1) what information is required from the work 

domain, (2) what needs to be done to accomplish the task, and (3) what outputs are 

achieved for actions taken within the constraints of allowed actions.  Figure 1 below 

shows the relationship between the work domain analysis, which is a specification of a 

patient with type 2 diabetes, and the control task analysis.  Both components of the task 

analysis constitute the clinical environment of interest. 
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Figure 1: Relation between control tasks and treating a patient with type 2 diabetes. 

The model of the patient, clinical environment, and control tasks are described below. 

4.1.1 Patients with Type 2 Diabetes – Real and Simu lated 

The context examined in this research is physicians treating patients with type 2 

diabetes in an outpatient clinical setting.  The following is a description of a type 2 

diabetes patient, how they are treated in the real world, and how they can be represented 

in a simulated world. 

Type 2 diabetes is a complex of interrelated diseases.  The diseases of interest in this 

research are: hyperglycemia, which is an elevated blood glucose level; hypertension, 

which is an elevated blood pressure level; and dyslipidemia, which are elevated lipid 

levels (Mazze, Strock et al. 2004). The three diseases are interrelated; treating these 

patients to achieve goals is a complex task.  Type 2 diabetes is a chronic disease that is 

controlled rather than cured (Tamborlane and Ahern 1997).  As a result treatment for 

diabetes patients has to be provided on an ongoing basis (patients are never cured). 

Diabetes affects interrelated physiological systems within patients, which in turn 

affect and are affected by patient behavior and psychosocial status. A patient’s behavior 
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can be characterized as lifestyle choices, such as diet and exercise, which affect overall 

health.  Psychosocial status is characterized as those items that affect a patient’s state of 

mind which in turn affect whether the patient will follow treatments prescribed by her 

physician (this is the issue of adherence).  In terms of physiological systems, blood 

glucose, blood pressure, and lipid levels co-vary.  That is, patients with worse blood 

glucose levels tend to be the patients with worse blood pressure and lipid levels. 

The diabetic patient can be modeled with dynamic features that represent specific 

aspects of real patients.  Such features can be divided into three categories: physiological, 

psychosocial, and behavioral.  Each category of features is composed of patient attributes 

that can be measured as patient states.   

The psychosocial category has patient states that represent a patient’s adherence to 

treatment regimens, level of patient depression, history of depression, and level of stress.  

The behavioral category has patient states that represent type of diet followed by the 

patient, amount of exercise, and whether the patient smokes. The physiological category 

is more complex than the other categories, and is composed of patient states that 

represent blood glucose level (glycated hemoglobin, A1c; and self-monitoring blood 

glucose, SMBG), blood pressure (systolic pressure), lipids (low-density lipoprotein, 

LDL; high-density lipoprotein, HDL; triglycerides), the presence or absence of 

medication allergies (creatinine, sulfonylurea allergies), height, and weight.  This 

truncated set of patient attributes were identified in previous research as a basis as for 

modeling the clinical aspects of a type 2 diabetes patient (Dutta, Biltz et al. 2005). 

Physical states are changed by medications.  Blood glucose medications, which are in 

the form of oral agents and insulin, reduce A1c and SMBG values.  Blood pressure 

medications reduce systolic blood pressure.  Lipid medications reduce LDL and 

triglycerides, and raise HDL levels.  The psychosocial states of adherence and depression 

are affected by medications (e.g., Zoloft) and by counseling from healthcare professionals 

(nurse educator and psychologist). 
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Medications have maximum clinically effective doses, which is the dosage that 

achieves the maximum change in patient state.  Doses greater than the maximum 

clinically effective dose do not provide additional benefits in changing patient state, and 

can in some cases decrease the achievable effect of the given medication (Riddle 2000; 

Garber, Donovan et al. 2003).  The clinically effective dose is a constraint on the amount 

of patient state change a medication can achieve. 

Patients can experience side effects from medications that are taken.  Side effects 

typically occur when doses of medication are increased too quickly not allowing the 

patient to become accustomed to effects of medications.  The need to gradually increase 

medication doses creates a constraint on how fast patient states can be changed. 

4.1.2 Clinical Environment 

In the real world patients are treated by physicians in a number of possible settings.  

Clinics are the setting of interest in this research. In these settings physicians see patients, 

assess patients’ conditions, and provide treatments to control the patients’ diseases.  

Physicians assess a patient’s physiologic systems by measuring patient states.  The 

important features of a clinic visit is it provides opportunities for physicians to set goals 

for a patient’s treatments, measure patient states, make decisions about actions to take 

and then take those actions with the patient.   

In this research the clinical environment is represented as a simulated clinic, where 

the treating physician has access to the patient through an electronic medical record-like 

interface.  In this simulated clinic some constraints present in real clinics have been 

modified, for example there are no organizational constraints on how often patients may 

be seen by a physician and the number of medications available for treatments are fewer 

than those that are typically available in real clinics.  Physicians obtain information on 

patient states by ordering tests and prescribe medications in fixed doses to affect patient 

states. 
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Because the patient model is dynamic, a group of physicians each treating a patient 

with the same initial conditions will get different results if different actions are taken in 

terms of treatments and the timing of when those treatment actions are taken.  The 

dynamic aspects of the patient model result in trajectories of actions and the effect of 

these actions on the next states of the patient (Dutta, Biltz et al. 2005). 

Evidence-based goals for blood glucose are A1c values equal to or less than 7% and 

average SMBG values in the range of 90 mg/dL to 130 mg/dL.  For blood pressure the 

goal is a systolic level of 130 mmHg or lower.  For lipids the goal is an LDL levels of 

100 mg/dL or lower (Mazze, Strock et al. 2007). 

Medications for affecting physical states (e.g., A1c) are divided into classes.  Each 

class of medication moves patient states toward goal.  Amounts of medication that the 

patient can be given are constrained by tablet sizes.  When prescribed doses of oral agents 

are increased they can only be increased in tablet size increments.  An additional 

constraint is the maximum amount that can be given of a single medication, where this 

amount is defined as the maximum amount that can safely be prescribed to a typical 

diabetes patient.  

There are four classes of medications that can affect blood glucose (represented by 

A1c and SMBG) patient states.  The four blood glucose classes are biguanides, 

sulfonylureas, thiazolidinediones (hereafter referred to as TZD), and insulin.  Listed 

below are the medications that reduce blood glucose states within the simulated patient 

emphasized in the present research. 

� Biguanide: metformin 

� Sulfonylurea: glipizide, glyburide 

� TZD: rosiglitazone, pioglitazone 

� Insulin: rapid-, long-acting 
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There are two classes of medications that affect lipids (represented by LDL, HDL, 

triglycerides) patient states.  The two lipid classes are fibrates and statins.  Listed below 

are medications that affect lipid states within the simulated patient. 

� Statins: simvastatin, atorvastatin 

� Fibrates: gemfibrazol, fenofibrate 

 
There are four classes of medications that reduce blood pressure (represented by 

systolic pressure) patient state.  The four classes are angiotensin converting enzymes 

(ACE) inhibitors, calcium channel blockers, beta blockers, and diuretics.  Listed below 

are medications that reduce systolic blood pressure states within the simulated patient. 

� ACE inhibitor: lisinopril 

� Calcium channel blockers: diltiazem, amlodipine 

� Beta blocker: atenolol 

� Diuretic: hydrochlorothiazide (HCTZ) 

 

Medications affect patient states over a course of time, thus creating a source for 

delay of feedback (Guven, Kuenzi et al. 2005).  Each class of medication has an 

associated time-dependent function describing percent of total effect a dose has on the 

affected patient state.  The time-dependent function of medication dose effects is 

represented by a dose response curve (Gabrielsson, Jusko et al. 2000).  This delay in 

patient response to medications creates a constraint on being able to know the true state 

of the patient.   

Some patient state values indicate (i.e., contraindicate3) that some medications are not 

to be prescribed to the patient because these medications can cause harm to the patient.  

Specifically when creatinine levels are at 1.5 mg/dL or higher metformin is not be used 

because it can further raise creatinine levels and impair renal function, and when 

                                                 
3 A contraindication is the existence of a symptom or condition which makes the use of a medication 
inadvisable. Merriam-Webster (2003). Collegiate Dictionary. F. Mish. Springfield, Merriam-Webster Inc. 
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sulfonylurea allergies are present glipizide or glyburide are not to be used because the 

patient is allergic to these medications (Mazze, Strock et al. 2007; Institute for Clinical 

System Improvement 2009).  The presence of contraindications creates a constraint on 

medications that can be used to reduce blood glucose levels. 

Blood glucose, lipid, and blood pressure patient state values can also be lowered by a 

treatment that is known as medical nutrition therapy (MNT).  MNT is where the patient 

adheres to a low fat, high fiber, and low sodium diet, along with exercise.  The use of a 

diet and exercise reduces the patient’s weight which in turn reduces blood glucose and 

blood pressure levels (Barranco 1998). 

This description of the patient is a specification of the work domain to be controlled.  

The next section presents a control task analysis for meeting the goals of the specified 

work domain. 

4.1.3 Control Task Analysis 

The control task analysis is a specification of what has to be done to treat a type 2 

diabetes patient within the constraints of the simulated patient environment.  

Treating patients with type 2 diabetes is divided into four phases (Mazze, Strock et al. 

2004): (1) initial patient assessment, (2) initiation of treatment, (3) adjusting treatments to 

progressively reach goal, and (4) maintenance of goal.  The specifics of what is required 

in each phase are described below. 

Initial Patient Assessment Phase 

This phase of treatment deals with determining whether the patient is at patient state 

goals for blood glucose, blood pressure, and lipids.  The decision agent starts the 

assessment phase with knowledge of specific evidence-based goals.  Patient state 

attributes can be measured to determine if the patient is at goal.  The decision agent 

computes patient specific goals based on evidence-based goals and individual patient 

characteristics, such as comorbidities and psychosocial factors (Strecher, Seijts et al. 
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1995; Wolpert and Anderson 2001; Bodenheimer, Wagner et al. 2002; Heisler, Vijan et 

al. 2003).  Values of the attributes described in the work domain analysis are measured to 

assess the patient’s current state.  A1c, SMBG, lipids (HDL, LDL, triglycerides), and 

creatinine are assessed by laboratory blood tests.  Height, weight, and systolic pressure 

are assessed by measurements made during office visits.  While each patient state 

attribute provides information to the decision agent on the patient’s state, groupings of 

patient state values over the course of time form patterns that provide information beyond 

that provided by individual attributes (Day and Lord 1992; Stangor, Lynch et al. 1992).  

Decision agents can recognize and categorize patients by such patterns.  These categories 

are referred to as patient types (O'Connor 2002). 

The number of patient types is finite and relatively small compared to the number of 

different patients treated by a decision agent.  Patient types are ways of reducing problem 

solving complexity by limiting knowledge and scope of actions required to similarly treat 

patients of a given type (Johnson, Veazie et al. 2002; O'Connor 2002).  For example, if 

100 patients belong to 3 types then if patients of the same type are treated similarly the 

range of knowledge required to treat patients is reduced from 100 treatments to 3 kinds of 

treatments. 

Blood glucose levels can be measured using SMBG and A1c tests (Blonde, Dey et al. 

1999).  The SMBG values are point in time measures of blood glucose, as a result these 

values are volatile in nature and can change quickly depending on the patient’s eating and 

lifestyle habits (Saudek, Kalyani et al. 2005).  Because SMBG values are subject to 

change rapidly this constitutes a constraint on the assessment of the true blood glucose 

state of the patient.  A1c values are a moving average of SMBG values over a 3-month 

period of time, that is, this is a measure of the area under the curve for SMBG values 

across 3-months. A1c values are a more stable measure of blood glucose levels since 

spikes and drops in SMBG values are averaged out (Saudek, Derr et al. 2006).  But, 

because this is an average value, it introduces a constraint on being able to assess the 

current state of the patient’s blood glucose state. 
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Blood pressure (systolic), which can be measured by an in the office test, is also a 

volatile measure creating a constraint on determining that a patient is not at blood 

pressure goal. 

Without ordering tests it is not possible to know the state of the patient’s A1c, 

SMBG, and lipid levels.  As part of the initial assessment the patient’s creatinine level 

should be measured.  Creatinine is a contraindication for a certain type of blood glucose 

treatment (metformin).  The results of this test can constrain the choice of medications 

available for use with the patient during later phases of treatment. 

At the completion of the initial patient assessment phase patient state goals can be 

established.  Additionally, it should be determined which if any patient states are above 

goal, if a creatinine contraindication exists, and which type the patient has been 

categorized as belonging to. 

Initiation of Treatment Phase 

For patients not at goal the decision agent needs to initiate treatment to bring the 

patient to goal.  There are a finite set of available treatments from which the decision 

agent can choose.  The four possible types of treatments for the patient are: (1) medical 

nutrition therapy, (2) oral medication therapy, (3) insulin therapy, and (4) referrals to 

other healthcare professionals. 

The decision agent enters this phase with knowledge of which patient states and 

values constitute contraindications for the use of specific medications.  The decision 

agent also has knowledge of threshold levels for blood glucose values above which 

medical nutrition therapy and oral medications without insulin are insufficient for 

reaching goal. 

Medical nutrition therapy starts the patient on a diet that reduces blood glucose levels 

and systolic blood pressure.  Included in medication nutrition therapy is a referral to a 

nurse educator to teach the patient about self-care practices which can raise a patient’s 
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adherence to medication regimens.  Once medical nutrition therapy has been started with 

a patient it continues unless it is stopped by the decision agent. 

Oral medications can reduce blood glucose, blood pressure, and lipids (with the 

exception of HDL levels, which are raised) patient state values.  There is a defined set of 

medications that are specified in a sequential ordering for use.  The medication set is 

divided into classes of medications.  Each class of medication operates by affecting a 

specific biological system within the patient.  A constraint often imposed on treating the 

patient is that only one medication from a given class should be used with the patient at a 

given time (Guven, Kuenzi et al. 2005; Mazze, Strock et al. 2007).  In the environment 

reported in the current research the decision agent is not constrained to starting one 

medication for treating blood glucose, blood pressure, or lipids on a given visit with the 

patient, that is, the decision agent is free to simultaneously start medications for treating 

blood glucose, blood pressure, and lipids on any given visit. 

Insulin therapy is composed of long-acting and short-acting insulins (Mazze, Strock 

et al. 2007; American Diabetes Association 2008; Institute for Clinical System 

Improvement 2009).  During the initiation of treatment phase the decision agent can 

initiate insulin therapy for patients that cannot be brought to blood glucose goal with oral 

medications alone.  The decision agent should identify those patients with 

contraindications for some oral medications for whom insulin therapy is the only way for 

the patient to be brought to goal, by using insulin to treat these patients goals can be 

achieved without harming the patient. 

Referrals to healthcare professionals (nurse educators and psychologists) are a form 

of therapy that indirectly affects patient states by improving adherence to medication 

treatments (Mazze, Strock et al. 2007).  The decision agent can identify patients that are 

in need of interventions from these healthcare professionals either to educate the patient 

or to treat adherence issues (such as depression). 
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At the completion of the initiation of treatment phase a treatment or treatments are 

selected and started with the patient.  As a last step in this phase the decision agent needs 

to specify a next visit and order patient state tests to be performed before the next visit in 

order to assess the patient’s progress toward goal.  Progress toward goal can be measured 

as the absolute change in patient state variables or as a rate specified as an absolute 

change in patient state variable per unit time (for example, per month).  

Adjusting Treatments to Progressively Reach Goal 

After medication therapy has been initiated the decision agent reassesses the patient’s 

state on a next visit to determine whether goal has been reached and if not adjusts 

medication doses to move the patient further towards goal.  Adjusting medications 

typically is a matter of increasing doses of medications, but in some cases if patient’s 

state values decrease to dangerously low levels (hypoglycemia) then doses of 

medications have to be reduced to bring the patient back to goal.   

The decision agent can have knowledge of rates of progress toward goals that are 

achievable with the medications available in the medication set (typically referred to as a 

formulary).  In addition the decision agent can have knowledge of expected amounts of 

change in patient states that can be achieved with the various classes of medications.  

Some properties of the medications that create constraints are the following (DeFronzo 

1999; Inzucchi 2002): (1) there are delays in medications after they are first administered 

before having full effect on patient state variables, and (2) all patients do not respond in 

the same manner to medications, hence equal doses of a medication given to different 

patients may have different effects on patient state values.  These constraints can create 

uncertainty for the decision agent when determining effects of increased doses of 

medications. 

The decision agent needs to use tests for patient state measures that should have been 

ordered on the last visit for purposes of reassessing the patient’s state.  The results of 

these tests are used to determine if goal states have been reached.  The decision agent 

should increase medication doses if it is determined that goal has not been reached, thus 
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moving the patient closer to goal.  Some constraints exist for how medications doses can 

be increased. 

Oral medications within the medication set are available in fixed tablet sizes, which 

creates a constraint on amounts of medications that can be given to patients.  Additionally 

there is a constraint on the maximum dose for each medication that can be safely 

prescribed to the patient.  The decision agent can make decisions to increase medication 

doses in tablet size increments until goal is reached.  This process of increasing doses is 

used for two reasons (Scarpello 2001): (1) the exact dose needed to reach goal is not 

known in advance since each patient has a slightly different physiological response to a 

medication, and (2) patients need time to become accustomed to increased amounts of 

medication to minimize side effects.  During the process of increasing dose amounts the 

decision agent monitors patient state values for possible contraindicated medications, if a 

contraindication is detected then the associated medication should be stopped and 

replaced with the next medication in the medication set (Mazze, Strock et al. 2007; 

Institute for Clinical System Improvement 2009). 

The decision agent needs to start insulin if all oral medications for blood glucose have 

been given at maximum dose and the patient has not reached goal.  The two types of 

insulin available to the patient are long-acting and short acting.  The decision agent 

prescribes an initial amount of insulin based on a patient’s weight.  Long-acting insulin is 

given at bedtime to reduce the average SMBG values and short-acting insulin is given at 

mealtime to reduce intraday spikes in SMBG values (Pearson and Powers 2006).  The 

decision agent should monitor SMBG values to make certain that insulin does not cause 

SMBG values to drop to dangerously low states (SMBG < 60mg/dL) (Mazze, Strock et 

al. 2007).  After insulin has been started on next visits the decision agent should reassess 

the patient’s blood glucose state.  If goal has not been reached then doses of insulin are 

increased. 

After the decision agent has prescribed medications a next visit is scheduled and tests 

are ordered to support decision making at the next visit.  In specifying the next visit the 
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decision agent must allow enough time to pass so that: (1) the patient can become 

accustomed to doses of medications given and (2) patient state variables have enough 

time to change so that the rate of progress toward goal can be evaluated. 

The time between visits is a variable that is determined by the task environment and 

whether a time goal has been imposed for bringing the patient to goal.  Time goals 

impose constraints on the decision agent for how often visits, and hence opportunities for 

medication increases, need to occur.  Time to goal can be specified in three ways: (1) no 

set time criteria other than progress towards goal should be made on each visit, (2) the 

patient should to be brought to goal as soon as possible, this is based on the premise that 

minimizing the time patient states are above goal is healthier for patients, here the rate 

limiting factor should be what the patient can tolerate (Scarpello 2001; Mazze, Strock et 

al. 2004), and (3) patients, regardless of initial state, should be brought to goal within a 

specified period of time, say one year (Institute for Clinical System Improvement 2009). 

The decision agent repeats the process of scheduling visits, checking patient states, 

and increasing medication doses until goal is reached.  Once goal is reached this phase is 

complete and the decision agent and patient enter the maintenance of goal phase of 

treatment. 

Maintenance of Goal 

This phase of treatment deals with keeping patients that have reached goal at goal.  

The decision agent should schedule visits with the patient and orders tests to assess 

patient state to determine if the patient is still at goal.  The decision agent should establish 

threshold values for patient state values such that, if patient state values rise above the 

threshold then medication doses should be increased to return the patient to goal.  The 

threshold should be set at a level that is higher than the goal to give patients the 

opportunity to self-correct any (typically lifestyle) issues that caused their patient state 

values to rise above goal. 
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Because type 2 diabetes is a chronic disease, that is it is treated but not cured, the 

process of treating the patient repeats in a cycle. The cyclical nature of progressively 

increasing medication doses as described in the task analysis provides a basis for 

specifying the task of treating a patient with type 2 diabetes as a process control problem.  

In the next section a process control framework is presented that will subsequently be 

used to develop a process model for treating patients with type 2 diabetes. 

4.2  Process Control as a Framework for Decision Making 

Achieving a goal in a system that is in a dynamic environment requires making 

multiple decisions (Edwards 1962; Brehmer 1990).  After each decision is made an 

opportunity for receiving feedback on changes in the system exists.  Such feedback can 

be used in making future decisions.  In the current research the cyclical nature of making 

decisions and receiving feedback is modeled as a process control loop, where the decision 

maker and the system being controlled form the loop (Sterman 1989a; Brehmer 1990; 

Sterman 2000).  Other researchers, such as Bainbridge (1981), Broadbent, Fitzgerald, et 

al. (1986), and Brehmer (1990) have also used process control frameworks for 

conceptualizing human decision making processes in dynamic environments. 

Conant and Ashby (1970) established that for a regulator (decision maker) to control 

a system it needs a model of the system.  This is known as the model principle.  The 

internal model control (IMC) framework is a representation of a control structure with an 

internal model of a controlled process which is suitable for designing and analyzing 

process control systems (Garcia and Morari 1982).  A form of this control framework is 

presented in Figure 2 below. 
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Figure 2: Internal model control framework for controlling a system (Ungar, 
Hartmann et al. 1996). 

The control framework in Figure 1 is composed of processes, comparison operations, 

and information flows that are represented by boxes, circles, and arrows, respectively.  

The inputs to the system are a goal state that the system is to achieve and the current state 

of the system, Yt, at time t.  The output of the system, Yt+1, is the measured state of the 

system at time t+1.  The inverse model of the system is a set of processes that for a given 

state of the system computes control actions, Ut, to move the system toward goal.  The 

model of the system is a representation of essential elements of the system being 

controlled and the estimated effects control actions will have on these elements for a 

current state of the system.  The comparison operation, labeled Error in Figure 1, 

computes the difference between the measured state of the system Yt+1 and the estimated 

system output Y* t+1.  This error is a measure of the discrepancy between measured system 

state and estimated system state, where errors occur because the system is not responding 

to control actions or because of inaccuracies in the model of the system, or both.  The 

operation that compares the Error with the Goal computes an “adjusted” goal for the 

system to achieve (Ungar, Hartmann et al. 1996). 

This closed loop system operates in the following manner.  First, the inverse model is 

presented with a current state, Yt, of the system that is being controlled along with a goal 

state.  If the current state is not at goal then a control action is computed. The inverse 
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model4 computes the control action using a function that maps system states to actions 

needed to move the system toward goal.  The computed action is taken on the system and 

that information, along with the current state of the system, are presented to the model of 

the system.  The model of the system computes estimated effects the action will have on 

the system, and then computes, Y*
t+1, the estimated system output.  The system responds 

to actions taken and this response is measured as Yt+1.  Then the measured system state 

and the estimated system state are compared, the difference between these forms an error 

signal.  The error signal is then subtracted from the goal yielding an “adjusted” goal and 

the process repeats.   

The purpose in computing an adjusted goal is to enable the inverse model to compute 

“stronger” control actions that will move the system toward goal when less than expected 

results are obtained by the last action, or to compute “weaker” control actions when more 

than expected results are obtained (Francis and Wonham 1975; Garcia and Morari 1982; 

Ungar, Hartmann et al. 1996). 

This control framework is used as the basis for positing a theory for how a decision 

agent (physician) gains control of a system (patient) to achieve a goal when the control 

actions that can be taken (1) have delayed effects and (2) result in delayed feedback of 

effects. This theory is domain-specific for the treatment of blood glucose in patients with 

type 2 diabetes.  The next section presents the theory for treating patients with type 2 

diabetes.   

4.3  A Theory for Treating Type 2 Diabetes 
 

Two constraints on receiving feedback that a decision agent must overcome when 

treating type 2 diabetes to control blood glucose levels are: (1) consequences of actions 

                                                 
4 The inverse model is considered an “inverse” problem because the ordering of reasoning is reversed; 
instead of reasoning from case to effect it is inverted to be effect (current state) to cause (control action). 
Cheney, M. (1997). "Inverse Boundary-Value Problems; From oil prospecting to medicine, the science of 
remote sensing benefits from interaction between mathematicians and computers." American Scientist 85: 
448-455. 
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(or inaction) taken are often delayed, and (2) for a given patient panel blood glucose 

levels are infrequently treated relative to other types of medical treatments rendered.   

Proficiency in controlling blood glucose levels in patients with type 2 diabetes is not 

adequately explained by a decision agent’s knowledge of medicine or from experience 

gained through repetitively performing tasks associated with treatments because relative 

to other tasks it is performed infrequently (Ostbye, Yarnall et al. 2005).  Infrequently 

performed tasks provide fewer opportunities for feedback on task performance for 

identifying and eliminating imperfections in knowledge (Larkin, McDermott et al. 1980).  

Consequently the theory proposed for explaining success is partially independent of 

knowledge gained through experience.  The proposed theory is based on heuristics of 

feedback and feedforward decision making and strategies which are part of the human 

“adaptive toolbox” for making decisions in dynamic environments (Sterman 1989a; 

Brehmer 1990; Brehmer 1992; Gigerenzer and Todd 2000).  A key component of each 

strategy is a mental model, (that is, a model of the patient being treated) which supports a 

decision agent taking action in the presence of delay of feedback. 

A Theory for Treating Type 2 Diabetes 
 

Treating type 2 diabetes as well as other chronic diseases requires ongoing treatment 

over a course of time.  The decision agent sets a goal for achieving a blood glucose goal; 

this goal is reached through cycles of interaction with the patient.  The decision agent has 

a visit with the patient, information is obtained, actions are taken, a next visit is 

scheduled, and the patient returns on the next visit.  This cyclical nature of treatment 

establishes a control loop between the decision agent (physician) and the patient (system 

being controlled). The decision agent when treating patients with type 2 diabetes uses one 

of two decision making strategies to achieve blood glucose goal.  These strategies, which 

are derived from control theory, are feedback and feedforward control.   

Strategy selection is determined by characteristics of the task, system being 

controlled, and knowledge of the decision agent (Ford et al, 1989; Broder, 2003; Simon, 

1992; Beach & Mitchell, 1978).  Characteristics of the task are represented by a mental 
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model.  When the decision agent is able to estimate patient responses to treatment actions 

(for example, dose responses of medication) a feedforward strategy is used, otherwise a 

feedback strategy is used for controlling blood glucose levels. 

The inability to estimate patient responses to treatment actions can occur for any of 

the following reasons: (1) latency of actions  (Brehmer 1992) – treatments do not 

immediately change patient states thus creating a time delay in treatments reaching full 

effect; (2) delay of feedback (Sterman 1989a; Sterman 1989b) – treatments that affect 

blood glucose values day-1 will not show full effect on the time-averaged blood glucose 

measure (A1c value) until day-90; and (3) lack of interpretability of information 

(Brehmer 1992; Gonzalez, Vanyukov et al. 2005) – point-in-time blood glucose measures 

indicate a patient’s current blood glucose level, but fluctuations in values across 

measurements impair estimating ambient blood glucose levels. 

Three types of actions are taken within each type of strategy:  (1) treatments, which 

affect patient state; (2) scheduling, which create opportunities for taking additional 

treatment actions, and (3) information seeking, which are opportunities for obtaining 

information on patient states for use in decision making.  The form of computations for 

determining actions to take is strategy dependent. 

A feedback strategy uses current information to compute actions to take with a patient 

on a given visit.  A feedback strategy is an “incrementalist” approach for reaching goal, 

that is, with this strategy an anchoring and adjustment heuristic is used to compute next 

moves (treatment actions) in order to reach and maintain goal (Tversky and Kahneman 

1974; Brehmer 1990).  Blood glucose values are an anchor from which moves are 

computed.  The computation made each visit is to determine if the patient is at goal and if 

not then to increment current doses of medications; this process repeats until goal is 

reached.  Visits are scheduled far enough apart for dose increases to show full (or 

approximately full) effects on blood glucose values. Providing enough time between 

visits for medications to show full effect provides “nature’s solution” to computing dose 

responses and overcoming issues of delay of feedback (Clark 1998).  In this case the dose 
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response computation is offloaded to the environment in the form of the passing of time.  

When goal is reached medication doses are maintained, if a patient departs from the goal 

then medications are incremented to return the patient to goal. 

A feedforward strategy uses anticipated future patient states as well as current 

information to compute actions to take with a patient on a given visit.  A feedforward 

strategy is a “rationalist” approach for reaching goal (Brehmer 1990), that is, this strategy 

estimates medication needed to reach goal and computes a rate of progress (rate of 

change in blood glucose) toward goal.  The computations are based on estimated effects 

of medications along with a patient’s distance from the goal in order to compute 

medications needed and a rate of progress that can be achieved for reaching goal.  This 

strategy computes moves to give the estimated amount of medication needed for reaching 

goal at the computed rate of progress (Diehl and Sterman 1995).  Anticipated future 

states are estimated using knowledge of effects of medications as a function of dose and 

time.  These dose response computations are the means by which delay of feedback is 

accounted for in decision making.  Once goal is reached medication doses are 

maintained, if a patient departs from the goal then medications are incremented to return 

the patient to goal. 

The theory for treating patients with type 2 diabetes proposed here is generative in 

nature.  That is, when the theory is instantiated as a model and run with identical tasks 

and goals to those of an idealized physician the resulting behavior of the model and 

physician subjects can be compared for consistency of outcomes. The next section 

presents computational models for the theory of treating type 2 diabetes.  The models are 

based on a modified form of the control framework presented in Figure 2. 

4.4  Process Models for Treating Patients with Type 2 Diabetes 
 

The process control framework presented in Figure 2 is modified to reflect a decision 

making process for treating type 2 diabetes (see Figure 3).  The inverse model of the 

system in Figure 2 is labeled inverse model in Figure 3.  The system being controlled in 
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Figure 2 is a patient with type 2 diabetes (labeled patient in Figure 3) [the patient is 

represented by a patient model that provides clinically appropriate responses for moves 

made].  The model of the system in Figure 2 is labeled as the physician’s mental model of 

the patient in Figure 3.  The error in Figure 2 has been labeled expectation discrepancy in 

Figure 3. 

Figure 3: Physician decision model for treating patients with type 2 diabetes. 

 
The physician decision model (PDM) (as shown in Figure 3) is a dynamic decision 

model for controlling a type 2 diabetes patient’s blood glucose levels.  The focus of this 

modeling activity is on the treatment of blood glucose levels using feedback and 

feedforward control strategies.  Along with blood glucose the model treats blood pressure 

and lipids to reduce risk metrics for cardiovascular disease within a type 2 diabetes 

patient, which according to the American Heart Association is the leading cause of 

diabetes-related death. 

Goals are achieved by making moves.  There are three types of moves: treatment, 

information seeking, and scheduling.  Treatment moves are actions that affect the 

patient’s blood glucose, blood pressure, and lipid levels; the two types of treatment 

moves are prescribing medications and making referrals to health professionals.  

Information seeking moves are the ordering of tests for determining patient state and 

effects of past treatment actions; five types of tests are ordered, which are A1c, plasma 

glucose (measured as self monitoring blood glucose, abbreviated SMBG), blood pressure, 
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lipids (LDL), and creatinine tests.  Scheduling moves are actions to set when a next visit 

will occur, i.e., opportunities for making additional moves. 

The next section provides an overview of how the PDM functions. 

4.4.1 Overview of Components 

The inverse model (component 2 in Figure 3) is a process that generates moves for 

bringing the patient to the A1c, systolic pressure, and LDL goals.  This component solves 

the inverse problem of mapping patient states (“effects”) to appropriate moves (“causes”) 

for reaching goal (Cheney 1997).  Computations in this component are treatment, 

scheduling, and information seeking moves.  The inverse model maintains a memory of 

moves made (i.e., a patient record). 

The mental model of the patient (component 3 in Figure 3) contains provisions for 

estimating dose response and time effects of medications and different levels of 

responsiveness/adherence to medication moves (high or low). 

The patient is the process being controlled; it receives moves (outputs from the 

inverse model) and responds with changes in A1c accounting for delayed responses of 

medications.  In the current research the patient is represented by a model of a patient that 

is composed of a rule-base of equations for dose-response times of simulated medications 

used to treat the patient.  This model was developed in previous research (Dutta, Biltz et 

al. 2005). 

Inputs to the decision model are patient state goals.  The output of the patient is the 

patient’s state measured at a point in time specified by an information seeking move.  The 

output of the mental model is an expected patient state at the next visit with the patient. 

There are two error signals, distance to goal and expectation discrepancy.   
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Distance to goal (component 1 in Figure 3) is computed as the difference between the 

measured blood glucose value and the goal.  Distance to goal provides information to the 

inverse model for the purpose of determining if treatment moves need to be made. 

Expectation discrepancy (component 4 in Figure 3) is computed as the difference 

between the measured blood glucose and the expected blood glucose values.  Expectation 

discrepancy is used to determine if treatment moves are changing blood glucose values 

by expected amounts. 

The next section presents the computations made within the decision models that use 

feedback and feedforward strategies.  These models are specified so as to treat patients 

with type 2 diabetes in an idealized manner.   

4.4.2 A Framework for Computations 

The dynamic decision model shown in Figure 3 computes decisions that answer two 

questions (Jordan and Rumelhart 1992; Gibson, Fichman et al. 1997): (1) for a current 

state of the system (patient) what are the actions that need to be taken to move toward 

goal?, and (2) for actions taken what are the expected effects on the system?  By the 

model cycling through computations to answer these questions to make decisions a goal 

is achieved and maintained.  In this section a framework is defined for computations 

performed in the dynamic decision model.   

To bring type 2 diabetes patients to goal requires three distinct types of actions: (1) 

setting a clinical goal, (2) initiating treatment, and (3) titrating to goal (O’Connor, Sperl-

Hillen et al. 2005).  The models perform these three types of actions by computing goals, 

moves, and expected results of moves made.   Computations are organized in the 

following order: (1) setting goals, (2) generating moves via the inverse model, and (3) 

formulating expectations of next patient states via the mental model. 
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4.4.2.1 Setting Goals 

Actions performed within the decision model are computed to accomplish system 

goals, where system goals are specified in terms of a patient state, which include blood 

glucose, blood pressure, and lipid levels.  In treating the chronic disease of type 2 

diabetes system goals are established based on the following sources: organizational 

policies, a decision agent’s experience from past practices, and evidence-based 

guidelines.  Goals establish thresholds for action, when patients are not at goal the model 

computes that actions must be taken to move the patient toward goal.  For treating type 2 

diabetes the evidence-based goal is an A1c value of 7% or less, systolic blood pressure of 

130mmHg of less, LDL of 100mg/dL or less (Mazze, Strock et al. 2007; American 

Diabetes Association 2008; Institute for Clinical System Improvement 2009).  A decision 

agent can raise the goal level when there are extenuating circumstances associated with a 

patient, such as being elderly or having a terminal illness (Institute for Clinical System 

Improvement 2009).  For the models presented in this research the treatment goals 

computed are specified in Table 1, no extenuating circumstances were considered 

relevant for these models.   

Condition Treated Goal Level 

Blood glucose (A1c) > 7% 

Blood pressure (SBP) > 130mmHg 

Lipids (LDL) > 100mg/dL 

Table 1: Computed goals for treating patients in the current research 

 
The inverse model uses goal information to compute the distance to goal as the 

difference between the current state and the goal state.  The distance to goal is used by 

the inverse model to compute moves. 
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4.4.2.2 Generating Moves 

As stated earlier the inverse model computes treatment, scheduling and information 

seeking moves (in the order listed).  The computations performed by the inverse model 

for each type of move are presented separately below. Treatment moves consist of three 

types: medical nutrition therapy, medication and adherence.  Discussion of adherence 

moves, a special type of infrequently made move for helping other types of moves 

achieve expected effects, is deferred until the end of this chapter.  A computation unique 

to the feedforward strategy is for estimating the amount of blood glucose medication 

needed to bring the patient to goal (referred to as amount needed to treat, abbreviated as 

ANT), this computation is given immediately following the presentation of the treatment, 

scheduling, and information seeking moves.  Other differences between feedback-

specific versus feedforward-specific computations are identified where they exist.   

4.4.2.3 Medical Nutrition Therapy Move 
 

For both decision strategies, the inverse model computes a medical nutrition therapy 

(MNT) move using distance to goal information.  When the model computes that the 

patient is above goal (distance to goal > 0) and a MNT move has not been made then 

MNT is initiated.  MNT is prescribed to help the patient control blood glucose, blood 

pressure and lipid levels by reducing glucose, fat, and sodium intake through dietary 

changes and increasing glucose consumption via exercise (American Diabetes 

Association 2003; Mazze, Strock et al. 2007; American Diabetes Association 2009; 

Institute for Clinical System Improvement 2009).  MNT is comprised of a low-fat, high-

fiber, low sodium diet along with exercise.  The functional equation for MNT is: 

 MNT Move = F (distance to goal, use of MNT [yes or no]) 

MNT is used in conjunction with medication therapy; see Table 2 for the 

representation used to compute the move. 
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Patient Conditions MNT Move 
• Distance to 

goal > 0 
• MNT not 

currently 
prescribed 

• Prescribe low-fat, high-fiber, low sodium 
diet 

• Prescribe exercise 
• Proceed with computing medication move 

Table 2: A representation used to compute an MNT move. 

4.4.2.4 Medication Moves 

The inverse model computes medication moves to make using distance to goal and 

expectation discrepancies.  The way the inverse model uses this information varies by 

decision strategy.   

The inverse model computes medication moves for patients that are above goal 

(distance to goal > 0) in order to bring the patient to goal.  There are two types of 

medication moves: orals and insulin.  Oral moves consist of prescribing a medication 

selected from a set of medications called a formulary.  The formulary specifies a 

preferred ordering in which medications are to be given.  Prescribed amounts start at the 

minimum dose to minimize side effects (Mazze, Strock et al. 2007).  On next visits when 

a medication move is computed the dose is incremented to the next higher dose, where 

the next dose is determined by adding a tablet to the current dose. This process of 

determining medication doses is known as titration.  Insulin moves are computed when 

all oral moves have been made and the patient is not at goal or if the distance to goal 

exceeds the capacity of orals to reach goal (distance to goal > 4%) (Mazze, Strock et al. 

2007; Sperl-Hillen and O'Connor 2007). 

The inverse models for both feedback and feedforward strategies use the titration 

process to compute medication moves.  The inverse model for the feedforward strategy in 

addition to computing moves for titration can compute moves for intensification.  

Intensification is the process of making moves to increase the rate at which amounts of 

medication are increased in a patient, rates faster than can be achieved by moves for 
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titration.  The inverse model computes moves for intensification to increase the rate of 

progress toward blood glucose goal. 

The inverse model with a feedforward strategy makes intensification moves when it 

computes that progress is not being made toward goal as expected (expectation 

discrepancy values > 0).  Computing moves for intensification requires a mental model 

that can compute dose effects as a function of time in order to determine a rate of 

progress toward goal, the mental model used by the feedforward strategy represents dose 

effects at multiple points in time (more fully explained in section 4.4.3 Formulating 

Expectations).  The feedback strategy does not account for dose effects at multiple points 

in time and consequently is not able to compute moves for intensification.  When blood 

glucose values are near goal (distance to goal < 1%) the inverse model does not compute 

moves for intensification to prevent overmedicating the patient. 

When the inverse model computes that a move for intensification is required it 

computes the form the move for intensification will take.  The inverse model has two 

ways of delivering moves for intensification.   The first way is to shorten the time 

between making medication moves (visits), this way is used when no time goal exists for 

reaching goal. The second way is used when a time constraint exists for reaching goal 

and computed time between moves is less than the shortest allowed time between visits 

(explained in more detail in section 4.4.2.5 Scheduling Moves) then the inverse model 

makes two medication moves on a single visit.   

Medication moves for titration are computed using the functional equation below for 

Oral Moves.  Medication moves for intensification are computed in the following way.  

The inverse model computes the first medication move using the functional equation for 

Oral Moves.  Then the inverse model computes a second medication move using the 

functional equation for Second Oral Moves where instead of computing a dose for the 

current medication the dose is computed for the next medication in the formulary5.  The 

                                                 
5 If the next medication is not currently prescribed then it is started otherwise the dose of the next 
medication is incremented. 
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net result is two medication moves consisting of different medications are made during 

the same visit; these moves are made to increase the rate at which blood glucose 

decreases. 

Below are functional equations and computations for oral and insulin moves (lipid 

and blood pressure moves are specified at the end of Section 4.4.2.2).  Table 3 through 

Table 5 provide representations for computing the functional equations.   

Oral Moves =  F (formulary 
    , distance to goal 
    , SMBG panel 
    , current medications 
    , current medication doses 
    , contraindications present [creatinine level, allergies] 

, MinTimeBetweenMoves ([yes, no]) 
 

Second Oral Moves = F (formulary 
    , distance to goal 
    , SMBG panel 
    , next medications 
    , current medication doses 

, contraindications present [creatinine level, allergies] 
, MinTimeBetweenMoves ([yes, no]) 

 
The model computes that an insulin move is not to be made if any pre-meal SMBG 

value drops below a threshold value (60mg/dL) indicating that blood glucose levels are 

dangerously low (hypoglycemia). 

Table 3 below presents the formulary for computing medication moves to treat blood 

glucose, medications are listed in order of priority for prescribing.  When a move is 

computed the next highest dose is prescribed, if no additional doses of a medication are 

available then the next medication is started.  Note for the feedforward strategy, when an 

intensification move is made in addition to titrating the current medication the next 

medication in the formulary that is not being titrated is started if it is not already 

prescribed, or the dose is incremented if a next medication is currently prescribed. Next 

moves are made when a minimum time between moves has passed. 
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Medications – listed in 
order of priority for 
prescribing 

Medication 
Type 

Doses Contraindications 

1. Metformin Biguanide 500, 1000, 1500, 2000 Creatinine > 1.5mg/dL 
2. Glipizide Sulfonylurea 5, 10, 15, 20 Sulfonylurea allergy 
3. Pioglitazone TZD 15, 30, 45 -- 
4. Prescribe insulin 

Table 3: A representation for computing oral moves.   
 

A representation for computing MinTimeBetweenMoves is given below in Table 4. 

Days are computed in the mental model. Feedback strategy: days for effect of last move 

to show in blood glucose measure, computed using dose response time function; 

feedforward strategy: days are the minimum amount of time for a patient’s body to 

become accustomed to a dose increase (when TZDs are titrated minimum time is 28 days 

instead of 7). 

Time Since Last Move (decision making information) MinTimeBetweenMoves Output 
Feedback Feedforward  
> 60 days (A1c) 
> 30 days (SMBG) 

> 7days (A1c or SMBG) 
 

YES, medication move can be 
made 

< 60 days (A1c) 
< 30 days (SMBG) 

< 7 days (A1c or SMBG) NO, medication move cannot be 
made 

Table 4: A representation for computing minimum time between medication moves.   

Insulin Moves =  F (distance to goal 
     , SMBG panel) 
 

The inverse model makes the following computations when making insulin moves.  

Long-acting insulin at bedtime is initiated to reduce the level of the patient’s ambient 

blood glucose level, as measured using SMBG values.  The model computes the initial 

dose based on a patient’s weight (0.1 units/kg).  On next visits the process below is 

performed to compute next insulin moves (Mazze, Strock et al. 2007; Sperl-Hillen and 

O'Connor 2007): 

1. Adjust Basal: increment the bedtime dose by the basal adjustment amount (10 

units).   
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2. Halt Basal & Initiate PrandiaI: if the patient’s morning SMBG value goes below 

a basal only threshold (140mg/dL) start mealtime shots to distribute insulin 

across the day to prevent swings in SMBG values that can cause hypoglycemia.  

Increment mealtime doses by mealtime adjust amount, where mealtime adjust 

amount is a function of distance to goal: when 3-day average SMBG > 140 (far 

from goal) adjust amount is 4 units per meal, when 3-day average SMBG < 140 

(near to goal) adjust amount is 1 unit per meal. 

3. Adjust Basal and Prandial:  When basal and prandial insulin doses are equal then 

increment both basal and mealtime doses to reduce SMBG levels across the day 

in an even manner.  Increment using the basal adjustment amount and 

mealtime adjust amount, where the adjust amounts are a function of distance to 

goal.  When average fasting SMBG > 140mg/dL then the basal adjustment is 5 

units and the mealtime adjust amount is 2 units.  When average fasting SMBG < 

140mg/dL then the basal adjustment is 2 units and the mealtime adjust amount is 

1 unit. 

4. Adjust for Hypoglycemia: If any single fasting SMBG value goes below a 

hypoglycemia threshold I (50mg/dL) or if any two fasting SMBG values goes 

below hypoglycemia threshold II (60mg/dL) then reduce insulin to prevent 

causing hypoglycemia in the patient.  Decrease basal and mealtime insulin by 

basal adjustment amount (5 units) and mealtime adjust amount (1 unit per 

meal). 

5. Add Insulin Sensitizer to enhance effects of prescribed insulin: If total insulin is 

prescribed at a dose above a sensitizer threshold (0.7 units/kg) then add an 

insulin sensitizer (biguanide or TZD) if one is not in use.  The insulin sensitizer 

enhances the effect of prescribed insulin, therefore maximizing the effect it can 

have on blood glucose levels. 
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Current Dose Pre Meal 
SMBG 

Average 
SMBG 

INSULIN MOVE 

Bedtime = 0 
Mealtime = 0 

Breakfast > basal 
only threshold  

> SMBG goal Bedtime = initiation units/kg 

Bedtime > 0 
Mealtime = 0 

Breakfast > basal 
only threshold  

> SMBG goal Bedtime = increase by basal 
adjust amount 

Bedtime > 0 
Mealtime = 0 

Breakfast < basal 
only threshold  

> SMBG goal Bedtime = maintain dose 
Mealtime = increase by mealtime 
adjust amount per meal 

Bedtime > 0 
Mealtime > 0 
Mealtime ≠ Bedtime 

-- > SMBG goal Bedtime = maintain dose 
Mealtime = increase by mealtime 
adjust amount per meal 

Bedtime > 0 
Mealtime > 0 
Mealtime ≈ Bedtime 

-- > SMBG goal Bedtime = increase by basal 
adjust amount 
Mealtime = increase by mealtime 
adjust amount per meal 

Bedtime > 0 
Mealtime > 0 

Any meal < 
hypoglycemic 
threshold 

-- Bedtime = decrease by basal 
adjust amount 
Mealtime = decrease by mealtime 
adjust amount per meal 

 
Table 5: A representation for computing insulin moves 

4.4.2.5 Scheduling Moves 

The decision agent computes scheduling moves as the time (days) to the next visit.  

The decision agent uses next visits to create opportunities for checking patient states and 

for making treatment moves.  The way in which next visits are computed differs 

according to the decision strategy used. 

Feedforward: Scheduling moves are computed to achieve rate of progress goals, 

where the rate of progress is a measure of change in blood glucose values as a function of 

time.  The rate of progress goal is computed as either (1) the expected decrease in blood 

glucose levels as measured at specific points in time for moves made or (2) the expected 

rate of decrease in blood glucose levels needed to achieve a time goal when such a goal is 

specified.  The inverse model computes the time to the next visit according to the 

following functional equation.  Table 6 provides a representation for computing the 

functional equation. 
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Scheduling Move = F (distance to goal 
    , type of medication move made [oral, insulin, none] 
    , medication moves made 
    , expectation discrepancy 
    , no. days for patients to adapt to dose increase 

, dose effect (medication, dose increment, estimated 
adherence) 

, number of moves to make to give ANT 
, organizational standard for visits with patients at goal) 
 

Distance 
to Goal 

Type of 
Med 
Move 

Expectation 
Discrepancy 

Enough Time to 
Give ANT as 
Single Doses 

SCHEDULING 
MOVE: Days to Next 
Visit 

> 0 Oral or 
Insulin 

> 0 (less than 
expected results 
from last med 
move) 

-- No. days for adapting to 
dose increase = 7 days 

> 0 Oral or 
Insulin 

-- No No. days for adapting to 
dose increase = 7 days 

> 0 Oral < 0 (expected results 
from last med 
move) 

Yes No. days for Dose Effect 
(med, dose increment, 
SMBG) = 28 days 

> 0 Insulin < 0 (expected results 
from last med 
move) 

Yes No. days for Dose Effect 
(med, dose increment, 
SMBG) = 14 days 

< 0 Oral or 
Insulin 

-- Not applicable Organizational standard 
for visits with patients at 
goal = 90 days 

Table 6: A representation used by the feedforward strategy for computing 
scheduling moves 
 

Feedback: The inverse model for a feedback strategy computes scheduling moves as 

the time needed for medication moves to show full effects on the blood glucose measure.  

The time for full effects to show in blood glucose values is computed by the inverse 

model based on dose response times and the time needed for changes in plasma glucose 

values to affect A1c values.  The inverse model computes the time to the next moves 

according to the following functional equation.  Table 7 provides a representation for 

computing the functional equation. 
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Scheduling Move = F (distance to goal 
    , type of medication move made [oral, insulin, none] 
    , medication moves made 
    , organizational standard for visits with patients at goal 

, dose response time (medication, dose increment, type of 
information used – A1c/SMBG)) 

 
Distance to Goal Type of Med Move Days to Next Visit 

> 0 Oral or Insulin Dose Response Time 
When A1c used = 60 days 
When SMBG used = 28days 

< 0 Oral or Insulin Organizational standard for 
visits with patients at goal = 
90 days 

Table 7: A representation used by the feedback strategy for computing scheduling 
moves 

4.4.2.6 Information Seeking Moves 

The decision model computes information seeking moves to obtain information 

needed for computing moves on next visits.  The results of information seeking moves 

are used to compute decisions for making treatment moves.  There are five types of 

information seeking moves, these are: A1c test, SMBG panel (measured pre-meal at 

breakfast, lunch, dinner, and bedtime over a 3-day period of time), lipid panel, blood 

pressure, and creatinine test.  Each visit the inverse model computes that a blood pressure 

measure is required, this is in accordance with medical practice guidelines (Mazze, 

Strock et al. 2007).  The inverse model computes information seeking moves according 

to the following functional equations.  Functional equations for blood glucose, creatinine, 

and lipids tests are presented below.  Table 8 through Table 11 provide representations 

for computing the functional equations. 

 

Blood Glucose Information Seeking = F (days since last test 
     , organizational req’t: max days between tests 
     , medications in use 
     , days to next visit) 
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Feedforward Specific Blood Glucose Information Moves 
 

As of Next Visit Days Since Last 
Test 

Blood Glucose Test 
Orders 

Days since last test + days to next visit 
> max days between tests (90 days) 

A1c  

-- SMBG panel 

Table 8: A representation used by the feedforward strategy for computing blood 
glucose test moves. “--“ indicates test ordered every visit. 

 
 
 
Feedback Specific Blood Glucose Information Moves 
 

Medications in 
Use 

Blood Glucose Test 
Orders 

-- A1c  
Insulin SMBG panel 

Table 9: A representation used by the feedback strategy for computing blood 
glucose test moves. “--“ indicates test ordered every visit. 

 
 
 

Creatinine Information Seeking =  F (days since last test 
     , organizational req’t: max days between tests 
     , metformin moves made (yes, no) 
     , days to next visit) 
 

Medications in 
Use 

As of Next Visit Days Since 
Last Test 

Creatinine Test 
Order 

Metformin being 
titrated 

-- Yes 

Metformin dose 
stable 

Days since last test + days to 
next visit > organizational max 
days (360 days) 

Yes 

Table 10: A representation used for computing creatinine test moves. “--“ indicates 
test ordered every visit. 
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Lipids Information Seeking =  F (days since last test 

     , organizational req’t: max days between tests 
     , medications in use 
     , distance to goal 
     , days to next visit) 
 

As of Next Visit Days Since 
Last Test 

Distance to 
LDL Goal 

Lipid Test Order 

-- > 0 Yes 
Days since last test + days to 
next visit > organizational 
max days (360 days) 

< 0 Yes 

Table 11: A representation used for computing lipid test moves. “--“ indicates test 
ordered every visit. 

4.4.2.7 Amount Needed to Treat – An Anticipatory Computation 

In the feedforward strategy the inverse model computes the anticipated amount of 

medication that is required to bring the patient to goal, this is referred to as the amount 

needed to treat (ANT).  The inverse model uses ANT when a time goal is imposed for 

bringing the patient to blood glucose goal.  ANT is used to compute when visits need to 

occur for making dose increases to achieve a time goal.  The functional equation for 

computing ANT is given below.  Table 12 provides a representation for computing ANT. 

Amount Need to Treat = F (distance to goal 
     , current medications given 

, contraindications present [creatinine level, 
allergies]) 
 
 

The following table shows a representation of the computation performed to 

determine ANT.  Any medications that are currently in use or are contraindicated are 

eliminated from use in the computation. 
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DTG Needed Reduction in DTG 

(%) Not Provided by Other 
Medications 

Amount of Medication 
Needed to Treat 

Exclude Medication 
if Contraindication 
Exists 

< 4% 

0 < 0.3 25% Metformin Creatinine > 
1.5mg/dL 0.3 < 0.6 50% Metformin 

0.6 < 0.9 75% Metformin 
0.9 < 1.2 100% Metformin 
0 < 0.4 25% Glipizide Sulfonylurea allergy 
0.4 < 0.8 50% Glipizide 
0.8 < 1.2 75% Glipizide 
1.2 < 1.6 100% Glipizide 
0 < 0.3 25% Pioglitazone Not applicable 
0.3 < 0.6 50% Pioglitazone 
0.6 < 0.9 75% Pioglitazone 
0.9 < 1.2 100% Pioglitazone 

-- -- Insulin Required  

Table 12: Representation used for computing ANT, medications are combined so 
the total reduction in A1c provided equals the distance to goal (DTG). 

 

4.4.2.8 Treating Blood Pressure and Lipids 

Decision models for feedback and feedforward strategies compute blood pressure and 

lipids in the same manner.  When a patient’s blood pressure (systolic) or lipid (LDL) 

values are above goal then treatment moves are computed (Mazze, Strock et al. 2007).  

Dose increases for blood pressure and lipid medications are constrained to not be made 

more frequently than every 14 days (RxList Inc. 2009).  On each visit that the model 

computes the patient is above goal the next medication dose is prescribed, if a maximum 

dose of a medication is reached then the next medication is started.  The following 

functional equations are computed to determine blood pressure and lipid moves.  Table 

13 and Table 14 provide representations for computing the functional equation. 

Systolic Pressure Move =  F (systolic pressure distance to goal 
     , blood pressure medications in use 
     , blood pressure formulary 

, days since last dose increase) 
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Medications – listed in order 
of priority for prescribing 

Medication  Type Doses in mg 

Lisinopril ACE inhibitors 5, 10, 20, 40 
Atenolol Beta blocker 50, 100 
Amlodipine Calcium channel blockers 5, 10 

Table 13: A representation used for computing systolic pressure medication moves.  
Medications are listed in the order of preference for prescribing. 

 
LDL Move =   F (LDL distance to goal 

     , LDL medications in use 
     , LDL formulary 

, days since last dose increase) 
 

Medications – listed in order 
of priority for prescribing 

Medication  Type Doses in mg 

Atorvastatin Statin 10, 20, 40, 80 
Fenofibrate Fibrate 67, 134, 200 

Table 14: A representation used for computing LDL medication moves.   

4.4.3 Formulating Expectations 

The decision model computes expected next states based on a patient’s current state, 

moves made, estimated patient adherence, and representations of dose response curves.  

The mental model is a representation of a patient’s response to medication moves as a 

function of a patient’s estimated level of adherence.  Expected next patient states are 

computed to determine if a patient is progressing toward goal as expected, where the 

nature of the expectation depends on the decision strategy used in computations.  Dose 

response times from dose response curves computed in the mental model are used by the 

inverse model when computing scheduling (next visits) moves.   

For the feedback strategy changes in patient blood glucose state are computed using 

truncated versions of dose response curves.  The truncated version of a dose response 

curve corresponds to the expected maximum change in blood glucose achievable for a 

given dose increment.  Because a single point from a dose curve is used in computations 

the feedback strategy computes expectations for changes in blood glucose level. 
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For the feedforward strategy changes in patient blood glucose state are computed 

using a multi-point (three points) version of dose response curves.  The specified dose 

response curve represents expected changes in blood glucose as a function of time.  The 

feedforward strategy uses these expected time-dependent changes in blood glucose to 

compute whether a patient is moving toward goal at an expected rate of progress, hence 

the feedforward strategy computes a rate of change in blood glucose.  In addition the 

feedforward strategy uses the dose response curves to compute delayed effects of 

medications given to reduce risk of overmedicating the patient. 

The dose effects are obtained from medical literature and from a decision agent’s 

experience with administering medications to patients.  The functional equations for the 

feedback and feedforward strategies are given below; both equations make use of the 

Dose Effect functional equation which follows.  Table 15 and Table 16 provide 

representations for computing the functional equations. 

Feedback Version 
Expected Next Patient State  = F (current blood glucose value, Dose Effect( )) 

 
= Current Blood Glucose Value – Dose Effect( ) 

 
 

Feedforward Version 
Expected Next Patient State  = F (current blood glucose value 

  , Dose Effect( ) 
  , Delayed Effect) 

 
   = Current Blood Glucose Value  
    – Dose Effect( ) + Delayed Effect( ) 
 

Dose Effect    = F (medication 
   , dose 
   , MNT initiated? [yes, no] 
   , estimated level of adherence) 
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Medication / 
Treatment 

Class of 
Medication 

Dose Increment 
(increments to max 
clinically effective 
dose) 

Expected Change in Blood Glucose 
Per Dose Increment at maximum 
effect 
High Adherence Low Adherence 

MNT -- -- 0.5 0.25 
Metformin Biguanide 500mg (4) 0.3 0.15 
Glipizide Sulfonylurea 5mg (4) 0.4 0.2 
Pioglitazone TZD 15mg (3) 0.3 0.15 
Insulin Insulin 10units (--) 0.4 0.2 

Table 15: A representation of the computation for maximum dose effect that 
medications & MNT have on A1c levels (SMBG deltas are computed as A1c dose 
effect multiplied by 35mg/dL) (Sabaté 2003; Cramer 2004; Sokol, McGuigan et al. 
2005; Lawrence, Ragucci et al. 2006).  MNT estimate obtained from Mazze (2005). 

Feedforward only 
Delayed Effect = F (medication class, time from dose increase to next visit) 

 
 

As of Next Visit, 
Days Since 
Administering Dose 
Increase 

Non-
TZD 
Orals 

TZD 
Orals 

0 to 30 0.5 0.65 
31 to 60 0.1 0.35 
61 + 0.0 0.0 

Table 16: Proportion of maximum dose effect delayed in reducing A1c as a function 
of time since dose increment was administered (Kipnes, Krosnick et al. 2001; Lewin, 
Lipetz et al. 2007). 

The mental model computes the minimum time that must elapsed between blood 

glucose moves.  This information is used by the inverse model when computing whether 

sufficient time has passed between dose increments so as to give the patient enough time 

to adjust to dose increments and not to over medicate the patient.  This time computation 

has the same form as computations for scheduling next visits when the patient is not at 

glucose goal. 
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4.4.4 Adherence Management Moves  

As noted in Section 4.4.2.2 a special type of treatment move that is computed is an 

adherence move.  Adherence moves are made to help other moves have expected effects 

on the patient.  This section discusses the issue of patient adherence and its affect on a 

decision agent’s ability to make moves and achieve expected effects. 

Patient adherence determines the effectiveness of prescribed treatment regimens 

(Cramer 2004).  Adherence is defined as the “voluntary involvement of the patient in the 

management of his or her disease, by following a mutually agreed course of treatment…” 

(Sabaté 2003, p72).  A decision agent that provides care for patients with type 2 diabetes 

has to support and facilitate self-care behavior in order for a patient to adhere to 

prescribed treatment regimens (Peyrot and Rubin 2007).   

Many psychosocial factors are associated with adherence, these include: (1) a 

patient’s beliefs about benefits of therapy such as, susceptibility to complications and 

seriousness of disease (Nichols-English and Poirier 2000; Delamater 2006); (2) readiness 

to change (Wilson, Holt et al. 2001; Peterson and Hughes 2002; O'Connor, Asche et al. 

2004; Sperl-Hillen and O'Connor 2005); (3) psychological problems, such as anxiety, 

depression, eating disorders (Nichols-English and Poirier 2000; Clark 2004; Lerman 

2005); (4) sociodemographic variables, such as age, sex, duration of disease, race, 

insurance coverage (Hsaio and Salmon 1999; Siminerio, Piatt et al. 2005); and (5) 

environment factors such as social support (Delamater 2006). This research examines 

only those factors which are affected by adherence moves that a decision agent can make.   

The first three psychosocial factors can be treated with adherence moves.  There are 

three adherence moves the modeled decision agent can make.  First, the move of referring 

a patient to a nurse for self-care education can affect a patient’s belief about the benefits 

of therapy and to a limited degree a patient’s readiness to change both of which can 

increase adherence (Nichols-English and Poirier 2000; Wilson, Holt et al. 2001).  Second, 

the move of referring a patient to a psychologist can increase adherence by addressing 

root causes in a patient with psychological problems (Nichols-English and Poirier 2000).  
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Third, the adherence move of prescribing an antidepressant can raise adherence in 

patients with the specific psychological problem of depression (Ciechanowski, Katon et 

al. 2000).   

The inverse model makes three computations for controlling a patient’s level of 

adherence, these are: patient type, existence of an adherence problem, and adherence 

moves.    The inverse model computes adherence moves by identifying the existence of 

an adherence problem and then determining which adherence move to make.  There are 

two ways the inverse model computes the existence of adherence problems, (1) by 

identifying patient types with expected adherence problems and (2) detecting a pattern of 

less than expected results from medication moves. 

A patient type is computed on the initial visit to determine if an adherence move is 

needed at the start of treatment to support medication moves in having expected effects 

on patient state.  A patient type is computed by combining elements of patient state 

information to determine information about a patient that could not be computed by 

processing the elements in isolation (Holland, Holyoak et al. 1986; Yawn, Zyzanski et al. 

2001).  The functional equation for computing a patient type follows. Table 17 provides a 

representation for computing the functional equation.   

Patient Type = F (distance to goal 
   , current medications 
   , history of adherence problems) 

 
Distance to Goal Value No. Medications 

Prescribed 
History of 
Depression 

Computed 
Patient Type 

> threshold for classifying 
patient as depressed 

> 1 Yes Depressed 

< threshold for classifying 
patient as depressed 

-- -- Compliant 

> threshold for classifying 
patient as depressed 

> 1 No Don’t worry 
be happy 

Table 17: A representation for the patient type computation, this computation is 
only performed on the initial visit.  Threshold distance to goal value for classifying a 
patient as depressed is 2% (i.e., an A1c of 9%) (Norris, Lau et al. 2002). 
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On next visits the inverse model computes that an adherence move is needed when an 

adherence problem is detected by identifying a pattern (which is some number—for 

example, two—of consecutive occurrences) of missed expectations for medication moves 

made.  The following functional equation specifies the information used in the 

computation to detect adherence problems.  

Adherence Problem =  F (med moves made 
     , expectation discrepancy) 
 

The computation for determining if an adherence problem exists is presented in the 

equation below.  When the missed expectation threshold is met or exceeded then the 

inverse model computes that an adherence problem exists6.  ExpDiscr( ) is the 

expectation discrepancy on the specified visit, MedMove( ) is an indication of whether a 

move was made on a given visit.  The model computes a count of the number of visits 

where medication moves were made that yielded less than expected results, when the 

threshold is exceeded then the inverse model has computed that an adherence problem 

exists.  The model computes that missed expectations indicate a persistent psychosocial 

issue (Nichols-English and Poirier 2000; Clark 2004; Lerman 2005).   

Missed Expectation Threshold  <  b, where b is given by 
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The inverse model computes adherence moves on the initial visit and on any visit 

where the count of missed expectations meets or exceeds the threshold in the equation 

above.  On the initial visit adherence moves are made to support adherence to treatment 

moves made, on next visits adherence moves are made when the inverse model computes 

                                                 
6 Patients may respond differently to the same dose of a given medication because of differences in 
physiology, the inverse model is not able to distinguish between physiological versus psychosocial reasons 
for a patient’s non-responsiveness to moves.  Physiological reasons for non-responsiveness are not affected 
by adherence moves.  If a patient does not respond to treatment moves for physiological reasons the inverse 
model will compute that the patient has low adherence. 
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that a patient is not adhering to the prescribed treatment regimen.  The functional 

equation for the computation is given below. Table 18 provides a representation for 

computing the functional equation. 

Adherence Moves =   F (type of visit [initial or next] 
, history of adherence moves made 
, patient type) 

 
Visit Type Patient Type Last Adherence 

Move Made 
Move Estimated 

Adherence 
Level 

Initial Depressed None Refer to nurse, 
psychologist,  
prescribe Zoloft 

High 

Initial Compliant, 
Don’t Worry 
Be Happy 

None Refer to nurse High 

Next -- Nurse Psychologist High 
Next -- Psychologist Prescribe anti-depressant High 
Next -- Anti-depressant No additional moves Low 

Table 18: A representation for computing adherence moves.  “--“ indicates the 
specified move is applicable to any patient type. 

 
On each visit the inverse model computes whether to increase the estimated 

adherence level from low to high for patients whose adherence is estimated to be low.  

The inverse model computes whether the estimated level of adherence has transitioned 

from low to high, this information is used when computing expected next blood glucose 

values. The functional equation that is computed is as follows: 

Change Estimated Level of Adherence = F (distance to goal 
, expectation discrepancy 
, history of medication moves) 

 
The inverse model computes that the estimated adherence level is high when medication 

moves are made and expected results (expectation discrepancy < 0) are obtained. 
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Implementation 
 

The computational models were implemented as computer programs using Visual 

Basic 6.0 – Enterprise Edition.  The models read in text files which contain patient 

attributes (patient state and medication doses).  The result of running a model is an output 

text file which contains a record of the model’s moves and the patient’s responses on a 

visit by visit basis.  Results of model runs were loaded into a relational database for data 

analysis.  Appendix 5 provides pseudocode for the program. 

4.5  Summary of Chapter 
 

Within this chapter a task analysis was presented for a decision agent treating a 

patient with type 2 diabetes.  From the task analysis it was determined that treating a 

patient with diabetes proceeds through four stages: (1) initial assessment of the patient’s 

state, (2) initiation of treatment, (3) adjusting (incrementing) treatments to reach goal, 

and (4) maintaining goal.  Three types of moves (actions) are made by the decision agent 

to take a patient through the four stages; the types are treatment, scheduling, and 

information seeking moves. 

Following the task analysis a framework for decision making was introduced based 

on concepts of feedback and feedforward process control.  This framework was adapted 

to the task of treating a patient with type 2 diabetes.  Next theory and computational 

models for treating type 2 diabetes were presented using the concepts of feedback and 

feedforward decision making strategies. 

The next chapter presents data from the computational models treating canonical 

types of patients.  These models are evaluated based on whether simulated patients can be 

brought to evidence-based goals.  
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5.  Testing the Computational Models: Treating the 
Simcare Patients 

 

5.1  Introduction 

The computational models defined in the previous chapter specify how patients with 

type 2 diabetes are treated to achieve evidence-based goals.  This chapter tests whether 

the models can successfully treat the three canonical types of simulated patients used in 

the Simcare experiment.  The emphasis in these tests is placed on examining actions the 

models take on a visit-by-visit basis. 

This chapter is organized in the following manner.  First, the simulated patients from 

the Simcare experiment are described and task analyses are presented, noting 

characteristics and patient states that are relevant to the treating models.  Second, results 

of running the models on the Simcare patients are examined to determine if actions are 

consistent with those specified in the task analysis.  Third, model computations made on 

each visit with the Simcare patients are analyzed to establish a baseline for computations 

performed for successfully reaching blood glucose, blood pressure, and lipids goals. 

 

5.2  The Simcare Experiment: Description and Task Analysis 

5.2.1 The Task Environment 

Each patient in the simulation experiment represents a different canonical type7 of 

type 2 diabetes patient that primary care physicians encounter in the clinic.  These patient 

types constitute environments for which the models are to achieve goal.  These simulated 

                                                 
7 A canonical type is defined as an element that is representative of a set of elements.  Caviness, B. F. 
(1970). "On Canonical Forms and Simplification." Journal of the Association for Computing Machinery 
17(2): 385-396.  “If a set is partitioned into equivalence classes, then one member can be chosen from each 
equivalence class to represent that class.  That representative member is the canonical member.”  Canonical 
form. (2010, April 6). In Wikipedia, The Free Encyclopedia. Retrieved 21:40, April 7, 2010, from 
http://en.wikipedia.org/w/index.php?title=Canonical_form&oldid=354407818.  In the current research a 
canonical patient is defined as one which is representative of a class of patients that have patient state 
characteristics that can be treated using some common treatment.  
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patients are represented by 12 attributes, which are: A1c, LDL, HDL, triglyceride, 

systolic blood pressure, weight, creatinine, height, adherence, depression, stress, and 

presence/absence of sulfonylurea allergies. 

 

5.2.2 The Experimental Task 

Physicians treating the Simcare cases where tasked with bringing the simulated 

patients to goal (Dutta, Biltz et al. 2005).  Physicians treated patients over multiple visits 

where physicians were given the option of if and when to schedule next visits (i.e., days 

between visits).  Patient state information was only made available to physicians if they 

ordered tests via information seeking moves.  Physicians were allowed to prescribe any 

medication within a restricted formulary, oral medications could be prescribed in doses 

which were multiples of tablet sizes and insulin could be prescribed in units. 

5.2.3 Patient Cases: Identifying Cues and Associate d Actions 

For each case the simulated patient’s history and objectives were specified.  The 

patient history is a narrative the Simcare physicians read at the start of the case.  

Treatment objectives were derived from the case descriptions. 

For each case cues—the presence of specific information obtainable by a decision 

agent during a visit which evokes a task relevant response (Owen 2008)—were 

identified.  Blood glucose, blood pressure, and lipids actions (moves) were defined that 

should have (or not) been performed by the decision agent when presented with the cues. 

These actions were determined based on a task analysis, medical literature, and Staged 

Diabetes Management (2nd Edition) and Institute for Clinical Systems Improvement – 

Diabetes (13th Edition) guidelines.  For each case cues and associated blood glucose 

actions are given in the tables below, along with a reference to supporting literature 

which identifies suggested actions.  These cue-action sets are used in a later section to 

evaluate the models for whether cues were detected via information seeking moves and 

processed to compute the actions specified in the cue-action tables. 
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The initial patient states are presented in the Table 19 below. 

Patient State Case 1 Case 2 Case 3 
A1c (%) 9.5 10.5 9.8 
LDL (mg/dL) 140 157 122 
HDL (mg/dL) 35 28 34 
Triglyceride (mg/dL) 197 384 516 
Systolic BP (mmHg) 151 150 130 
Weight (lbs) 190 290 261 
Creatinine (mg/dL) 0.8 1.5 1.5 
Height (feet/inches) 5’3” 5’10” 6’0” 
Adherence (high, low) High Low High 
History of depression (yes, no) No Yes No 
Stress (high, low) Low Low Low 
Sulfonylurea allergy (yes, no) No No Yes 
Use of medications on 1st visit (yes, no) No Yes Yes 

Table 19: Initial patient state conditions for the Simcare experiment patients.  These are 
the patients that the models are to treat and bring to evidence-based goals.  

Canonical patient cases were defined to represent classes of patients that primary care 

physicians encounter in the clinic.  The cases used in this research each required multiple 

treatment moves to reach goal, as such each case constituted a dynamic task for the 

decision agent.  The representativeness of the patients is determined by patient 

characteristics and existing treatments as of the initial visit. 

Medical guidelines commonly group diabetic patients according to initial A1c value 

(American Diabetes Association 2006) and level of adherence to treatment regimens 

(Lin, Katon et al. 2004).  Guidelines, such as Staged Diabetes Management, typically 

suggest common types of treatments for patients associated with a patient group.  In the 

current research three A1c ranges are used for grouping patients, which are as follows: 

less than 8% (low), between 8% and 10% (medium), and above 10% (high) (McCabe, 

Adomavicius et al. 2008).  Two levels of adherence are used, high and low (McCabe, 

Adomavicius et al. 2008).   

Guidelines for the treatment of type 2 diabetes make distinctions between patients 

that are not receiving treatment on an initial visit versus those who on an initial visit are 
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on a treatment regimen but are not at goal.  For example, a patient who is having an 

initial visit may need to have a medication initiated while a patient having a next visit 

may need to have a medication dose incremented.   The cases defined for the Simcare 

Experiment included patients that on the initial visit were receiving medication therapy 

and not receiving medication therapy.  Additionally these cases included patients that 

come from the medium and high A1c ranges, along with low and high adherence ranges.   

Since patients with A1c values below 8% typically can be brought to A1c goal using 

medical nutrition therapy and no medications (O'Connor, Sperl-Hillen et al. 2005), no 

cases were created for this A1c range because multiple treatment actions may not be 

required to reach goal (MNT is administered in a single move).   

The following task analyses are structured in a manner similar to the task analysis that 

was performed when developing the theory for treating type 2 diabetes.  Stages of 

treatment examined in the analysis are: (1) setting a goal, (2) initiating treatment, and (3) 

adjusting treatment to reach goal.  This task analysis is restricted to tasks related to 

achieving evidence-based blood glucose (A1c < 7%), blood pressure (SBP < 130mmHg), 

and lipid (LDL < 100mg/dL) goals.  As a matter of treatment protocol the decision agent 

is provided with the patient’s blood pressure values on each visit without having to 

request that measurements be made (SDM, Section Practice Guidelines: Hypertension 

and Dyslipidemia). 

In the remainder of this section each patient case is presented in terms of initial 

patient state conditions, identification of canonical type, case history, task analysis, and 

information cues and associated actions.  In the task analysis supporting literature is cited 

in parentheses for tasks and associated actions that the decision agent should take. 

Case 1: Patient Type – Compliant – Not Using Medications 

Case Description: Martha has type 2 diabetes and is not taking any medications to 

control her blood glucose levels.  She is poorly knowledgeable about diabetes.  An A1c 
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test was performed two weeks ago, the measured value was 9.5%.  Her systolic pressure 

is 151mmHg and LDL is 140mg/dL. 

Martha is representative of patients who: (1) will adhere to a treatment regimen; (2) 

have an initial A1c value between 8% and 10%; and (3) need to have medication therapy 

initiated to reach blood glucose, blood pressure, and lipids goals.  Finally, Martha is 

representative of patients that usually can be brought to goal only using oral medications. 

Case 1 Task Analysis 
 
Setting Goals:  
 

On the initial visit the decision agent should obtain an A1c, systolic pressure (SBP), 

and Lipids (LDL) readings to determine if the patient is at goal for each (ADA, Section 

Diabetes Care, Initial Evaluation; Section Prevention and Management of Diabetes 

Complications, Hypertension and Dyslipidemia).  If the decision agent computes that the 

patient is above goal it should then set evidence-based goals – A1c (7%), SBP 

(130mmHg), LDL (100mg/dl) (ICSI, Section 11, Set Personalized Goal; Section 13, 

Treatment Goals for Patients without Cardiovascular Disease).  The agent should 

compute that Martha’s A1c of 9.5% is above the goal of 7.0%, that her SBP of 151mmHg 

is above the goal of 130, and that her LDL of 140mg/dL is above the goal of 100. 

Initiating Treatment: 
 

On the initial visit the decision agent should review medications that are currently 

taken by the patient and order tests (obtain from records if current and available) that are 

needed to determine if any medications are contraindicated (ADA, Section Diabetes 

Care, Assessment of Glycemic Control; Section 13, Treatment Goals for Patients without 

Cardiovascular Disease).  The agent should determine that no medications are currently 

prescribed to Martha and that no medications are contraindicated (no sulfonylurea allergy 

present, serum creatinine value of 0.8 is below the 1.5mg/dL threshold for a metformin 

contraindication). 
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On the first visit that the decision agent computes that the patient’s blood glucose, 

blood pressure, and LDL levels are above goal and that medication therapy should be 

started by prescribing the first non-contraindicated medication in the formulary at the 

minimum dose for each condition (SDM, Section Oral Agents Stage, Biguanides; Section 

Staged Management of Hypertension, Start Drug Therapy; Section Staged Management 

of Dyslipidemia, Start Drug Therapy).  For Martha the agent should on the first visit 

compute that metformin should be prescribed at 500mg for glucose control, simvastatin 

should be prescribed at 5mg for LDL control, and lisinopril should be prescribed at 20mg 

for blood pressure control. 

When initiating treatment or treating a patient for the first time the agent should make 

a referral to a diabetes educator to teach the patient about self-care and to support 

adherence to treatments (SDM, Section Type 2 Diabetes, Patient Education).  For Martha 

the agent on the first visit should compute a move for a referral to the diabetes nurse 

educator. 

After initiating treatment the decision agent should schedule a next visit.  For Martha 

the agent should schedule a next visit to occur within 90 days (ICSI, Section Ongoing 

Management Algorithm, Follow-up;  DeFronzo 1999; Clark, Sterrett et al. 2000). 

The decision agent should order blood glucose and lipids tests for the next visit.  The 

agent treating Martha should order an A1c test for the next visit if the visit occurs 60 or 

more days from the current visit otherwise the agent should order SMBG values for the 

next visit (ADA, Section Diabetes Care, Glycemic Control – glucose monitoring). 

Adjusting Treatment to Reach Goal: 
 

On next visits the decision agent should compute whether the patient is at goals by 

obtaining blood glucose, blood pressure, and lipids readings and comparing the values 

with goal values.  If the patient is above goal the agent should compute a medication 

move that increments the currently prescribed medication.  If Martha’s blood glucose is 

above goal the agent should compute a glucose medication move if 7 or more days have 
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passed since making a medication move.  If Martha’s SBP or LDL are above goal the 

agent should compute medication moves if 14 or more days have passed since making 

medication moves.  Otherwise if the decision agent computes that no medication moves 

are required then it should order blood glucose and lipid tests and schedule a next visit.   

The decision should make moves in the following manner (ICSI, Section Prescribe 

Non-Insulin Agents; SDM, Section Staged Management of Dyslipidemia, Start Drug 

Therapy; JNC8, Section Treatment, Pharmacologic Treatment): 

If metformin is less than the maximum dose of 2000mg then the agent should 

increment the dose by 500mg.  For metformin the doses should be increased from 500 to 

1000, 1000 to 1500, 1500 to 2000mg. 

If metformin is prescribed at 2000mg then the agent should start glipizide, the next 

non-contraindicated medication in the formulary, at 5mg. 

If glipizide is less than the maximum dose of 20mg then the agent can increment the 

dose by 5mg.  For glipizide the doses can be increased from 5 to 10, 10 to 15, 15 to 

20mg. 

If simvastatin is less than the maximum dose of 80mg then the agent should 

increment.  For simvastatin the doses should be increased from 5 to 10, 10 to 20, 20 to 

40, from 40 to 80mg. 

If lisinopril is less than the maximum dose of 60mg then the agent should increment.  

For lisinopril the doses should be increased from 20 to 40, 40 to 60mg. 

After computing medication moves for Martha the agent should compute a next visit.  

If Martha has not reached goals the agent should compute the next visit to occur within 

60 days (ICSI, Section Ongoing Management Algorithm, Follow-up;  DeFronzo 1999; 

                                                 
8 (2004). The Seventh Report of the Joint National Committee on Prevention, Detection, Evaluation, and 
Treatment of High Blood Pressure. Bethesda, National High Blood Pressure Education Program - National 
Heart, Lung, and Blood Institute. 
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Clark, Sterrett et al. 2000).  If Martha has reached goal the agent should compute the next 

visit to occur within 90 days (ICSI, Section Ongoing Management Algorithm, Follow-

up). 

After computing a next visit the agent should compute information seeking moves.  If 

the next visit is in 60 days or less then the agent should order SMBG values for next visit, 

otherwise the agent should order an A1c test (ADA, Section Diabetes Care, Glycemic 

Control – glucose monitoring).  If the last A1c test is more than 90 days old then the 

agent should order an A1c test (ADA, Section Diabetes Care, Glycemic Control – 

glucose monitoring).  If the patient has not reached LDL goal or the last lipids panel tests 

are older than 1 year then a lipids panel should be ordered.  If metformin is being titrated 

or if a creatinine test has not been ordered in the last 360 days then a creatinine test 

should be ordered (ICSI, Section Ongoing Management Algorithm, Follow-up;  

DeFronzo 1999; Clark, Sterrett et al. 2000).   

From the task analysis the following cues and actions were identified.  Cues are 

grouped according to those that are present at the start of the case and those that may be 

encountered as a result of actions taken while treating the patient. 
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Cue # Cues Present on the Initial Visit Action(s) 
1 • A1c above goal, and  

• A1c > Threshold for use of MNT alone 
for reaching goal (8%) 

• No oral prescribed 

Start a glucose oral 
medication 

2 • SBP > goal, and 
• No oral prescribed 

Start a blood pressure 
oral medication 

3 • LDL > goal, and 
• No oral prescribed 

Start a lipids oral 
medication 

4 • Patient not knowledgeable about disease Educate: make referral 
to nurse educator, 
continue MNT 

5 • A1c (or SMBG equivalent) > goal • Order blood glucose 
information for 
decision making on 
next visit 

• Schedule next visit 
6 • LDL > goal Order lipids panel 
   

Cue # Cues That Can Be Encountered on a Next Visit Action(s) 
7 • A1c (or SMBG equivalent) > goal, 

• Last move was made more than 7 days for 
metformin and sulfonylureas, more than 
28 days for TZDs. 

Increment dose of oral 
medication 

8 • A1c (or SMBG equivalent) > goal, 
• 1st oral agent prescribed at max dose 

Start 2nd medication 

9 • SBP > goal, 
• Last move was made more than 14 days 

ago 

Increment dose of blood 
pressure medication 

10 • LDL > goal, 
• Last move was made more than 14 days 

ago  

Increment dose of lipids 
medication 

11 • A1c (or SMBG equivalent) > goal • Order blood glucose 
information for 
decision making on 
next visit 

• Schedule next visit 
12 • LDL > goal or last LDL test > 1 year old Order lipids panel 

Table 20: Information cues found in Case 1.  Actions that should (or should not) be 
performed are stated for each set of cues. 

 
Case 2: Patient Type – Depressed – Using Insulin & Contraindicated Medication 
 

Case Description: Tom is a 57-year-old male with a 13 year history of diabetes. His 

medical records show a history of depression. He does not keep many of his medical 

appointments.  He checks his blood sugars once in a while and says they run in the 200’s. 
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He uses no particular meal or activity plan. He comes to the clinic complaining of weight 

gain, general fatigue and blurred vision.  Currently 135 units of insulin and 1000mg of 

metformin are prescribed to control Tom’s blood glucose.  Lab tests yielded an A1c value 

of 9.5% and a serum creatinine value of 1.5mg/dL.  Tom’s systolic blood pressure is 

150mmHg and his LDL level is 157mg/dL. 

Tom is representative of patients who are non-adherent to treatment regimens (in this 

case the comorbidity of depression causes Tom not to take his medications as prescribed) 

and have a high initial A1c value (above 10%).  Furthermore Tom represents patients that 

a decision agent could see on an initial visit that are taking both oral and insulin 

medications but are not at goal, and require adjustments in prescribed medications to 

remove contraindicated medications.  In addition to having a high A1c level, Tom 

represents patients whose blood pressure and lipids are poorly controlled.   

 
Case 2 Task Analysis 

 
Setting a Goal:  
 

On the initial visit the decision agent should obtain an A1c, systolic pressure (SBP), 

and Lipids (LDL) readings to determine if the patient is at goal for each (ADA, Section 

Diabetes Care, Initial Evaluation; Section Prevention and Management of Diabetes 

Complications, Hypertension and Dyslipidemia).  If the decision agent computes that the 

patient is above goal it should then set evidence-based goals – A1c (7%), SBP 

(130mmHg), LDL (100mg/dl) (ICSI, Section 11, Set Personalized Goal; Section 13, 

Treatment Goals for Patients without Cardiovascular Disease).  The agent should 

compute that Tom’s A1c of 10.5% is above the goal of 7.0%, that his SBP of 150mmHg 

is above the goal of 130, and that his LDL of 157mg/dL is above the goal of 100. 

Initiating Treatment:  
 

On the initial visit the agent should review medications that are currently taken by the 

patient and order tests (or obtain from records if current and available) that are needed to 
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determine if any medications are contraindicated (ADA, Section Diabetes Care, 

Assessment of Glycemic Control; Odegard and Capoccia 2007).  The agent should 

determine that metformin and insulin are prescribed to control Tom’s blood glucose.  The 

agent should compute that metformin is contraindicated because the serum creatinine 

value of 1.5mg/dL is equal to the 1.5mg/dL threshold for a metformin contraindication 

(ADA, Section Diabetes Care, Assessment of Glycemic Control).  The agent should 

compute that atorvastatin is prescribed to control LDL.  The agent should compute that 

HCTZ is prescribed to control blood pressure, and that the HCTZ is prescribed at a 

maximum dose that is safe for a patient with type 2 diabetes. 

The agent should compute whether Tom is of the depressed patient type because 

medications (including insulin) are prescribed and Tom’s A1c is above 9% (SDM, 

Section Behavioral Issues & Assessment).  Because Tom has a history of depression, 

uses insulin, and has a current A1c above 9% then the agent should compute that he is of 

the depressed patient type and then should make adherence moves.  The adherence moves 

should be composed of prescribing Zoloft at the minimum dose of 50mg, making a 

referral to a psychologist for counseling, and making a referral to a diabetes educator to 

improve Tom’s self-care and to support adherence to treatments (SDM, Section Type 2 

Diabetes, Patient Education; Ciechanowski, Katon et al. 2000). 

The agent should compute medication moves to (1) stop metformin because it is 

contraindicated, (2) start a replacement insulin sensitizer of pioglitazone at the minimum 

dose of 15mg, (3) increment the insulin dose, (4) increment the dose of atorvastatin, and 

(5) start lisinopril as a second blood pressure medication. 

The decision agent should order blood glucose and lipid tests for the next visit.  The 

agent treating Tom should order an A1c test and SMBG values for the next visit if the 

visit occurs 60 or more days from the current visit otherwise the agent should order 

SMBG values for the next visit (ADA, Section Diabetes Care, Glycemic Control – 

glucose monitoring). 
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After initiating treatment the decision agent should schedule a next visit.  For Tom 

the agent should schedule a next visit to occur within 30 days because insulin is being 

titrated (ICSI, Section Ongoing Management Algorithm, Follow-up;  DeFronzo 1999; 

Clark, Sterrett et al. 2000). 

Adjusting Treatment to Reach Goal: 
 

On next visits the agent should compute whether the patient is at goal by obtaining 

blood glucose, blood pressure, and LDL readings and comparing these values with goal 

values.  If the patient is above goal the agent should compute medication moves that 

increment currently prescribed medication (ICSI, Sections Prescribe Non-Insulin Agents, 

Prescribe Insulin Agents; DeWitt and Dugdale 2003).  The agent should check SMBG 

values to compute whether Tom has experienced any hypoglycemic events (any pre-meal 

value less than 50mg/dL or any two values within 3 days that are less than 70mg/dL).  If 

no hypoglycemic event is detected then the agent should compute an insulin move. The 

agent should compute an oral medication move if 28 or more days have passed since 

making a TZD move, otherwise the agent should not make an oral move on the current 

visit (ICSI, Sections Prescribe Non-Insulin Agents; Intensifying Therapy).  The decision 

agent should make TZD moves in the following manner: 

If pioglitazone is less than the maximum dose of 45mg then the agent should 

increment the dose by 15mg.  For pioglitazone the doses should be increased from 15 to 

30, 30 to 45mg. 

The decision agent should make blood pressure moves in the following manner (JNC, 

Section Treatment, Pharmacologic Treatment): 

If lisinopril is less than the maximum dose of 60mg then the agent should increment.  

For lisinopril the doses should be increased from 20 to 40, 40 to 60mg. 

The decision agent should make LDL moves in the following manner (SDM, Section 

Staged Management of Dyslipidemia, Start Drug Therapy): 
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If atorvastatin is less than the maximum dose of 80mg then the agent should 

increment.  For atorvastatin the doses should be increased from 5 to 10, 10 to 20, 20 to 

40, from 40 to 80mg. 

If atorvastatin is prescribed at 80mg then the agent should start fenofibrate, the next 

non-contraindicated medication in the formulary, at 70mg. 

If fenofibrate is less than the maximum dose of 200mg then the agent can increment 

the dose.  For glipizide the doses can be increased from 70 to 140, 140 to 200mg. 

After computing a medication move for Tom the agent should compute a next visit.  

If Tom has not reached goal the agent should compute the next visit to occur within 30 

days (ICSI, Section Ongoing Management Algorithm, Follow-up;  DeFronzo 1999; 

Clark, Sterrett et al. 2000).  If Tom has reached goal the agent should compute the next 

visit to occur within 90 days (ICSI, Section Ongoing Management Algorithm, Follow-

up). 

After computing a next visit the agent should compute information seeking moves.  

The agent should order SMBG values for next visit (ADA, Section Diabetes Care, 

Glycemic Control – glucose monitoring).  If the last A1c test is more than 90 days old 

then the agent should also order an A1c test (ADA, Section Diabetes Care, Glycemic 

Control – glucose monitoring).  If the patient has not reached LDL goal or the last lipids 

panel tests are older than 1 year then a lipids panel should be ordered (ICSI, Section 

Ongoing Management Algorithm, Follow-up;  DeFronzo 1999; Clark, Sterrett et al. 

2000). (ICSI, Section Ongoing Management Algorithm, Follow-up; SDM, Dyslipidemia 

Treatment / Adjust DecisionPath). 

From the task analysis the following cues and actions were identified. Cues are 

grouped according to those that are present at the start of the case and those that may be 

encountered as a result of actions taken while treating the patient. 
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Cue # Cues Present on the Initial Visit Action(s) 
1 • Metformin > 0, 

• creatinine > 1.5mg/dL 
Stop metformin 

2 • Insulin prescribed at larger than 0.7units/kg 
(threshold value specified by SDM) 

Prescribe insulin sensitizer 
(TZD) 

3 • History of depression,  
• complaints of fatigue,  
• A1c > 8% & taking multiple glucose 

medications 

Treat depression (psychologist 
and antidepressant) 

4 • A1c (or SMBG equivalent) > goal, 
• Insulin prescribed 

Increment insulin 

5 • Patient not knowledgeable about disease Educate: make referral to nurse 
educator, start MNT 

6 • SBP > goal, and  
• Blood pressure medication is prescribed at 

max dose 

Start next blood pressure 
medication in formulary 
(lisinopril) 

7 • LDL > goal, and 
• Lipid medication is prescribed 
• Last move was made more than 14 days ago 

Increment dose of current 
medication, if current med at 
maximum dose then start next 
lipids medication in formulary 

8 • A1c (or SMBG equivalent) > goal • Order blood glucose 
information for decision 
making on next visit 

• Schedule next visit 
9 • LDL > goal Order lipids panel 
   

Cue # Cues Than Can Be Encountered on a Next Visit Action(s) 
10 • A1c (or SMBG equivalent) > goal • Order blood glucose 

information for decision 
making on next visit 

• Schedule next visit 
11 • LDL > goal or last LDL test > 1 year old Order lipids panel 
12 • SBP > goal 

• Last move was made more than 14 days ago 
Increment dose of SBP med 

13 • LDL > goal 
• Last move was made more than 14 days ago 

Increment LDL med 

14 • LDL > goal, 
• Current LDL med(s) prescribed at max dose 
• Last move was made more than 14 days ago 

Start next LDL med 

15 • SMBG > goal and no hypoglycemic events 
• Insulin prescribed 

Increment insulin 

16 • A1c (or SMBG equivalent) > goal, 
• TZD dose less than maximum dose 
• No TZD move made within last 28 days 

Increment TZD dose 

Table 21: Information cues found in Case 2.  Actions that should (or should not) be 
performed are stated for each set of cues. 
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Case 3: Patient Type – Compliant – Insulin Initiation Required 

Patient History: Bill has type 2 diabetes and is obese.  He has coronary heart disease 

and is in poor diabetes control. He does not feel well educated in diabetic self-care, is on 

a high-fat diet and has a sedentary lifestyle with no exercise. He is allergic to 

sulfonylureas. His medications include rosiglitazone 4mg twice a day.   On his first visit 

results of laboratory tests show that his A1c value was 9.8% and his serum creatinine was 

1.5mg/dL.  Bill has a systolic pressure of 130mmHg and an LDL of 122mg/dL. 

Bill is representative of patients on oral medication, but not at goal, who start 

treatment with a new primary care physician.  Based on Bill’s initial A1c value he is 

representative of patients in the A1c range between 8% and 10% who will adhere to 

prescribed treatment regimens.  Furthermore Bill represents patients that require the 

initiation of insulin in order to reach A1c goal, and the initiation of medication to reach 

LDL goal. 

 
 
Case 3 Task Analysis 

 
Setting a Goal:  
 

On the initial visit the decision agent should obtain an A1c, systolic pressure (SBP), 

and Lipids (LDL) readings to determine if the patient is at goal for each (ADA, Section 

Diabetes Care, Initial Evaluation; Section Prevention and Management of Diabetes 

Complications, Hypertension and Dyslipidemia).  If the decision agent computes that the 

patient is above goal it should then set evidence-based goals – A1c (7%), SBP 

(130mmHg), LDL (100mg/dl) (ICSI, Section 11, Set Personalized Goal; Section 13, 

Treatment Goals for Patients without Cardiovascular Disease).  The decision agent 

should compute that Bill’s A1c of 9.8% is above the goal of 7.0%, that his SBP of 

130mmHg is at the goal of 130, and that his LDL of 122mg/dL is above the goal of 100. 

Initiating Treatment:  
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On the initial visit the agent should review medications that are currently taken by the 

patient and order tests (or obtain from records if current and available) that are needed to 

determine if any medications are contraindicated (ADA, Section Diabetes Care, 

Assessment of Glycemic Control).  The agent should determine that rosiglitazone is 

prescribed to control Bill’s blood glucose.  The agent should compute that metformin is 

contraindicated because the serum creatinine value of 1.5mg/dL is equal to the 1.5mg/dL 

threshold for a metformin contraindication (ADA, Section Diabetes Care, Assessment of 

Glycemic Control).  The agent should compute that sulfonylureas are contraindicated 

because of the presence of a sulfonylurea allergy (ICSI, Section Prescribe Non-Insulin 

Agents, Second-Generation Sulfonylureas). 

The agent should compute a medication move to start insulin (no additional orals can 

be made with non-contraindicated medications).  The agent should compute an initial 

bedtime insulin dose based on Bill’s weight (261lbs/2.2lbs/kg * 0.1units/kg = 12 units). 

The agent should compute a move to start a lipid medication (SDM, Section Staged 

Management of Dyslipidemia, Start Drug Therapy).  If atorvastatin is less than the 

maximum dose of 80mg then the agent should increment the dose.  If atorvastatin has not 

been started then it should be initiated at 5mg.  For atorvastatin the doses should be 

increased from 5 to 10, 10 to 20, 20 to 40, from 40 to 80mg. 

The agent treating Bill should order an A1c test and SMBG values for the next visit if 

the visit occurs 60 or more days from the current visit otherwise the agent should order 

SMBG values for the next visit (ADA, Section Diabetes Care, Glycemic Control – 

glucose monitoring).  The agent should order a lipids panel for the next visit. 

After initiating treatment the agent should schedule a next visit.  For Bill the agent 

should schedule a next visit to occur within 30 days because insulin is being titrated 

(ICSI, Section Ongoing Management Algorithm, Follow-up;  DeFronzo 1999; Clark, 

Sterrett et al. 2000). 
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Adjusting Treatment to Reach Goal: 
 

On next visits the decision agent should compute whether the patient is at goal by 

obtaining blood glucose, blood pressure, and lipids readings and compare those values 

with the goal values.  If the patient is above goal the agent should compute medication 

moves that increment currently prescribed medication (ICSI, Sections Prescribe Non-

Insulin Agents, Prescribe Insulin Agents; DeWitt and Dugdale 2003).  The decision agent 

should check SMBG values to compute whether Bill has experienced any hypoglycemic 

events (any pre-meal value less than 50mg/dL or any two values within 3 days that are 

less than 70mg/dL).  If no hypoglycemic event is detected then the agent should compute 

an insulin move (Strange 2007).  

If LDL is above goal then the agent should compute a next lipid move (SDM, Section 

Staged Management of Dyslipidemia, Start Drug Therapy).  If atorvastatin is less than 

the maximum dose of 80mg then the agent should increment the dose.  For atorvastatin 

the doses should be increased from 5 to 10, 10 to 20, 20 to 40, from 40 to 80mg. 

If the patient’s blood pressure is above goal then the agent should compute a blood 

pressure move (JNC, Section Treatment, Pharmacologic Treatment).  If no blood 

pressure medication is prescribed then the agent should initiate lisinopril at 20mg.  If 

lisinopril has been initiated and is less than the maximum dose of 60mg then the agent 

should increment the dose.  For lisinopril the doses should be increased from 20 to 40, 40 

to 60mg.   

After computing a medication move for Bill the decision agent should compute a next 

visit.  If Bill has not reached goal the agent should compute the next visit to occur within 

30 days (ICSI, Section Ongoing Management Algorithm, Follow-up;  DeFronzo 1999; 

Clark, Sterrett et al. 2000).  If Bill has reached goal the agent should compute the next 

visit to occur within 90 days (ICSI, Section Ongoing Management Algorithm, Follow-

up). 
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After computing a next visit the agent should compute information seeking moves.  

The decision agent should order SMBG values for next visit (ADA, Section Diabetes 

Care, Glycemic Control – glucose monitoring).  If the last A1c test is more than 90 days 

old then the agent should order an A1c test (ADA, Section Diabetes Care, Glycemic 

Control – glucose monitoring).  If the patient has not reached LDL goal or the last lipids 

panel tests are older than 1 year then a lipids panel should be ordered (ICSI, Section 

Ongoing Management Algorithm, Follow-up;  DeFronzo 1999; Clark, Sterrett et al. 

2000). (ICSI, Section Ongoing Management Algorithm, Follow-up; SDM, Dyslipidemia 

Treatment / Adjust DecisionPath). 

From the task analysis the following cues and actions were identified. 
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Cue # Cues Present on the Initial Visit Action(s) 

1 • A1c (or SMBG equivalent) > goal, 
• History of sulfonylurea allergy 

Do not start sulfonylurea 

2 • A1c > goal, 
• Creatinine > 1.5 mg/dL 

Do not start metformin 

3 • A1c (or SMBG equivalent) > goal, 
• TZD prescribed at maximum dose, 
• No other orals available to prescribe 

Initiate insulin 

4 • LDL > goal Initiate atorvastatin 
5 • Patient not knowledgeable about disease Educate: make referral to 

nurse educator, 
continued MNT 

6 • A1c (or SMBG equivalent) > goal • Order blood glucose 
information for 
decision making on 
next visit 

• Schedule next visit 
7 • LDL > goal Order lipids panel 
   

Cue # Cues Than Can Be Encountered on a Next Visit Action(s) 
8 • LDL > goal, and 

• Lipid medication is prescribed 
• Last move was made more than 14 days 

ago 

Increment dose of 
current medication, if 
current med at maximum 
dose then start next 
lipids medication in 
formulary 

9 • SBP > goal 
• Last move was made more than 14 days 

ago 

Increment dose of 
current medication, if no 
med is prescribed then 
start lisinopril 

10 • A1c (or SMBG equivalent) > goal • Order blood glucose 
information for 
decision making on 
next visit 

• Schedule next visit 
11 • LDL > goal or last LDL test > 1 year old Order lipids panel for 

next visit 
12 • SMBG > goal and no hypoglycemic events 

• Insulin prescribed 
• Last insulin move was more than 3 days 

ago 

Increment insulin dose 

Table 22: Information cues found in Case 3.  Actions that should (or should not) be 
performed are stated for each set of cues. 

The models will be tested on these patient cases to determine if cues lead to actions 

identified in the task analyses.  The presented cases only cover a portion of the entire 

distribution of type 2 diabetes patients.  However cues that were identified in each case 
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are applicable to the entire distribution of type 2 diabetes patients.  The next section 

groups cue-action sets into generalized categories of action that are applicable to any type 

2 diabetes patient case.  These generalized categories will be used later to categorize 

errors that are attributable to performance models (see next chapter). 

5.2.4 Generalizing Cues 

The cue-action sets identified in the Simcare cases are grouped into five general 

categories.  The categories represent types of moves the models need to compute.  The 

categories and the mapping of Simcare case cue-action sets are:  

Initiating, titrating, or intensifying treatment – Case 1 (cues: 1, 2, 3, 7, 8, 9, 10, 11, 

12), Case 2 (cues: 2, 4, 6, 7, 12, 13, 14, 15, 16), Case 3 (cues: 3, 4, 8, 9, 12). These cues 

are all associated with actions where medications are started or titrated.  Common to all 

of these cues is patient state values are not at goals. 

Managing adherence – Case 1 (cue: 4), Case 2 (cues: 3, 5), Case 3 (cue: 5). These 

cues are associated with educating the patient on self-care practices or, for cue 3 on Case 

2, treating depression to increase adherence. Common to all of these cues is the patient is 

educated on some type of self-care practice. 

Seeking patient state information – Case 1 (cues: 5, 6, 13, 14), Case 2 (cues: 8, 9, 10, 

11), Case 3 (cues: 6, 7, 10, 11). These cues are associated with requesting blood glucose 

information on a next visit in order to make decisions about next treatment moves. 

Scheduling next visits – Case 1 (cues: 5, 13), Case 2 (cues: 8, 10), Case 3 (cues: 6, 

10). These cues are for scheduling next visits with patients that have A1c values above 

goal. 

Properly using blood glucose medications – Case 2 (cue: 1), Case 3 (cues: 1, 2). 

These cues are associated with patient states where contraindicated medications are not 

started or are stopped if in use with the patient. 
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The next section shows the results of running the models on the Simcare patient 

cases.  For each model treating each patient, information obtained and actions taken are 

examined on a per visit basis to determine if individual cues were properly processed 

according to the task analyses.   

5.3  Testing the Models on the Simcare Patient Cases 

 
An experiment was conducted where the feedback and feedforward models treated 

the three Simcare cases.  This section reports the design of the experiment and the results. 

5.3.1 Design of Experiment 

Objective:        (1) Test the models’ capability to bring the Simcare patients to an 

evidence-based blood glucose goal (A1c < 7%). (2)  Checking the agreement of cues-

actions specified in Section 5.2.3 with information obtained and actions taken by each 

model.  

Subjects:  The three patients were described more fully in the earlier part of this 

chapter: 

• Case 1: patient with A1c of 9.5% who is not taking any medication at the start 

of treatment. 

• Case 2: patient with A1c of 10.5% who is taking insulin and other 

medications, and has a history of depression. 

• Case 3: patient with A1c of 9.8% who is taking an oral medication, all other 

oral medications are contraindicated. 

Procedure:  

Each model (feedback and feedforward) treats blood glucose, blood pressure, and 

lipids in each of the patients; respective goals are A1c < 7%, systolic BP < 130mmHg, 

LDL < 100mg/dL.  
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Each model treats each patient for at least 1 year of simulated time or until A1c goal 

is reach.   

On each visit a record is made of information seeking, scheduling, and treatment 

moves. On each visit a record is made of patient states.   

On each case the cues identified earlier in the chapter are examined to determine (1) 

if moves were made to obtain information for detecting the cue and (2) if actions (moves) 

were made as identified in the cues-actions analysis. Matches between cues-actions 

identified in Section 5.2.3 and within a model’s performance were labeled as “Hits”; 

mismatches were labeled as “Misses.” 

5.3.2 Results and Analyses of Computations 

Feedback and feedforward models each treated the three Simcare cases.  A record of 

moves made by the models and patient responses were captured in a process trace.  

Process traces are summarized in a format referred to as a decision graph.  Decision 

graphs are tabular summaries where rows show patient states and moves made by the 

models, columns report values as of a given visit (see Table 23 as an example).   

Decision graphs are composed of four sections: lab and referral orders, med orders, 

patient state, and scheduling.  The presence of a lab or referral order is denoted as ‘X’ 

and absence of a lab order is denoted as ‘-‘.   Lab orders show information seeking moves 

that were computed by the model for a visit.  Orders for A1c, lipid, and creatinine values 

simulate laboratory tests where results are available for the model to compute on the next 

visit.  Orders for systolic blood pressure (abbreviated SBP, measured in the office at the 

start of every visit) and SMBG values (patient self-reported blood glucose measures) 

simulate information available to the model on a current visit.  Referrals are orders made 

to send the patient to a healthcare professional.  The model can only have access to 

patient state information for computing moves by making necessary information seeking 

moves.  Med orders show medication prescriptions as of the conclusion of the displayed 

visit.  Medication orders are prescribed for patients to take on a daily basis. The 
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scheduling section shows the scheduling move made on a current visit for days until the 

next visit; also elapsed days in treatment are shown. 

The results of analyzing each decision graph for correspondence between model 

performance and cues-actions identified for each case are summarized in tabular form.  

These summary tables are referred to as Hit-Miss tables.  Below are decision graphs and 

cue-action analyses for each model on each case.  

Feedback Model Performing Case 1 
 

FB - Case 1 Visit Number 1 2 3 4 5 6 

Lab and Referral Orders             

  MNT X -- -- -- -- -- 

  Nurse Educator X -- -- -- -- -- 

  A1c Order X X X X X X 

  SMBG order -- -- -- -- -- -- 

  Creat Order X X X X -- -- 

  Lipid Order X X X -- -- -- 

 

Blood pressure X X X X X X 
Med Orders             

  Glipizide 0 0 0 0 5 5 

  Metformin 500 1000 1500 2000 2000 2000 

  Atorvastatin 5 10 20 20 20 20 

  Lisinopril 20 20 20 40 40 40 

Patient State             

  A1c 9.5 8.7 8.3 7.9 7.1 6.3 

  Avg SMBG 232 217 194 184 154 128 

  Creatinine 0.8 1.2 1.2 1.2 1.3 1.3 

  LDL 141 107 102 92 91 90 

  HDL 30 32 34 38 39 37 

  Triglyceride 189 184 175 157 159 162 

  Systolic BP 152 128 128 130 124 123 

  Weight 191 185 186 187 188 188 

  Depression 10 10 10 10 10 10 

  Adherence 0.9 1 1 1 1 1 

Scheduling 

        Days to Next Visit 60 60 60 60 60 90 

  Days in Treatment 0 60 120 180 240 300 

Table 23: Decision graph for the feedback model performing Case 1.  
 

The actions associated with the cues-actions of Case 1 are presented below in Table 

24.  The feedback model computed moves needed to identify the cues and to make moves 

that corresponded with the actions identified for Case 1.  Following Table 24 is a 

narrative describing actions the model took for the identified cues. 
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FIRST VISIT 

Cue Number & Action Score 
1.  Start oral therapy for blood glucose Hit 
2.  Start oral therapy for blood pressure Hit 
3.  Start oral therapy for lipids Hit 
4.  Educate patient on diabetes Hit 
5.  Schedule next visit & order blood glucose information Hit 
6.  Order lipids panel Hit 
  

NEXT VISITS (applicable visit numbers) 
Cue Number & Action Score 
7. Increment dose of oral glucose med (2,3,4) Hits 
8. Start combination therapy – blood glucose (5) Hit 
9. Increment blood pressure med (4) Hit 
10.  Increment lipids med (2,3) Hits 
11.  Schedule next visit & order glucose information (2,3,4,5,6) Hits 
12.  Order lipids panel (2,3) Hits 

Table 24: Hit-Miss scoring for the feedback model performing Case 1. On next visits 
the applicable visit numbers where cues were present are given in parentheses. 

Below are the computations the model performed on a visit-by-visit basis in order to 

treat the patient in Case 1. 

Analysis of Feedback Model Performing Case 1 

On the first visit the feedback model was presented with the patient’s initial A1c, 

SBP, LDL, and creatinine values.  The model computed that the patient was above goal 

for blood glucose, blood pressure, and LDL.  The model computed first treatment moves:  

medical nutrition therapy was started and a referral to the nurse to educate the patient on 

self-care, initial doses of medications were started to move blood glucose (metformin), 

blood pressure (lisinopril), and LDL (atorvastatin) toward goal.  The model computed 

information seeking moves to support decision making on the next visit, the tests orders 

were for A1c, lipid, and creatinine values.  The A1c test was ordered for the next visit to 

compute if additional moves were needed for reaching A1c goal.  Lipids were ordered 

because the patient’s LDL was above goal and medications were being titrated to reach 

goal.  Creatinine was ordered to compute if metformin was contraindicated (the model 
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computes that metformin is contraindicated when creatinine values are 1.5mg/dL, in 

which case metformin is stopped).  The model computed the next visit to occur in 60 

days.   

On the 2nd and 3rd visits the model computed an information seeking move to obtain 

A1c, SBP, and LDL test values.  The model computed that the patient was above goal for 

A1c and LDL.  The model computed medication moves as dose increases for the glucose 

(metformin) and LDL (simvastatin) medications.  The model computed that SBP goal 

had been reached and computed that the current dose of lisinopril was to be maintained.  

Information seeking moves were computed for creatinine, LDL, and A1c tests.  The next 

visit was computed to occur in 60 days.   

On the 4th visit the model computed an information seeking move to obtain A1c, 

SBP, and LDL test values.  The model computed that LDL had reached goal and 

computed a move to maintain the current doses of lipid medications.  The model 

computed that A1c and SBP were above goal and then computed medication moves 

which entailed incrementing the doses of the glucose (metformin) and blood pressure 

(lisinopril) medications.  The model computed that LDL goal had been reached and that 

LDL tests would only be ordered once per year to meet organizational testing 

requirements.  The model computed that a creatinine test was to be ordered because 

metformin was being titrated.  The model computed an A1c test was needed for the next 

visit.  The model computed the next visit to occur in 60 days. 

On the 5th visit the model computed an information seeking move to obtain A1c and 

SBP test values.  The model computed that LDL remained at goal and SBP had reached 

goal and computed moves to maintain the current doses of lipid (atorvastatin) and blood 

pressure (lisinopril) medications.  The model computed that A1c was above goal and then 

computed a medication move which entailed incrementing the doses of the glucose 

medication, since metformin was prescribed at the maximum dose the next medication in 

the formulary (glipizide) was started.  The model computed an A1c test was needed for 

the next visit.  The model computed the next visit to occur in 60 days. 
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On the 6th visit the model computed an information seeking move to obtain A1c and 

SBP test values.   The model computed that A1c, LDL, and SBP had reached goal and so 

computed moves to maintain the current doses of lipid (atorvastatin), blood pressure 

(lisinopril), and glucose (metformin, glipizide) medications.  The model computed an 

A1c test was needed for the next visit.  The model computed the next visit to occur in 90 

days since all goals had been reached. 

Feedforward Model Performing Case 1 
 

FF - Case 1 Visit Number 1 2 3 4 5 6 
Lab and Referral Orders             
  MNT X -- -- -- -- -- 
  Nurse Educator X -- -- -- -- -- 
  A1c order -- -- -- -- X X 
  SMBG view X X X X X X 
  Creat Order X X X X -- -- 
  Lipid Order X X X X -- -- 

Blood Pressure X X X X X X 
Med Orders             
  Glipizide 0 0 0 0 5 5 
  Metformin 500 1000 1500 2000 2000 2000 
  Atorvastatin 5 5 10 20 20 20 
  Lisinopril 20 20 20 40 40 40 
Patient State             
  A1c 9.5 9.2 8.9 8.1 7.3 6.5 
  Avg SMBG 232 218 196 185 155 129 
  Creatinine 0.8 1.2 1.2 1.2 1.3 1.3 
  LDL 141 132 125 111 98 98 
  HDL 30 29 30 35 38 38 
  Triglyceride 189 190 186 174 166 164 
  Systolic BP 152 129 128 130 123 122 
  Weight 191 189 189 188 188 189 
  Depression 10 10 10 10 10 10 
  Adherence 0.9 1 1 1 1 1 
Scheduling 
  Days to Next Visit 7 7 28 28 28 90 
  Day in Treatment 0 7 14 42 70 98 

Table 25: Decision graph for the feedforward model performing Case 1 

 
  



116 
 

The actions associated with the cues-actions of Case 1 are presented below in Table 

26.  The feedforward model computed moves needed to identify the cues and to make 

moves that corresponded with the actions identified for Case 1.   

FIRST VISIT 
Cue Number & Action Score 
1.  Start oral therapy for blood glucose Hit 
2.  Start oral therapy for blood pressure Hit 
3.  Start oral therapy for lipids Hit 
4.  Educate patient on diabetes Hit 
5.  Schedule next visit & order blood glucose information Hit 
6.  Order lipids panel Hit 
  

NEXT VISITS (applicable visit numbers) 
Cue Number & Action Score 
7. Increment dose of oral glucose med (2,3,4) Hits 
8. Start combination therapy – blood glucose (5) Hit 
9. Increment blood pressure med (4) Hit 
10.  Increment lipids med (3,4) Hits 
11.  Schedule next visit & order glucose information (2,3,4,5,6) Hits 
12.  Order lipids panel (2,3) Hits 

Table 26: Hit-Miss scoring for the feedforward model performing Case 1.  On next 
visits the applicable visit numbers where cues were present are given in parentheses. 

 
Below are the computations the model performed on a visit-by-visit basis in order to 

treat the patient in Case 1. 

Analysis of Feedforward Model Performing Case 1 

On the first visit the feedforward model was presented with the patient’s initial A1c, 

SBP, LDL, and creatinine values.  The model computed that the patient was above goal 

for blood glucose, blood pressure, and LDL. The model computed medication moves 

because patient states were above goal.  Prior to computing moves the model computed 

amount needed to treat (ANT) blood glucose based on the patient’s initial distance to goal 

and the estimated effects of medications in the medication set.  ANT was computed as 

100% of metformin and 50% of glipizide.  The computed moves were medical nutrition 
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therapy (MNT), a referral was made to the nurse to educate the patient, and initial doses 

of medications for treating glucose (metformin), blood pressure (lisinopril), and LDL 

(atorvastatin). 

The model computed the next visit to occur in 7 days (minimum time required for a 

patient to become accustomed to a new dose increment) in order to raise the patient’s rate 

of progress, the starting rate of progress was zero.  The model computed information 

seeking moves for creatinine (because metformin is being titrated) and LDL tests. 

On the 2nd visit the model computed an information seeking move to obtain SMBG, 

SBP, and LDL test values.  The model computed that the patient was above glucose goal.  

The model computed a medication move that consisted of increasing the dose of the 

glucose (metformin) medication by incrementing the dose by a tablet.  The model 

computed that LDL was above goal but could not increase the dose because the model 

was constrained not to increase blood pressure or lipid medications more frequently than 

every 14 days.  The model computed that SBP goal had been reached and computed a 

move to maintain the current dose of the blood pressure medication (lisinopril).  The 

model computed that the patient’s SMBGs were not decreasing as expected (expectation 

discrepancy > 0) and then computed the next visit to occur in 7 days.  The model 

computed information seeking moves for creatinine and LDL tests for next visit. 

On the 3rd visit the model computed an information seeking move to obtain SMBG, 

SBP, and LDL test values.  The model computed that the patient was not at blood glucose 

or LDL goals.  The model computed dose increments for the glucose (metformin) and 

LDL (atorvastatin) medications.  The model computed that the patient remained at SBP 

goal and maintained the current dose of the blood pressure medication (lisinopril).  The 

model computed that the patient’s SMBG values were decreasing as expected 

(expectation discrepancy < 0) and then computed the next visit to occur in 28 days.  The 

model computed information seeking moves for creatinine and LDL tests for the next 

visit. 
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On the 4th visit the model computed an information seeking move to obtain SMBG, 

SBP, and LDL test values.  The model computed that the patient was not at blood glucose 

or LDL goals, and that the SBP had risen above goal.  The model incremented 

medication doses for glucose, SBP, and LDL.  It was computed that SMBG was 

decreasing at the expected rate (expectation discrepancy < 0) and then the next visit was 

computed to occur in 28 days.  The model computed information seeking moves of 

creatinine and LDL tests for the next visit.   

On the 5th visit the model computed an information seeking move to obtain SMBG, 

SBP, and LDL test values.  The model computed that the patient was above the blood 

glucose goal but had reached blood pressure and LDL goals.  The model computed a 

medication move, since metformin was prescribed at maximum dose the next medication 

(glipizide) in the medication set was started at the minimum dose.  The model computed 

moves for maintaining the doses of blood pressure and LDL medications.  The model 

computed that expected changes in SMBG values were obtained (expectation discrepancy 

< 0) and then computed the next visit to occur in 28 days.  The model computed an 

information seeking move to order an A1c test in order to meet organizational 

requirements for test A1c every 90 days. 
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Feedback Model Performing Case 2 
 

FB - Case 2 Visit Number 

 

1 2 3 4 5 6 

Lab and Referral Orders               

  MNT   X -- -- -- -- -- 

  Psychologist   X -- -- -- -- -- 

  Nurse Educator   X -- -- -- -- -- 

  A1c Order   X X X X X X 

  SMBG order   X X X X X X 

  Creat Order   -- -- -- -- -- X 

  Lipid Order   X X X X X X 

 

Blood Pressure 

 

X X X X X X 
 Med Orders  Starting Meds             

  Metformin 1000 0 0 0 0 0 0 

  Pioglitazone   15 30 45 45 45 45 

  Zoloft   50 50 50 50 50 50 

  Insulin 135 152 169 186 186 186 186 

  Atorvastatin 20 40 80 80 80 80 80 

  Fenofibrate   0 0 70 140 200 200 

  HCTZ 25 25 25 25 25 25 25 

  Lisinopril   20 20 20 20 20 20 

 Patient State               

  A1c   10.5 9.1 8 6.9 6.7 6.7 

  Avg SMBG   265 260 222 185 180 182 

  Creatinine   1.5 1.9 1.9 1.9 1.9 1.9 

  LDL   158 130 116 110 108 108 

  HDL   26 28 29 36 42 45 

  Triglyceride   379 302 294 260 231 192 

  Systolic BP   152 118 118 119 119 119 

  Weight   291 286 287 287 288 289 

  Depression   60 15 15 15 15 15 

  Adherence   0.5 1 1 1 1 1 

Scheduling 

         Days to Next Visit   30 30 30 90 90 90 

  Days in Treatment   0 30 60 90 180 270 

Table 27: Decision graph for the feedback model performing Case 2 
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The actions associated with the cues-actions of Case 2 are presented below inTable 

28.  The feedback model computed moves needed to identify the cues and to make moves 

that corresponded with the actions identified for Case 2.  Following Table 28  is a 

narrative describing actions the model took for the identified cues. 

FIRST VISIT 
Cue Number & Action Score 
1.  Stop contraindicated medication Hit 
2.  Prescribe insulin sensitizer Hit 
3.  Treat depression Hit 
4.  Titrate insulin Hit 
5.  Educate patient on diabetes Hit 
6.  Start next blood pressure med Hit 
7.  Increment lipids med Hit 
8.  Schedule next visit & order blood glucose information Hit 
9.  Order lipids panel Hit 
  

NEXT VISITS (applicable visit numbers) 
Cue Number & Action Score 
10. Schedule next visit and order glucose information (2,3,4,5,6,7) Hits 
11. Order lipid panel information (2,3,4,5,6,7) Hits 
12. Increment blood pressure med N/A 
13. Increment lipids med (2,3,4,5) Hits 
14. Start next lipids med (3) Hit 
14*. Start next lipids med (6,7) Misses 
15. Increment insulin dose (2,3) Hits 
16. Increment TZD dose (2,3) Hits 

Table 28: Hit-Miss scoring for the feedback model performing Case 2.  On next 
visits the applicable visit numbers where cues were present are given in parentheses. 
N/A indicates that the cue is not applicable because the model never encountered it. 

 
Table 28 above shows that the model missed responding to the cue for starting a next 

lipid medication on visits 6 and 7.  By visit 5 the model had prescribed the maximum 
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dose of the lipids medications that were available in the formulary, consequently the 

model ran out of lipids moves and could not bring the patient to LDL goal.9 

Below are the computations the model performed on a visit-by-visit basis in order to 

treat the patient in Case 2. 

Analysis of Feedback Model Performing Case 2 

On the 1st visit the feedback model was presented with the patient’s initial A1c, SBP, 

SMBG, LDL, and creatinine values.  The model computed that the patient was above 

goal for blood glucose, blood pressure, and LDL.  The model computed that the patient 

was of the depressed patient type based on the patient’s history of depression and the fact 

that the patient had prescriptions for oral and insulin medication but had an A1c above 

8%.  The model computed adherence moves to treat depression which included the 

following: (1) referring the patient to a psychologist and a nurse educator, (2) starting the 

patient on medical nutrition therapy, and (3) prescribing an antidepressant (Zoloft).  The 

model computed that the patient’s creatinine was 1.5mg/dL and stopped metformin 

because it was contraindicated and computed an oral move for starting a TZD 

(pioglitazone) in place of metformin.  The model computed medication moves of: an 

insulin dose increment (basal adjust amount of 5 units, 3 X meal adjust amounts of 4 

units each), statin (atorvastatin) dose increment, and a starting dose of a blood pressure 

medication (lisinopril). 

                                                 
9 In the Simcare Experiment on Case 2 only 2 physicians were able to achieve LDL goal.  These physicians 
(4008 and 4024) both treated depression which raised the patient’s level of adherence to prescribed 
treatment regimens.  These physicians prescribed 80mg of atorvastatin to achieve LDL goal.  When the 
model treated depression and prescribed 80mg of atorvastatin it was not able to achieve LDL goal (it was 
within 7mg/dL of goal).  The reason is not evident for why physicians and models prescribing the same 
dose of LDL medication obtain different results. Models and physicians used the same formularies for 
treating patients.  A possible explanation is the two implementations of the simulated patient (the 
experimental interface used in the Simcare experiment & the patient DLL used with the models) compute 
the same equations but do so in different ways which may under some circumstances lead to slightly 
different results. 
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Because the patient was taking insulin the model used SMBG information for 

computing moves.  The model computed the next visit to occur in 30 days.  The model 

computed an information seeking move to order A1c and LDL tests for the next visit. 

On the 2nd visit the model computed an information seeking move to obtain A1c, 

SMBG, SBP, and LDL test values.  The model computed that the patient was above 

glucose and lipid goals.  The model computed medication moves to increment the doses 

of atorvastatin (statin), pioglitazone (TZD), and insulin (basal adjust amount of 5 units, 3 

X meal adjust amounts of 4 units each).  The model computed that blood pressure goal 

had been reached and computed that the dose of lisinopril was to be maintained.  The 

model computed the next visit to occur in 30 days.  The model computed an information 

seeking move ordering A1c and LDL tests for next visit. 

On the 3rd visit the model computed an information seeking move to obtain A1c, 

SMBG, SBP, and LDL test values.  The model computed that the patient was above 

blood glucose and LDL goals.  The model computed moves for insulin (basal adjust 

amount of 5 units, 3 X meal adjust amounts of 4 units each) and a medication for LDL.  

Because the statin (atorvastatin) was prescribed at the maximum dose the model 

computed that the next medication in the set of available medications (fenofibrate) was to 

be started at the minimum dose.  The model computed that blood pressure remained at 

goal and so it computed that the current dose of lisinopril was to be maintained.  The 

model computed information seeking moves ordering LDL and A1c tests for next visit.  

The model computed the next visit to occur in 30 days. 

On the 4th visit the model computed an information seeking move to obtain A1c, 

SMBG, SBP, and LDL test values.  The model computed that the patient was above LDL 

goal. The model computed a lipid move to increment the dose of fenofibrate.  The model 

computed that the patient had reached the A1c goal and remained at the blood pressure 

goal.  The model computed that moves for glucose (insulin) and blood pressure 

(lisinopril) were to be maintained.  The model computed information seeking moves for 
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LDL and A1c tests for next visit.  Because the patient had reached blood glucose goal the 

model computed the next visit to occur in 90 days. 

On the 5th visit the model computed an information seeking move to obtain A1c, 

SMBG, SBP, and LDL test values.  The model computed that the patient was at blood 

glucose and blood pressure goals.  The model computed that medication doses for 

treating glucose and blood pressure were to be maintained.  The model computed that 

LDL goal had not been reached and computed a lipid move to increment the dose of 

fenofibrate.  The model computed information seeking moves of LDL and A1c tests for 

next visit.  The model computed that the next visit was to occur in 90 days. 

On the 6th visit the model computed an information seeking move to obtain A1c, 

SMBG, and SBP test values.  The model computed that the patient remained at blood 

glucose and blood pressure goals.  The model computed that current prescriptions of 

blood glucose and blood pressure medications were to be maintained.  The model 

computed that LDL goal had not been reached and computed that there were no 

additional lipid moves to make (by this visit the model had made every lipids move that it 

could make with its current formulary).  The model computed an information seeking 

move ordering an A1c test for next visit.  The model computed the next visit to occur in 

90 days.  From this point on the model computed next visits to occur every 90 days, and 

computed information seeking moves for A1c tests for each next visit. 
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Feedforward Model Performing Case 2 
 

FF - Case 2 Visit Number   1 2 3 4 5 6 

Lab and Referral Orders               

  MNT   X -- -- -- -- -- 

  Psychologist   X -- -- -- -- -- 

  Nurse Educator   X -- -- -- -- -- 

  A1c Order   -- -- -- X X X 

  SMBG order   X X X X X X 

  Creat Order   -- -- -- -- -- -- 

  Lipid Order   X X X X X X 

 

Blood Pressure 

 

X X X X X X 
Med Orders Starting Meds             

  Metformin 1000 0 0 0 0 0 0 

  Pioglitazone   15 30 45 45 45 45 

  Zoloft   50 100 100 100 100 100 

  Insulin 135 152 169 186 203 203 203 

  Atorvastatin 20 40 80 80 80 80 80 

  Fenofibrate   0 0 70 140 200 200 

  HCTZ 25 25 25 25 25 25 25 

  Lisinopril   20 20 20 20 20 20 

Patient State               

  A1c   10.5 9.2 8 6.9 6.6 6.6 

  Avg SMBG   265 260 222 185 166 168 

  Creatinine   1.5 1.9 1.9 1.9 1.9 1.9 

  LDL   158 131 116 110 109 108 

  HDL   26 28 29 36 42 45 

  Triglyceride   379 304 295 261 234 192 

  Systolic BP   152 118 118 119 118 118 

  Weight   291 286 287 287 288 289 

  Depression   60 15 0 0 0 0 

  Adherence   0.5 1 1 1 1 1 

Scheduling 

         Days to Next Visit   28 28 28 28 90 90 

  Days in Treatment   0 28 56 84 112 202 

Table 29: Decision graph for the feedforward model performing Case 2 

 
The actions associated with the cues-actions of Case 2 are presented below in Table 

30.  The feedforward model computed moves needed to identify the cues and to make 

moves that corresponded with the actions identified for Case 2. 
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FIRST VISIT 
Cue Number & Action Score 
1.  Stop contraindicated medication Hit 
2.  Prescribe insulin sensitizer Hit 
3.  Treat depression Hit 
4.  Titrate insulin Hit 
5.  Educate patient on diabetes Hit 
6.  Start next blood pressure med Hit 
7.  Increment lipids med Hit 
8.  Schedule next visit & order blood glucose information Hit 
9.  Order lipids panel Hit 
  

NEXT VISITS (applicable visit numbers) 
Cue Number & Action Score 
10. Schedule next visit and order glucose information (2,3,4,5,6,7,8) Hits 
11. Order lipid panel information (2,3,4,5,6,7,8) Hits 
12. Increment blood pressure med N/A  
13. Increment lipids med (2,3,4,5) Hits 
14. Start next lipids med (3) Hit 
14*. Start next lipids med (6,7,8) Misses 
15. Increment insulin dose (2,3,4) Hits 
16. Increment TZD dose (2,3) Hits 

Table 30: Hit-Miss scoring for the feedforward model performing Case 2.  On next 
visits the applicable visit numbers where cues were present are given in parentheses.  
N/A indicates that the cue is not applicable because the model never encountered it. 

 
By visit 5 the model had prescribed the maximum dose of the lipids medications that 

were available in the formulary, consequently the model ran out of lipids moves and 

could not bring the patient to the LDL goal of 100mg/dL (the model brought the patient 

to 107mg/dL). 

Below are the computations the model performed on a visit-by-visit basis in order to 

treat the patient in Case 2. 
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Analysis of Feedforward Model Performing Case 2 

On the 1st visit the feedforward model was presented with the patient’s initial A1c, 

SBP, SMBG, LDL, and creatinine values.  The model computed that the patient was 

above goal for blood glucose, blood pressure, and LDL.  The model computed that the 

patient was of the depressed patient type based on the patient’s history of depression and 

the fact that the patient had prescriptions for oral and insulin medication but had an A1c 

above 8%.  The model computed adherence moves to treat depression which included the 

following: (1) referring the patient to a psychologist and a nurse educator, (2) starting the 

patient on medical nutrition therapy, and (3) prescribing an antidepressant (Zoloft). 

The model computed that the patient was not at goal and then computed the amount 

needed to treat (ANT) based on the patient’s initial distance to goal and the estimated 

effects of medications in the medication set.  The computed ANT was 100% of a TZD 

plus insulin.  The model computed that the patient’s creatinine was 1.5mg/dL and 

computed a move to stop the contraindicated metformin and replace it with a TZD.  Since 

the model computed that the patient was above goal for glucose, blood pressure, and LDL 

it then proceeded to compute medication moves to increment the insulin (basal adjust 

amount of 5 units, 3 X meal adjust amounts of 4 units each) and statin (atorvastatin) 

doses, and started a blood pressure medication (lisinopril). The model computed an 

information-seeking move for a lipid test for next visit because the patient was above the 

LDL goal.  The model computed the next visit was to occur in 28 days. 

On the 2nd visit the model computed an information seeking move to obtain SMBG, 

SBP, and LDL test values.  The model computed that blood glucose and LDL were above 

goal, and that blood pressure had reached goal.  The model computed that the current 

dose of blood pressure medication (lisinopril) was to be maintained.   The model 

computed that a lipid move was required and incremented the dose of the statin.  The 

model computed that SMBG values decreased by less than expected, for the depressed 

patient type the model computed that the patient was still depressed and computed 

another adherence move to increment the dose of Zoloft from 50mg to 100mg.  The 
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model computed glucose moves where it incremented the dose of insulin (basal adjust 

amount of 5 units, 3 X meal adjust amounts of 4 units each) and incremented the dose of 

the TZD to the next higher tablet size (30mg).  The model computed that an information 

seeking move of a lipid panel test for next visit.  The model computed the next visit to 

occur in 28 days. 

On the 3rd visit the model computed an information seeking move to obtain SMBG, 

SBP, and LDL test values.  The model computed that glucose and LDL were above goal.  

The model computed next glucose and LDL moves.  The model computed a TZD dose 

increment from 30mg to 45mg.  In addition the model computed that the insulin dose was 

to be increased (basal adjust amount of 5 units, 3 X meal adjust amounts of 4 units each).  

The model computed that an LDL move was required, because the statin was at the 

maximum dose the model computed starting a fibrate (fenofibrate) at the minimum dose.  

Because blood pressure was at goal, the model computed that the current doses of 

medication (lisinopril and hydrochlorothiazide, abbreviated HCTZ) were to be 

maintained.   The model computed an information seeking move of a lipid panel test for 

next visit.  The model computed the next visit to occur in 28 days. 

On the 4th visit the model computed an information seeking move to obtain SMBG, 

SBP, and LDL test values.  The model computed that the patient was above glucose and 

lipid goals.  The model computed that the patient was at blood pressure goal and then 

computed that the current doses of medication (lisinopril and HCTZ) were to be 

maintained.  The model computed that the patient had not reached glucose goal and then 

computed an insulin move (basal adjust amount of 5 units, 3 X meal adjust amounts of 4 

units each), no TZD move was computed because the model computed it was prescribed 

at the maximum amount.  The model computed the next LDL move consisting of 

incrementing the dose of fenofibrate.  The model computed information seeking moves 

for a lipid panel and A1c tests (to meet organizational requirements of testing A1c every 

90 days) for next visit.  The model computed the next visit was to occur in 28 days. 
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On the 5th plus visits the model computed information seeking moves to obtain A1c, 

SMBG, and SBP test values.  The model computed that the patient was above lipid goal 

and computed the next lipid move.  Because the patient was at glucose and blood 

pressure goals the model computed moves to maintain currently prescribed medications 

for treating those conditions.  The model computed that a lipid move was needed but did 

not make one because no additional moves were available (i.e., the model made all the 

moves that it could make to treat LDL for the given formulary).  A lipid panel and A1c 

tests were ordered for the next visit.  The model computed the next visit to occur in 90 

days.  For all visits after the 5th visit the model computed that the patient was at A1c goal 

and then computed that next visits were to occur every 90 days.  The model also 

computed information seeking moves for all visits after the 5th consisting of an A1c test 

and SMBG values for next visits and a lipid panel yearly. 

Feedback Model Performing Case 3 
 

FB - Case 3 Visit Number  1 2 3 4 5 6 7 8 
Lab and Referral Orders                  
  MNT  X -- -- -- -- -- -- -- 
  Nurse Educator  X -- -- -- -- -- -- -- 
  A1c order  X X X X X X X X 
  SMBG order  X X X X X X X X 
  Creat Order  -- -- -- -- -- -- -- -- 
  Lipid Order  X -- -- -- -- -- -- -- 

Blood Pressure  X X X X X X X X 

Med Orders 
Starting 
meds                 

  Rosiglitazone 8 8 8 8 8 8 8 8 8 
  Insulin  12 22 32 42 52 64 76 76 
  Atorvastatin  5 5 5 5 5 5 5 5 
  Lisinopril  20 20 20 20 20 20 20 20 
Patient State                  
  A1c  9.8 8.9 8.3 8 7.8 7.5 7.2 6.8 
  Avg SMBG  242 215 190 179 164 145 137 126 
  Creatinine  1.5 1.9 1.9 1.9 1.9 1.9 1.9 1.9 
  LDL  121 95 93 93 92 91 91 91 
  HDL  33 35 35 37 38 36 34 33 
  Triglyceride  519 503 499 493 496 498 494 491 
  Systolic BP  132 108 108 110 109 108 108 108 
  Weight  261 256 257 257 258 258 260 262 
  Depression  10 10 10 10 10 10 10 10 
  Adherence  0.9 1 1 1 1 1 1 1 
Scheduling  
  Days to Next Visit  30 30 30 30 30 30 30 90 
  Day in Treatment  0 30 60 90 120 150 180 210 

Table 31: Decision graph for the feedback model performing Case 3 
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The actions associated with the cues-actions of Case 3 are presented below in Table 

32.  The feedback model computed moves needed to identify the cues and to make moves 

that corresponded with the actions identified for Case 3. 

FIRST VISIT 
Cue Number & Action Score 
1.  Do not start contraindicated medication - sulfonylurea Hit 
2.  Do not start contraindicated medication - metformin Hit 
3.  Initiate insulin Hit 
4.  Start lipid med Hit 
5.  Educate patient on diabetes Hit 
6. Schedule next visit & order blood glucose information Hit 
7. Order lipids panel Hit 
  

NEXT VISITS (applicable visit numbers) 
Cue Number & Action Score 
8. Increment lipids med N/A 
9. Increment blood pressure med N/A 
10. Schedule next visit & order information (2,3,4,5,6,7) Hits 
11. Order lipid panel N/A 
12. Increment insulin dose (2,3,4,5,6,7) Hits 

Table 32: Hit-Miss scoring for the feedback model performing Case 3.  On next 
visits the applicable visit numbers where cues were present are given in parentheses.  
N/A indicates that the cue is not applicable because the model never encountered it. 

 
Below are the computations the model performed on a visit-by-visit basis in order to 

treat the patient in Case 3. 

Analysis of Feedback Model Performing Case 3 

On the 1st visit the feedback model was presented with the patient’s initial A1c, SBP, 

SMBG, LDL, and creatinine values.  The model computed that the patient was above 

goal for blood glucose, blood pressure, and LDL.  The model computed that a blood 

glucose move was required but that creatinine exceeded the threshold (> 1.5mg/dL) for 

using metformin and excluded it from the set of available orals.  The model then 

computed that the patient had an allergy to sulfonylureas and excluded them from the set 
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of available orals.  Since the patient was already taking the maximum dose of a TZD, the 

model computed that the only available glucose move was to initiate insulin.  The model 

computed a bedtime injection of insulin based on the patient’s weight (12units).  The 

model computed a referral move to the nurse educator and to start MNT, both of which 

were computed because this was the first visit with the patient.  The model computed 

blood pressure and lipid moves for starting medications at the minimum dose (lisinopril 

and atorvastatin, respectively).  The model computed an information seeking move for an 

A1c test, SMBG values, and a lipids panel for the next visit.   

The model computed that the next visit was to occur in 30 days because the patient 

was taking insulin and measuring blood glucose values using SMBG information.   

On the 2nd through 5th visits the model computed information seeking moves to obtain 

A1c, SMBG, SBP, and LDL test values.  The model computed that the patient had 

reached LDL and blood pressure goals.  The model computed that LDL and blood 

pressure medication doses were to be maintained. The model computed that the patient 

was above glucose goal and computed that an insulin move (basal adjust amount of 10 

units) was required each visit.    The model computed information seeking moves of A1c 

tests and SMBG values for next visits and computed that next visits were to occur in 30 

days. 

On the 6th and 7th visits the model computed information seeking moves to obtain 

A1c, SMBG, and SBP test values.  The model computed that the patient remained at LDL 

and blood pressure goals.  The model computed that LDL and blood pressure medication 

doses were to be maintained. The model computed that that the patient was above 

glucose goal and computed that mealtime insulin moves (mealtime increment amounts of 

4 units per meal) were required because the bedtime insulin exceeded 0.4units/kg (the 

amount above which mealtime insulin is used to balance intraday SMBG values). The 

model computed information seeking moves of A1c tests and SMBG values for next 

visits and computed that next visits were to occur in 30 days. 
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On the 8th visit the model computed an information seeking move to obtain A1c, 

SMBG, and SBP test values.  The model computed that the patient was at goal for 

glucose, blood pressure, and LDL.  The model computed medication moves to maintain 

all doses for glucose, blood pressure, and LDL.  The model computed next visits to occur 

every 90 days in order to meet organizational requirements for visits with patients.  The 

model computed an information seeking move for an A1c test and SMBG values for 

computing whether the patient remained at goal. 

 
Feedforward Model Performing Case 3 
 

FF - Case 3 Visit Number 1 2 3 4 5 6 7 8 9 
Lab and Referral Orders                   
  MNT X -- -- -- -- -- -- -- -- 
  Nurse Educator X -- -- -- -- -- -- -- -- 
  A1c order -- -- -- -- -- -- -- X X 
  SMBG order X X X X X X X X X 
  Creat Order -- -- -- -- -- -- -- -- -- 
  Lipid Order -- X X -- -- -- -- -- -- 

Blood Pressure X X X X X X X X X 
Med Orders                   
  Rosiglitazone 8 8 8 8 8 8 8 8 8 
  Insulin 12 22 32 42 52 64 76 76 76 
  Atorvastatin 5 5 10 10 10 10 10 10 10 
  Lisinopril 20 20 20 20 20 20 20 20 20 
Patient State                   
  A1c 9.8 9.4 8.8 8.4 8.2 7.8 7.5 7.3 6.8 
  Avg SMBG 242 218 191 180 165 146 138 127 129 
  Creatinine 1.5 1.9 1.9 1.9 1.9 1.9 1.9 1.9 1.9 
  LDL 121 112 100 93 90 89 88 87 85 
  HDL 33 33 34 38 39 38 36 35 33 
  Triglyceride 519 515 504 483 481 480 475 472 470 
  Systolic BP 132 109 108 110 108 107 107 106 109 
  Weight 261 259 258 258 258 259 260 261 262 
  Depression 10 10 10 10 10 10 10 0 0 
  Adherence 0.9 1 1 1 1 1 1 1 1 
Scheduling 
  Days to Next Visit 7 14 14 7 14 14 7 28 90 
  Day in Treatment 0 7 21 35 42 56 70 77 105 

Table 33: Decision graph for the feedforward model performing Case 3 

 
The actions associated with the cues-actions of Case 3 are presented below inTable 

34.  The feedforward model computed moves needed to identify the cues and to make 

moves that corresponded with the actions identified for Case 3. 
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FIRST VISIT 
Cue Number & Action Score 
1.  Do not start contraindicated medication - sulfonylurea Hit 
2.  Do not start contraindicated medication - metformin Hit 
3.  Initiate insulin Hit 
4.  Start lipid med Hit 
5.  Educate patient on diabetes Hit 
6. Schedule next visit & order blood glucose information Hit 
7. Order lipids panel Hit 
  

NEXT VISITS (applicable visit numbers) 
Cue Number & Action Score 
8. Increment lipids med N/A 
9. Increment blood pressure med N/A 
10. Schedule next visit & order information (2,3,4,5,6,7,8,9) Hits 
11. Order lipid panel N/A 
12. Increment insulin dose (2,3,4,5,6,7,8,9) Hits 

Table 34: Hit-Miss scoring for the feedforward model performing Case 3.  On next 
visits the applicable visit numbers where cues were present are given in parentheses.  
N/A indicates that the cue is not applicable because the model never encountered it. 

 
Below are the computations the model performed on a visit-by-visit basis in order to 

treat the patient in Case 3. 

Analysis of Feedforward Model Performing Case 3 

On the 1st visit the feedforward model was presented with the patient’s initial A1c, 

SMBG, SBP, LDL, and creatinine values.  The model computed that the patient was 

above goal for blood glucose, blood pressure, and LDL.  The model computed that a 

blood glucose move was required.  The model computed that creatinine exceeded the 

threshold (> 1.5mg/dl) for using metformin and excluded it from the set of available 

orals.  The model then computed that the patient had an allergy to sulfonylureas and 

excluded them from the set of available orals.  The model computed that the patient was 

taking the maximum dose of a TZD and the next stage of treatment, insulin, was required.  

The model does not compute ANT for insulin. 
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The model computed a bedtime injection of insulin based on the patient’s weight 

(0.1units/kg), a referral to the nurse educator, and the initiation of MNT.  The model 

computed moves of initial doses for blood pressure (lisinopril) and lipid medications 

(atorvastatin).     

The model computed the next visit to occur in 7 days in order to raise the patient’s 

rate of progress toward goal above the starting rate of progress of zero.  The model 

computed information seeking moves for ordering a lipids panel. 

On the 2nd visit the model computed an information seeking move to obtain SMBG, 

SBP, and LDL test values.  The model computed that the patient was above the glucose 

goal and then computed an insulin move to increase the bedtime insulin dose (basal 

increment amount of 10 units).  The model computed that blood pressure was at goal and 

computed a medication move to maintain the current SBP dose.  The model computed 

that a lipid move could not be made since the last lipid move was made 7 days prior to 

the current visit (the model was constrained not to make lipid moves more frequently 

than every 14 days).  The model computed information seeking moves for a lipids panel 

test for the next visit.  The model computed that the patient’s SMBG values were 

decreasing as expected (expectation discrepancy < 0) and then computed the next visit to 

occur in 14 days.   

On the 3rd visit the model computed an information seeking move to obtain SMBG, 

LDL, and SBP test values.  The model computed that the patient was above glucose goal, 

had reached lipid goal, and remained at blood pressure goal.  The model computed moves 

to maintain the current dose of SBP medication (lisinopril) and LDL medication 

(atorvastatin).  The model computed a glucose move to increment the insulin dose (basal 

increment amount of 10 units).  The model computed that the patient’s SMBG values 

were decreasing as expected (expectation discrepancy < 0) and then computed the next 

visit to occur in 14 days.  The model computed information seeking moves to order a 

lipid panel and an A1c test for next visit. 
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On the 4th visit the model computed an information seeking move to obtain SMBG, 

SBP, and LDL test values.  The model computed that the patient was above glucose goal.  

The model computed a glucose move to increment the insulin dose (basal increment 

amount of 10 units).  The model computed that the patient was at LDL and blood 

pressure goals and then computed moves to maintain current medication doses.  The 

model computed that the patient’s SMBG values did not decrease as expected 

(expectation discrepancy > 0) and then computed the next visit to occur in 7 days. 

On the 5th visit the model computed an information seeking move to obtain SMBG 

and SBP test values.  The model computed that the patient was above glucose goal.  The 

model computed glucose moves to increment the insulin dose (basal increment amount of 

10 units).  The model computed that the patient was at LDL and blood pressure goals and 

then computed moves to maintain current medication doses.  The model computed that 

the patient’s SMBG values were decreasing as expected (expectation discrepancy < 0) 

and then computed the next visit to occur in 14 days.   

On the 6th visit the model computed an information seeking move to obtain SMBG 

and SBP test values.  The model computed that the patient was above glucose goal.  The 

model computed a glucose move to increment the insulin dose (increment amounts of 4 

units per meal) at mealtimes because prescribed bedtime insulin exceeded 0.4 units/kg.  

The model computed that the patient remained at blood pressure and LDL goals, and 

computed moves to maintain the currently prescribed doses of medications.  The model 

computed that the patient’s SMBG values were decreasing as expected (expectation 

discrepancy < 0) and then computed the next visit to occur in 14 days. 

On the 7th visit the model computed an information seeking move to obtain SMBG 

and SBP test values.  The model computed that the patient was above glucose goal.  The 

model computed a glucose move to increment the insulin dose (mealtime increment 

amounts of 4 units per meal).  The model computed that the patient remained at blood 

pressure and LDL goals, and computed moves to maintain the currently prescribed doses 

of medications.  The model computed that the patient’s SMBG values did not decrease as 
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expected (expectation discrepancy > 0) and then computed the next visit to occur in 7 

days.   

On the 8th visit the model computed an information seeking move to obtain SMBG 

and SBP test values.  The model computed that the patient remained at blood pressure 

and LDL goals, and computed that currently prescribed doses of medications for treating 

those conditions were to be maintained.  The model computed that the patient had 

reached the SMBG goal and so the model computed that currently prescribed insulin 

doses were to be maintained.  The model computed an information seeking move to order 

an A1c test for next visit to determine if A1c goal had been reached.   The model 

computed the next visit to occur in 28 days to obtain the A1c test results. 

On the 9th visit the model computed information seeking moves to obtain SMBG, 

A1c, and SBP test values.  The model computed that the patient was at goal for blood 

glucose, blood pressure, and LDL.  The model computed a next visit to occur in 90 days 

in order to meet organizational requirements for visits with diabetes patients and to check 

A1c and SMBG levels.  On this visit the model computed information seeking moves to 

obtain A1c tests for the next visit.  

The next section presents a summary of outcomes from the feedback and feedforward 

models treating the three Simcare cases. 

 

5.3.3 Summary of Computational Model Testing Outcom es 

Table 35 presents a summary of outcomes for each model performing each case.  

Notice that the major difference between the feedback and feedforward strategies with 

respect to outcomes is the number of days required to reach goal.   
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Metric 
Feedback Feedforward 

Case 1 Case 2 Case 3 Case 1 Case 2 Case 3 
Number of Visits 6 4 8 6 4 9 
Final Outcomes:   
 A1c (%) 6.3 6.7 6.8 6.5 6.6 6.8 
 SBP (mmHg) 123 119 108 122 118 109 
 LDL (mg/dL) 90 108 91 98 108 85 
Avg. SMBG (mg/dL) 128 182 126 129 168 129 
Days Treated 300 270 210 98 202 105 
Final Glucose Meds (orals 
in mg, insulin in units) 

Met, 2000 
Glip, 5 

Pio, 45 
Ins,186 

Rosi,8 
Ins,76 

Met, 2000 
Glip, 5 

Pio, 45 
Ins,203 

Rosi,8 
Ins,76 

Final SBP Meds (mg) Lis, 40 HCTZ, 25 
Lis, 20 

Lis, 20 Lis, 40 HCTZ, 25 Lis, 20 

Final LDL Meds (mgs) Ator, 20 Ator, 80 
Feno, 200 

Ator, 5 Ator, 20 Ator, 80 
Feno, 200 

Ator, 10 

Table 35: Summary of final outcomes for the feedback and feedforward models 
treating the three Simcare cases. Glucose medications are abbreviated: metformin 
as met, glipizide as glip, insulin as ins, pioglitazone as pio, and rosiglitazone as rosi. 
SBP medications are abbreviated: lisinopril as lis, hydrochlorothiazide as HCTZ.  
LDL medications are abbreviated: atorvastatin as ator, simvastatin as sim, 
fenofibrate as feno. 

 
On Case 2 the reason the models used approximately the same number of days to 

reach goal is because both models compute identical adherence moves for patients of the 

depressed patient type.  Reaching glucose goal required treating depression and replacing 

contraindicated metformin with another insulin sensitizer; both models computed the 

required medication moves in identical ways.  The feedforward model did not have to 

intensify treatment because medication moves achieved expected results (i.e., the patient 

progressed toward goal at the expected rate) just by resolving the issues associated with 

depression.   

Both feedback and feedforward models were able to treat the canonical simulated 

patient cases to achieve evidence-based blood glucose goals.  In addition, all glucose 

moves computed by the models were consistent with task analyses performed for each 

case. 
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5.4  Summary of Chapter 

This chapter reported on tests of the feedback and feedforward models treating the 

three Simcare patients. The experiment was used to examine actions the models took in 

the presence of cues identified via task analysis performed on each case.  The models 

were evaluated for actions taken for two types of cues: (1) those present at the start of the 

case, and (2) those that could be encountered during the course of treatment. 

The patients in the Simcare experiment were characterized by 12 patient state 

attributes.  From the task analysis it was determined that there are five categories of 

actions that exist for the models treating patients with type 2 diabetes, these categories 

pertain to: (1) initiating, titrating, and intensifying treatment; (2) managing adherence; (3) 

seeking patient state information; (4) scheduling follow-up visits; and (5) changing 

treatments for contraindications. 

The process traces and patient state outcomes from the experiment were analyzed 

focusing on blood glucose treatments to determine whether the models correctly 

computed moves to obtain test information for identifying cues and then computed moves 

that were consisted with the task analyses.  The models were able to achieve evidence-

based blood glucose and blood pressure goals on all cases.  By bringing the patients in 

these cases to glucose goal these models have provided an explanation for how success is 

achieved (i.e., reaching blood glucose goal) in the task of treating canonical types of 

patients with type 2 diabetes. 

The models were able to achieve evidence-based LDL goals on Case 1 and 3, but 

failed to reach LDL goal on Case 2.  The models were not able to achieve the LDL goal 

on Case 2 because the provided formulary did not contain a sufficient number of 

medications from different classes which were needed to reach LDL goal. 

This chapter examined how the models treated a selected group of patients with type 

2 diabetes to achieve a blood glucose goal.  In reality decision agents (specifically 
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primary care physicians) do not always behave in such an ideal manner.  The next chapter 

examines decision agents’ failures (errors), and postulates computational reasons for 

these failures when treating type 2 diabetes in ways that are inconsistent with those of the 

models. 
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6.  The Simcare Experiment: Defining and Identifyin g 
Errors in Treatment 

 

6.1  Introduction 

As demonstrated by the results of the simulation experiments in the last chapter, the 

computational models were able to successfully treat the Simcare patients.  Success in 

this context was defined as achieving evidence-based blood glucose goal within one year 

while concomitantly treating blood pressure and lipids without violating the constraints 

of medical practice.  Many participants in the Simcare experiment, unlike the 

computational models, were not successful in treating these patient cases.  This chapter 

examines the Simcare simulation experiment and data created by the physicians in order 

to identify ways physicians failed in treating the patients. 

This chapter is organized in the following manner.  First, the design of the Simcare 

simulation experiment is presented.  Second, results of this previously conducted 

experiment are given.  A summary of outcomes for each case is presented.  Third, 

subjects’ data from the Simcare experiment are used to define and identify errors in the 

treatment of type 2 diabetes.  Finally, each physician is scored for errors committed on 

each case using the defined set of errors. 

6.2  The Simcare Experiment 
 

The Simcare experiment was part of a larger published study which examined 

changes in clinical performance (A1c)  as a result of learning-by-doing in a simulated 

clinical environment (O'Connor, Sperl-Hillen et al. 2009).  The objective of the 

experiment was “to engage physician decision making and solicit representative 

treatment moves” (Dutta, Biltz et al. 2005).   

In the Simcare experiment physician subjects were tasked with treating blood 

glucose, blood pressure, and lipids to reach goal values in simulated patient cases.  For 

purposes of this research, the analyses and modeling of physician actions which lead to 
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failure in reaching goals are restricted to the treatment of blood glucose only.  Failures 

associated with treatment actions for lipids (LDL) and blood pressure (SBP) are not 

considered at this time.   

The rationale for restricting the analysis and modeling of failures in treatment actions 

to blood glucose errors is as follows.  A key part of the feedback and feedforward models 

are computations to enable taking action to achieve goals when sources of delay of 

feedback exist.  Moves for treating blood glucose have delayed effects on patient state 

changes relative to the time until when a next move may need to be made to reach goal, 

whereas delayed effects between moves to treat SBP and LDL are negligible.  If an agent 

determines that a patient is not at LDL or SBP goal but fails to make treatment moves it 

is not for reasons of uncertainty associated with delayed effects of prior moves.  However 

delayed effects of actions taken to treat glucose levels may impede an agent from making 

next glucose moves.  As a result, failure to treat blood glucose versus SBP/LDL may 

occur for different reasons because of differences in delay of feedback.  In this 

investigation we are restricting the study of failures in actions for reaching goal to the 

task of treating blood glucose because it contains sources for delay of feedback (which 

are modeled), whereas treating blood pressure and lipids do not.  

Below the design of the Simcare experiment is presented.  At the time of the 

experiment the evidence-based goal for blood glucose was an A1c of less than 7%, pre-

meal plasma glucose (SMBG) within the range of 90 to 130mg/dL; the goal for systolic 

pressure was less than 130mmHg; and the goal for LDL was less than 100mg/dL  

(American Diabetes Association 2003). 

6.2.1 Objective of Experiment 
 

The objective of the experiment was to determine the effect that a learn-by-doing 

intervention would have on quality of outcomes (changes in A1c values) and safety of 

treatments (reductions in risk prescribing behavior) in type 2 diabetes patients of the 

participating physicians.   
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6.2.2 Participants 
 

The Simcare experiment was composed of three groups of primary care physicians 

(internists and family practitioners), where each grouped contained 19 subjects.  

Physicians were randomly assigned to one of the three groups.  The first group was a 

control group that did not participate in the learning intervention; changes in their 

patients’ A1c levels were measured one-year post-intervention.   The second group 

participated in the learning intervention by completing three simulated patients; changes 

in their patients’ A1c levels were measured one-year post-intervention.  The third group 

participated in the learning intervention and after the intervention reviewed their actions 

and outcomes on the three simulated case with a physician opinion leader to identify 

actions that could have led to better case outcomes; changes in their patients’ A1c levels 

were measured one-year post-intervention.    

The physician opinion leader (hereafter referred to as “expert”) completed the same 

simulated cases that physicians participating in the intervention completed.  The expert is 

a practicing physician who specializes in treating patients with type 2 diabetes, actively 

engages in research directed toward improving clinical outcomes for diabetic patients, 

and participates in workgroups for defining practice guidelines for the treatment of type 2 

diabetes. 

All of the participating physicians at the time of the experiment had patients in their 

panel with type 2 diabetes for which they were providing clinical care. 

To test the models either of the groups of physicians that treated the simulated 

patients could be selected.  It was important to select physicians from a single group so as 

to keep any effects that the person administering the experiment may have had on 

subjects constant within the group.  The second group (case intervention only) was 

selected. 
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6.2.3 Procedure 
 

Each physician within the selected group of participants was given three simulated 

patient cases via an electronic medical record-like interface.  Each patient represented a 

different type of patient that could be encountered in the clinic: (1) a patient requiring 

initiation of blood glucose treatment – initial A1c of 9.5%, SBP of 151mmHg, LDL of 

140mg/dL; (2) a depressed insulin patient who was not at goal – initial A1c of 10.5%, 

SBP of 150mmHg, LDL of 157mg/dL; and (3) a patient requiring initiation of insulin 

because other treatments were contraindicated – initial A1c of 9.8%, SBP of 130mmHg, 

LDL of 122mg/dL.  The patient cases were presented to each physician one at a time in a 

fixed order.   

For each case physicians used the interface to conduct simulated clinical visits with 

the patients.  On each visit the physician was able to review the patient’s history, order 

tests to measure patient states, make referrals to healthcare professional, initiate and 

titrate pharmacologic treatments, and schedule next visits.  When scheduling visits 

physicians specified the number of simulated days until the next visit.   

On next visits physicians received feedback on actions taken during the last visit in 

the form of time-dependent changes in patient states for medications given.  During these 

next visits physicians were able to take additional actions to seek information on patient 

state values if these had been ordered, treat the patient, and schedule next visits.  The 

treatment cycle—physicians taking action, the passing of time, and changing patient 

states—provided physicians with feedback for learning-by-doing. 

Physicians treated each case until they determined that patient state goals (A1c, SBP, 

and LDL) had been obtained or until the time allowed for completing the case expired.  

The time allowed for cases 1 through 3 (in the respective order of the cases) were 15, 18, 

and 15 minutes.  On the first case all physicians except 4018 ran out of time for 

completing the case.  On the second case all physicians with the exception of 4008, 4020, 

and 4024 ran out of time for completing the case.  On the third case all physicians except 

4008 ran out of time for completing the case. 
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The current research is restricted to examining and modeling actions taken by 

physicians during the simulation experiment. 

 

6.3  Results of the Simcare Experiment 
 

The final blood glucose (A1c) outcomes for physicians treating each case are 

presented below in Figure 4 through Figure 6.  On the secondary axis of each graph is the 

total number of visits the physician scheduled with each patient.  In parentheses next to 

each physician identifier is the number of simulated days over which the patients were 

treated.  The bold reference line denotes the evidence-based A1c goal of 7%.   

As shown in Figure 4, which presents data from the first case treated by each 

physician, only physician 4023 achieved the evidence-based A1c goal of 7% or less.  

Physician 4023 treated the patient on 8 visits which spanned 91 days.  Ten physicians 

brought the patient to final A1c values above 7% but not exceeding 8%.  These 

physicians treated the patient between 56 and 309 days and used between 3 and 9 visits 

for treating the patient.  Eight physicians did not achieve A1c values below 8%, these 

physicians treated the patient between 10 and 360 days using between 2 and 6 visits. The 

expert brought this patient to a final A1c of 7.1% in 91 days.  

Figure 5 (which presents the results of case 2) shows that 5 physicians were able to 

bring the patient to the evidence-based A1c goal of 7% or less.  These physicians treated 

the patient between 112 and 222 days using between 3 and 7 visits.  One physician 

(4023) brought the patient to an A1c of 7.2% in 154 days taking 8 visits.  Thirteen 

physicians did not achieve final A1c values below 8%.   These physicians treated the 

patient between 21 and 344 days using between 3 and 10 visits.  The expert brought this 

patient to a final A1c of 6.3% in 70 days, which was the shortest time period for any 

physician to achieve goal.  Of the study physicians, physician 4024 brought the patient to 

a 7% goal in 112 days.  Physician 4024 brought the patient to goal with 3 visits compared 

to the expert who took 13 visits with the patient to achieve the same result. 
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Figure 6 shows that only physician 4011 of 17 physicians (two physicians in the study 

group did not complete this case) was able to bring the patient to the evidence-based A1c 

goal of 7%.  Physician 4011 treated the patient on 12 visits over 664 days, the longest 

treatment period of all physicians on this case.  Nine physicians brought the patient to 

final A1c values above 7% but not exceeding 8%.  These physicians treated this patient 

between 72 and 270 days taking between 3 and 9 visits.  On the third case the expert 

brought the patient to a final A1c of 7.3% in 108 days using 11 visits.  Note that 

physician 4008 brought the patient to a final A1c of 7.1%, slightly above the 7% goal 

level, in 120 days.  Physician 4011 used 12 visits to bring the patient to goal and the 

expert used 11 visits to bring the patient to goal, however physician 4008 brought the 

patient to an A1c of 7.1% with 3 visits. 

 
 
 

Figure 4: Final A1c and total number of visits for each physician on Case 1 – 
Initiation of treatment.  The number of days the physician treated the patient is 
given in parentheses. 
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Figure 5: Final A1c and total number of visits for each physician on Case 2 – 
Treating depression.  The number of days the physician treated the patient is given 
in parentheses. 

 

Figure 6: Final A1c and total number of visits for each physician on Case 3 – 
Initiation of insulin.  The number of days the physician treated the patient is given 
in parentheses. 
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As a group the average and minimum-maximum values of the study physicians’ final 

A1c values, number of visits with the patient, and days treated are summarized in Table 

36.  Average and minimum-maximum values of study physicians’ outcomes for SBP and 

LDL are given in Table 37.  The final A1c, number of visits, and days treated values for 

the expert treating the three cases are presented in Table 38.   

Case 

No. 

Final A1c Days Treated Visits 

Average Min. Max. Average Min. Max. Average Min. Max. 

1 7.9 7 8.9 136 10 360 4.6 2 9 

2 9.9 5.5 14.5 142 21 360 5.1 3 10 

3 8 7 9.3 187 44 664 5.8 2 12 

Table 36: Average and range of values that physicians achieved with the Simcare 
patient cases for final A1c values, days treated, and number of visits. 

Case 

No. 

Average 

SBP 

Min 

SBP 

Max 

SBP 

Average 

LDL 

Min 

LDL 

Max 

LDL 

# reaching 

SBP goal 

# reaching 

LDL goal 

1 143 132 157 117 98 144 0 2 

2 132 106 154 129 97 150 7 2 

3 131 117 141 97 55 125 6 11 

Table 37: Average and range of values that physicians achieved with the Simcare 
patient cases for final SBP and LDL values.  Number of physicians achieving 
evidence-based SBP and LDL are given for each case. 

 
Case 

No. A1c SBP LDL 

Days 

Treated Visits 

1 7.1 130 92 91 7 

2 6.3 122 116 70 12 

3 7.3 125 97 108 11 

Table 38: Average and range of values that the expert achieved with the Simcare 
patient cases for final A1c values, days treated, and number of visits. 

The purpose for presenting the experts outcomes is to show that even the expert did 

not bring all patients to evidence-based goals for A1c, SBP, and LDL.  However, the 

expert outperformed all other physicians with respect to simultaneously taking action to 

move A1c, SBP, and LDL toward goal.  Table 38 shows that the expert scheduled 
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frequent visits with these patients, sometimes less than a week apart, providing multiple 

opportunities for making moves. 

On a percentage basis 5%, 26%, and 6% of the physicians achieved an A1c of 7% or 

less on patient cases 1 through 3, respectively.10  The first and third cases required 

initiation and titrate of medications in order to reach goal.  For both cases approximately 

5% to 6% of physicians succeeded in this task.  The second case required identifying and 

managing the comorbid condition of depression, 26% of the physicians succeeded in 

bringing this patient to an A1c of 7% or less.   

For SBP, on a percentage basis 0%, 37%, and 35% of the physicians achieved the 

goal of 130mmHg on patient cases 1 through 3, respectively.  For all three cases 

physicians needed to initiate and titrate medications in order to reach goal. 

For LDL, on a percentage basis 10%, 10%, and 65% of physicians achieved the goal 

of 100mg/dL on patient cases 1 through 3, respectively.  For Cases 1 and 3 physicians 

were required to initiate and titrate medications to reach goal.  On Case 2 physicians 

could titrate an existing medication to reach goal. 

Below are summaries of blood glucose moves the physicians made on each case.  The 

final patient state values for A1c, systolic blood pressure (SBP), and lipid (LDL) are 

given along with number of visits, number of blood glucose moves made and final doses, 

and the number of days each patient was treated. 

The physicians in the tables are grouped according to the final A1c that was achieved 

with the patient.  The three A1c ranges are 7.5% or lower, from 7.5% to 8%, and above 

8.0%.  A1c values above 8% are classified as poorly controlled (Beaton, Nag et al. 2004).  

Prior research has shown that patients within higher ranges are likely to incur higher 

future costs of care for diabetes-related treatments (including treatments for 

comorbidities) compared to patients in lower A1c groups (Gilmer, O'Connor et al. 2005).   

                                                 
10 As stated earlier in this chapter, fewer than 5% of the physicians were able to finish Cases 1 and 3; fewer 
than 15% completed Case 2.  Physicians who did not complete cases ran out of time. 
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The remainder of this section presents an analysis of the physicians’ moves on the 

three cases.  The purpose of this analysis is twofold: (1) to characterize physicians’ 

treatment of blood glucose and those treatment actions that resulted in better A1c 

outcomes, and (2) to identify relationships between final A1c outcomes and whether SBP 

and LDL goals were achieved.  The outcome of this will be used to help inform the error 

analysis. 

Case 1 

All physicians initiated an oral medication on the first visit with the patient in case 1 

(see Table 39).   

Case 1 
Phys 
ID A1c SBP LDL Glucose Meds 

Days 
Tx 

No. of 
Visits 

Oral 
Moves 

Final A1c 
> 8% 

4003 8.2 142 143 M(500),G(10) 42 5 3 
4005 8.4 144 107 M(2000) 60 2 2 
4007 8.7 147 106 M(1500),G(5) 30 2 3 
4008 8.3 143 98 M(850),G(10) 360 6 3 
4010 8.1 141 111 M(2000) 172 4 3 
4012 8.9 148 141 M(1000) 10 2 1 
4016 8.1 136 99 M(1700),GY(10) 56 4 3 
4020 8.1 142 142 M(500),GY(10) 88 3 3 

Final A1c 
btwn 7.5 & 

8% 

4006 7.8 148 101 M(1700) 90 4 2 
4015 7.8 147 144 M(2000),GY(5) 300 5 3 
4017 7.8 140 143 M(2550) 56 4 3 
4019 8 145 118 M(1500),GY(1.25) 125 5 3 
4021 7.9 154 144 M(2000) 180 4 3 
4022 8 145 102 M(1700),R(8) 88 3 3 

Final A1c 
< 7.5% 

4011 7.5 132 103 M(2000) 309 9 2 
4013 7.3 136 102 M(2550) 120 8 4 
4018 7.1 157 103 M(2000),G(5) 284 5 3 
4023 7 145 109 M(2000),GY(5) 91 8 4 
4024 7.5 134 105 M(2000) 126 4 1 

Expert 7.1 130 92 M(2000),G(5) 91 7 6 

Table 39: Moves physicians made on Case 1, physicians are grouped by final A1c 
achieved with the patient. 

Table 39 shows the results of the physicians treating the first case.  Physicians who 

achieved a final A1c of 7.5% or lower prescribed the maximum clinically effective dose 

of an oral within the first half of the visits they had with the patient.  None of the 
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physicians who achieved final A1c values above 7.5% prescribed the maximum clinically 

effective dose of an oral by the end of the first half of the total number of visits had with 

the patient.   

Fifteen physicians initiated oral therapy using metformin.  Four physicians initiated 

oral treatment using a sulfonylurea; these physicians did not bring the patient’s final A1c 

value below 8%.  A conclusion that can be drawn from these results is for a physician to 

succeed on this case required starting metformin, prescribing it at the maximum clinically 

effective dose, and scheduling a next visit to occur at least 6 weeks after prescribing the 

maximum dose of the first medication.  The significance of scheduling a visit at least 6 

weeks after prescribing the maximum clinically effective dose is it provided ample time 

for the medication to reduce A1c to 7.5% or lower.  

No. 
Phys. 

Range of Final 
A1c Values 

MEDIAN 

A1c SBP LDL 
Metformin 
(mg) 

# Glucose 
Moves 

# 
Visits 

Days 
Treated 

5 A1c <= 7.5% 7.3 136 103 2000 3 8 126 
6 A1c btwn 8 & 7.5% 7.9 146 131 1850 3 4 107.5 
8 A1c > 8% 8.3 143 109 1250 3 3.5 58 

Table 40: Median patient state values for Case 1 for physicians grouped by A1c 
range. 

 
Table 40 presents median final patient state values along with the median dose of 

metformin (the medication most often used to as a first oral on case 1) and visit related 

information.  Physicians in lower final A1c ranges prescribed larger median amounts of 

metformin, but the median number of glucose moves was constant across A1c ranges.  

Also lower A1c ranges compared to higher A1c ranges had more visits and treated 

patients over longer periods of time (i.e., simulated days).  The data in this table supports 

the conclusion reached above about the actions physicians had to take to obtain lower 

A1c values on this case. 

All physicians initiated blood glucose treatments on the first visit, but all did not 

initiate blood pressure or lipids treatments on the first visit.  Five physicians (4011, 4013, 
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4016, 4017, and 4024) who did initiate and titrate blood pressure treatments as of the first 

visit obtained systolic pressures of 140mmHg or lower.  A conclusion reached about 

successfully treating blood pressure on Case 1 was a physician could succeed in bringing 

systolic pressure below 140mmHg by initiating medication treatment on the first visit and 

titrating (typically lisinopril) doses on later visits.  Two physicians (4008 and 4016) 

succeeded in bringing LDL below 100mg/dL by prescribing 20mg of simvastatin.  A 

conclusion reached on the requirement for succeeding in reducing LDL was a physician 

needed to prescribe a statin (20mg or more) before the last visit.  On Case 1 the expert 

was the only physician who was able to achieve both SBP and LDL goals, none of the 

subject physicians achieved both SBP and LDL goals. 

Case 2 

This case required physicians to identify and treat depression for the patient to take 

prescribed medications in order to bring A1c, SBP, and LDL to goal.  Six physicians did 

not treat depression; as a result none of their medication moves reduced patient A1c, 

SBP, or LDL values.  The physicians who did not treat depression achieved final A1c 

values between 11.7% and 14.5%.  On this case physicians final A1c values fell into two 

ranges, above 8% and 7.5% or lower, see Table 41. 

Physicians who achieved A1c values below 7.5% treated depression using Zoloft, and 

prescribed Zoloft by the third visit.  The physicians who treated depression but achieved 

A1c values above 8% fall into four groups: (1) physicians 4003 and 4017 did not treat 

depression using Zoloft, for this case treating depression with only a referral to the 

psychologist was ineffective for alleviating the effects of depression, (2) physicians 4005, 

4018, and 4022 did not have sufficient time (visits) for additional moves after Zoloft was 

prescribed for effects of glucose medications to reduce A1c values, (3) physician 4019 

while treating depression reduced the amount of insulin prescribed and insulin moves 

made on the last visit did not have an opportunity to show affects on A1c, and (4) 

physician 4020 did not treat the patient for long enough period of time (only treated for 5 
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weeks) for effects of Zoloft to reduce the effects of depression and to allow prescribed 

medications to reduce A1c. 

Case 2 
Phys 

ID 
TX 

Depr.? A1c SBP LDL Glucose Meds 
Days 

Tx 
No. of 
Visits 

Moves 
Insulin Oral 

Final 
A1c > 

8% 

4003 Yes 10.9 142 145 M(1700),I(151) 21 3 2 1 
4005 Yes 10.5 140 136 M(1000),I(167) 56 5 3 0 
4017 Yes 10.7 139 150 I(217) 28 4 3 1 
4018 Yes 13.5 132 126 I(100) 150 4 4 1 
4019 Yes 9.2 125 129 M(1000),R(4),I(120) 344 9 2 1 
4020 Yes 8.5 118 125 R(8),I(139) 44 3 1 2 
4022 Yes 8.9 118 124 G(20),I(125) 37 3 2 1 
4007 No 11.7 141 143 I(145) 60 3 1 1 
4010 No 13.2 154 143 I(100) 140 5 4 4 
4011 No 14.5 140 130 P(60),I(210) 244 10 5 1 
4012 No 12.3 143 146 GY(20),I(135) 187 6 0 4 
4013 No 11.6 144 142 G(20),I(185) 95 6 3 5 
4015 No 13.4 144 130 GY(5),R(4),I(140) 360 5 1 3 

Final 
A1c < 
7.5% 

4006 Yes 6.9 132 114 M(1000),I(175) 186 7 5 0 
4008 Yes 5.5 113 99 M(2000),I(135) 222 4 0 1 
4016 Yes 6.7 124 122 M(1000),I(210) 134 5 5 0 
4021 Yes 5.8 132 125 M(2000),I(160) 120 3 2 1 
4023 Yes 7.2 127 128 P(45),I(140) 154 8 3 4 
4024 Yes 6.6 106 97 G(10),R(8),I(155) 112 3 2 3 

Expert Yes 6.3 122 116 P(45),I(160) 70 12 10 3 

Table 41: Moves physicians made on Case 2, physicians are grouped by final A1c 
achieved with the patient. The “TxDepr?” is an indicator for whether the physician 
treated depression. 

Because the patient’s serum creatinine at the start of treatment was 1.5mg/dL 

physicians should have stopped the use of metformin.  Four of the 6 physicians who 

achieved final A1c values of 7.5% or lower persisted with the use of metformin even 

though contraindicated.  The 6 physicians who did not treat depression (see Table 41) all 

of them stopped the use of metformin.  

Physicians who treated depression were able to bring SBP to goal.  Physician 4023 

brought the patient to SBP goal solely by treating depression, others (4008, 4016, 4019, 

4020, 4022, and 4024) added either atenolol or lisinopril to reduce the patients SBP 

below goal. 
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Only two physicians (4006 and 4008), both of whom treated depression, were able to 

reach LDL goal by prescribing 80mg of atorvastatin.  Other physicians who treated 

depressions were not able to reach goal. 

Physicians 4024 and 4008 were the only physicians to achieve A1c, systolic pressure, 

and LDL goals.   

Conclusions reached for achieving successful A1c, SBP, and LDL outcomes on this 

case were as follows: (1) depression needed to be treated using Zoloft, referrals to a 

psychologist alone were not sufficient for reducing the effects of depression on adherence 

to prescribed treatments; (2) in order to reach A1c goal, when metformin was stopped it 

needed to be replaced with another oral agent; (3) in order to reach SBP goal the dose of 

HCTZ could be held constant and a second agent was optional but would further reduce 

SBP  below goal; (4) in order to reach LDL goal, atorvastatin needed to be prescribed at 

80mg.11 

Case 3 

The correct treatment of this case required the initiation of insulin because no 

additional oral medications were available to prescribe due to contraindications present in 

this patient.  Two of the 4 physicians who achieved a final A1c below 7.5% did not 

initiate insulin (they used contraindicated oral medications), however all 6 of the 

physicians who achieved A1c values between 7.5 and 8% initiated insulin.  See Table 42 

below.  

Physicians who were grouped by final A1c values did not exhibit any specific pattern 

for final systolic pressure values.  However, physicians who achieved an A1c below 7.5% 

all brought LDL to goal (100mg/dL or lower), while approximately half of the physicians 

in the other A1c ranges achieved LDL goal. 

                                                 
11 Some inconsistencies were found in the physician data.  Some physicians (e.g., the expert) treated 
depression, prescribed atorvastatin at 80mg but were unable to lower LDL to the goal level (the expert’s 
final LDL level for this case was 116mg/dL). 
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This patient started treatment at SBP goal, for some physicians while treating A1c 

and LDL the patient’s systolic pressure rose above goal.  Eight physicians did not treat 

SBP even though it rose above goal.  Six physicians brought SBP to goal with a single 

move of lisinopril or atenolol.  An observation made with respect to SBP treatments is 

some physicians maintained the patient at goal independent of their actions.  

A conclusion reached for achieving A1c goal on this case was the treating physician 

needed to initiate insulin early in the course of treatment in order to have enough visits 

(approximately 10) to titrate to goal.  Physicians that initiated insulin later in the course 

of treatment prescribed contraindicated medications.  LDL could be controlled with a 

single statin move.  For SBP, if it rose above goal, physicians had to note it and then 

make a single move (e.g., lisinopril) to bring the patient back to goal. 

Case 3 Phys ID A1c SBP LDL Glucose Meds 
Days 

Tx 
No. of 
Visits 

Moves 
Insulin Oral 

Final 
A1c > 

8% 

4003 8.2 125 75 M(2000),R(16),I(4) 91 5 1 4 
4005 9.3 132 86 R(8),I(24) 60 2 1 0 
4015 8.5 133 122 R(16),I(48), 178 5 4 1 
4016 8.6 129 84 M(1700),R(16),I(10) 95 5 1 3 
4018 8.1 140 79 R(8),I(105) 326 7 7 0 
4021 8.6 130 125 M(1000),R(8) 264 7 0 1 
4022 8.9 132 121 R(16),I(120) 44 4 3 1 

Final 
A1c 
btwn 
7.5 & 
8% 

4006 7.9 132 75 R(8),I(68) 128 8 8 0 
4010 7.8 135 86 R(8),I(65) 174 4 3 0 
4013 7.9 132 89 R(16),I(44) 194 9 5 1 
4017 7.6 125 119 R(16),I(73) 72 5 4 1 
4019 7.7 139 115 R(8),I(75) 247 6 5 0 
4023 7.7 131 119 R(8),I(98) 105 7 6 0 

Final 
A1c < 
7.5% 

4007 7.4 141 89 M(2000),R(8),I(20) 270 5 3 2 
4008 7.1 117 55 M(2000),R(16) 120 3 0 3 
4011 7 138 98 R(8),I(80) 664 12 11 0 
4024 7.3 123 89 G(10),R(8),I(38) 154 5 3 1 

Expert 7.3 125 97 R(8),I(90) 108 11 10 0 

Table 42: Moves physicians made on Case 3, physicians are grouped by final A1c 
achieved with the patient. 

Interesting Physicians across the 3 Cases 
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When each physician’s performance on all three cases was considered two interesting 

trends were observed: 

(1) Physicians 4006, 4023, and 4024 brought all of the patients A1c values on all 

three cases to 8% or lower.  Only physician 4024 was able to bring A1c to less 

than 8%, SBP to less than 140, and LDL to less than 130 on all three cases.  These 

results show that it was difficult for physicians to achieve multiple goals 

simultaneously.  These physicians used one of two strategies for treating A1c, 

SBP, and LDL.  The first strategy was to treat all conditions that were above goal 

at the same time.  The second strategy was to start treating blood glucose and 

possibly one other condition (SBP or LDL), after a blood glucose medication had 

been started and titrated by one or two increments then they started treating the 

other conditions.   

Physicians who treated conditions in serial by the end of a case had worse 

outcomes for all three conditions compared to physicians who treated multiple 

conditions on a visit.  For example, 4021 on case 1 treated conditions in serial and 

achieved an A1c of 7.9%, SBP of 154mmHg, and LDL of 144mg/dL.  This same 

physician altered his mode of treatment on case 2 and treated multiple conditions 

on a visit.  This physician’s final outcomes for case 2 were an A1c of 5.8%, an 

SBP of 132mmHg, and an LDL or 125mg/dL.  This same physician on case 3 

treated conditions in series, and obtained final outcomes of an A1c of 8.6%, an 

SBP of 130mmHg, and an LDL or 125mg/dL.  This example also shows that 

some physicians change how they treat patients (serial vs. multiple treatments) 

depending on the type of patient encountered. 

(2) The rates of progress that physicians made in reducing A1c toward goal for cases 

1 and 3 (case 2 was excluded because changes in A1c could occur solely from 

treating depression and not making glucose moves) were examined.  Two 

physicians were interesting but in different ways.  Physician 4003 for both cases 1 

and 3 scheduled 5 visits and obtained identical final A1c values of 8.2% for both 
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patients, but because these patients were treated for different periods of time (42 

and 91 days, respectively) this physician obtained different rates of progress 

toward A1c goal (5.9%/month and 2.7%/month, respectively).  Physician 4010 for 

both cases scheduled 4 visits with the patient, obtained similar final A1c values of 

8.1% and 7.8%, and treated these patients for approximately the same periods of 

time (172 days and 174 days, respectively).  Physician 4010 obtained 

approximately the same rate of progress toward goal for both patients 

(1.4%/month and 1.3%/month, respectively).  Physician 4010 is particularly 

noteworthy because the same rate of progress was obtained using two different 

means of treating the patient, oral agents on case 1 and insulin on case 3.  A 

conclusion drawn from this is physicians use rate of progress toward goal 

differently; physician 4003 used it to achieve similar changes in A1c but within 

different time periods, physician 4010 used it to achieve constant rates of progress 

across patients.   

This section presented an analysis of actions taken by physicians when treating the 

patients in the three cases.  In summary, for physicians to succeed in performing the cases 

required them to: (1) identify which medications could be used with the patient (i.e., not 

contraindicated); (2) start treatment of all conditions that were above goal within the first 

two visits and then to titrate medications for multiple conditions on a visit, that is, do not 

treat conditions in series; and (3) titrate medications on visits where the patient was not at 

goal. 

6.3.1 Titrating Oral Medications 
Five patterns for titrating oral medications were identified across the three cases.  

These patterns identify the doses that physicians prescribe when making moves.  

Physicians prescribe tablets of oral medications to be taken with some daily frequency.  

The daily frequencies that physicians can prescribe for taking medications are: once per 

day (q.d.), twice per day (b.i.d.), three times per day (t.i.d.), and four times per day 

(q.i.d.).  
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Changes in daily frequencies in combination with changes in tablet sizes determine 

how doses were increased from one move to the next.  The identified patterns were as 

follows: (1) a tablet size was selected and prescribed doses were incremented by 

changing the daily frequency with which the patient takes the pill; (2) a daily frequency 

for taking the medication was selected and prescribed doses were incremented by 

progressively increasing tablet sizes, (3) a tablet size was selected and prescribed doses 

were incremented by changing the daily frequency, when the maximum frequency was 

reached then the tablet size was incremented; (4) a tablet size and daily frequency were 

selected, the dose was incremented by increasing the tablet size and daily frequency 

simultaneously; and (5) a daily frequency was selected and doses were incremented by 

progressively increasing the tablet size until the maximum tablet size was used, then the 

daily frequency was incremented. 

6.4  Error Analysis 
 

Appendix 1: Physician Process Traces Scored for Errors presents the moves data 

on a visit-by-visit basis for each physician performing each case.  While some physicians 

were able to succeed in achieving blood glucose goal the moves that they made must be 

examined to determine whether they violated any constraints of medical practice.  This 

next portion of the analysis defines a set of errors for the treatment of blood glucose.  

This set is used to evaluate moves made by physicians when treating the three patient 

cases. 

In this section errors in blood glucose treatment are defined for the patient cases in 

the Simcare experiment.  These errors are specified in a general manner so as to be 

applicable to patients with type 2 diabetes that are represented by the canonical patient 

types.  The process that was used to distinguish correct versus incorrect behavior 

associated with treating the Simcare patients proceeded in two steps:  

(1) Individual physician’s actions were examined relative to task analysis 

performed for each case.  First, cues specified in the task analysis were 
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identified in each physician’s trace.  Next, actions that were specified in the 

task analysis to be taken in the presence of the cues were compared with the 

actions that the physician took.  Physician’s actions that did not match with 

those in the task analysis were identified as a behavior that deviated from 

expected behavior.  To determine if that behavior was an error or another 

acceptable form of treating a patient (but not identified in the task analysis) the 

second step in the process was performed. 

(2) Guidelines for type 2 diabetes—Staged Diabetes Management (SDM), 

American Diabetes Association (ADA), and the Institute for Clinical Systems 

Improvement (ICSI)—were referenced to identify actions that were in error 

(either violated statements of actions to take or not take with a patient for a 

given condition).  For example, prescribing metformin when serum creatinine 

levels are 1.5mg/dL or higher; or not incrementing the dose of medication on a 

visit where the patient is not at goal and more than some minimum time has 

passed since the last dose increase—both of these constitute errors.  Any 

deviations in behavior identified in Step 1 that were not explicitly stated as a 

violation of guidelines or were presented as alternative ways of treating a 

patient were identified as a variation in treatment. 

The error analysis is divided into two parts. First, a set of errors and variations in 

treatment are defined using the categories of cues and corresponding actions identified in 

the task analyses.  Second, a summary of the errors committed and variations in 

treatments by physicians is presented.  The next section defines errors for the treatment of 

type 2 diabetes. 

6.5  Defining Errors in Treatment 
 

To explain how physicians fail to bring patients to goal requires identifying specific 

behavior in treating type 2 diabetes that prevents them from reaching goal.  In the context 
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of this research failures in treatment are identified by errors.  This section defines errors 

for the three canonical cases. 

In the chapter Testing the Computational Models: Treating the Simcare Patients 

the cue-action sets for the Simcare cases were grouped into five general categories of 

actions that need to be taken with type 2 diabetes patients.  These categories are: (1) 

initiating, titrating, or intensifying treatment (making medication moves), (2) properly 

using medications, (3) managing adherence to treatment regimens, (4) scheduling next 

visits, and (5) seeking patient state information12.  The purpose in creating these 

categories is to define classes of errors that physicians commit when treating patients 

with type 2 diabetes. 

Errors for the category of initiating, titrating, or intensifying treatment were defined 

in the following way.  In SDM, ICSI, and ADA guidelines it is stated that medications 

should be progressively increased (titrated) until goal is reach.  SDM states that during 

the adjustment phase (i.e., when bringing the patient to goal) visits for titrating glucose 

medications can occur every 4 weeks (1 week when using insulin).  Based on these 

guidelines errors were defined for visits that occurred 28 days or more apart, patient A1c 

was above goal, and no move was made to treat blood glucose.  These errors were labeled 

“no move” errors. 

By examining the process traces of the physicians it was determined that no move 

errors occurred in different ways, specifically the time since a last medication move was 

made differed depending on A1c values.  This suggested that either different processes or 

parameter values within a computational process existed for this error depending on the 

A1c level.  To insure that each error can be modeled with a unique perturbation A1c 

values were divided into ranges, ranges where days between moves were similar for 

errors noted. 

                                                 
12 The latter two categories of scheduling visits and seeking information were not analyzed for errors, 
preliminary analysis and modeling showed that scheduling and information seeking behavior are beyond 
the scope of the current models.  When physicians were modeled runs were made to control for scheduling 
and information seeking moves. 
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Errors for the category of properly using medications were defined in the following 

manner.  The task analysis identified patient states (serum creatinine, medication 

allergies) that were contraindications for the use of selected medications.  SDM and ICSI 

guidelines stated creatinine levels (1.5mg/dL or higher) for which the use of metformin 

was contraindicated.  If creatinine was contraindicated then metformin was not to be 

prescribed.  Examining the physicians processes traces three actions were identified in 

the presence of a metformin contraindication: (1) physicians initiated metformin, (2) 

physicians maintained previously prescribed metformin but did not increase the dose, or 

(3) physicians increased the dose of metformin in the presence of a contraindication.  

Each of these different conditions was identified as a separate type of error.  SDM and 

ICSI indicated that sulfonylureas should not be prescribed to patients who have sulfa 

allergies.  An error was defined for physicians who prescribe a sulfonylurea to a patient 

with a sulfa allergy. 

Physicians are taught the process of titrating, that is, how to incrementally increase 

the dose of a medication until a desired clinical goal is obtained (Candler, Ihnat et al. 

2007).  Guidelines specify that medication doses are not to be started at the maximum 

dose to prevent the chances of side-effects, and that medications are not to be given 

above a medication-specific maximum dose to prevent causing adverse reactions (MCN 

Healthcare 2006).  Examining the physicians’ traces instances were identified where 

these guidelines were violated.  The two ways in which the guidelines were violated is as 

follows: (1) medications were prescribed above the maximum suggested dose as 

specified by the drug manufacturer, and (2) medications were prescribed at the maximum 

dose in a single dose increment.  Both of these violations were defined as errors. 

The error for the category managing adherence to treatment regimens was defined 

based on the ADA guidelines which states that psychosocial problems (which includes 

depression) need to be identified and treated to prevent impairment of “prescribed 

diabetes care tasks.”  Examining the physicians’ traces instances were identified where 

the failure to treat the psychosocial problem of depression prevented bringing patients to 

goal.  Not treating depression when present in a patient case was defined as an error. 
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Physicians’ processes traces were analyzed for moves made when treating blood 

glucose.  The moves data are shown in Appendix 1: Physician Process Traces Scored for 

Errors.  Because there is disagreement as to whether A1c goal should be any value below 

7% or any value below 8%, for scoring purposes the goal was set at the midpoint of 

7.5%.  From this data the following errors and variations in treatment were defined, see 

the tables below.  

Values for maximum clinically effective doses were those as of 2003 when the 

Simcare experiment was conducted.   

A Threat for Reliable Error Scoring 

During the process of defining errors and criteria for identifying those errors a threat 

to reliability of scoring for errors was identified.  This threat was inferring goals and/or 

knowledge that physicians had when treating each case without having direct evidence of 

some goal or specific knowledge.  To overcome this threat the criteria for scoring errors 

were defined so as to use only data which were present in each physician’s process trace.    

For example, if an error were defined for a physician setting goals that were above 

evidence-based goals it would require having to infer what a physician’s A1c goal was 

for a patient.  Inferring another agent’s goal reliably is difficult (Helmke and Sanders 

2006), particularly with the limited amount of information captured on the subjects.  

Instead errors can be defined for actions physicians took or did not take with a patient, for 

example, a patient was not at goal did the physician make a move.  This latter type of 

error can be objectively scored in available data, in this example, either a move was made 

or it was not. 

As a detailed example consider the following.  Physician 4019 when treating the 

patient in Case 1 prescribed metformin (1500mg) and glyburide (1.25mg) on visit 3, two 

visits were scheduled after the third visit but no additional glucose moves were made.  

The final A1c achieved with the patient was 8%, was this the physicians goal since no 

moves were made after visit 3 or would the physician return to titrating medications to 
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achieve a lower A1c if given the opportunity?  These questions are open to speculation, 

but what can be determined without having to make inferences is whether a move was 

made on a given visit. 

The errors that were defined after examining the process traces are summarized in 

Table 43, Table 44, and Table 45. 
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Error Description/Criteria Rationale 

E1 No move –  

• A1c > 8.0% and A1c < 8.5% (equivalent avg. SMBG 
ranges are 184 to 207mg/dL), 

• current visit is a “next visit”, 

• patient on glucose medication,  

• last blood glucose medication move was made >= 28 days 

Patient A1c > goal, a 
treatment move should be 
made to bring the patient to 
goal (7.5%).   

E2 No move –  

• A1c >= 8.5% and A1c <= 9.0% (equivalent avg. SMBG 
ranges are 207 to 229mg/dL),  

• current visit is a “next visit”,  

• patient on glucose medication 

• last blood glucose medication move was made >= 28 days 

E3 No move –  

• A1c > 9.5% (equivalent avg. SMBG is 251mg/dL),  

• on the initial visit the patient was taking glucose 
medications,  

• current visit is a “next visit”,  

• last blood glucose medication move was made >= 28 days 

E4 No move –  

• A1c > 9.0% and A1c <= 9.5% (equivalent avg. SMBG 
ranges are 229 to 251mg/dL),  

• current visit is a “next visit”,  

• patient on glucose medication 

• last blood glucose medication move was made >= 28 days 

E5 No move –  

• A1c > 7.5% and A1c <= 8.0% (equivalent avg. SMBG 
ranges are 162 to 184mg/dL),  

• current visit is a “next visit”,  

• patient on glucose medication, 

• last blood glucose medication move was made >= 28 days 

E6 No move –  

• Current visit is the initial visit,  

• A1c > 8%,  

• no treatment move is made 

On the initial visit if a 
patient is above goal 
treatment should be initiated 
because without treatment 
the patient cannot be brought 
to goal. (same references as 
above) 

Table 43: “No Move” errors defined for treating blood glucose in patients with type 
2 diabetes.  These errors are associated with the generalized cue category of 
initiating, titrating, and intensifying therapy. 
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Error Description/Criteria Rationale 

E7 Improper use of medication – 
• Initiated dose of contraindicated 

medication (metformin) 

If creatinine equals or exceeds the threshold 
value (1.5mg/dL) for the safe use of metformin 
then stop the use of metformin and replace it 
with the next available medication in the 
formulary.  When metformin is prescribed when 
contraindicated by creatinine >= 1.5mg/dL it 
may lead to renal impairment. 

E8 Improper use of medication – 
• Maintained dose of  contraindicated 

medication (metformin) 

Same as above 

E9 Improper use of medication – 
• Incremented contraindicated 

medication (metformin) 

Same as above 

E10 Improper use of medication – 
• Prescribed contraindicated medication 

(sulfonylurea) 

Sulfonylurea should not be prescribed to 
patients with sulfonylurea allergies, prescribing 
these medications may result in adverse events 

E11 Improper use of medication – 
• Exceeded maximum recommended 

total daily dose of a medication 

Doses above the maximum recommended total 
daily dose increase chances for side effects and 
may lessen reductions in blood glucose that can 
be achieved with lower doses. 

E12 Improper use of medication – 
• Prescribed maximum dose of 

medication without titrating 

Starting a medication at maximum dose 
increases the chances of side effects because 
patient’s body was not given the chance to 
gradually become accustomed to effects of new 
med. 

Table 44: “Improper Use of Medication” errors defined for treating blood glucose in 
patients with type 2 diabetes.  These errors are associated with the generalized cue 
category of properly using blood glucose medications. 

 
Error Description/Criteria Rationale 
E13 Not treating depression –  

• Patient has history of depression 
• Patient did not respond to 2 consecutive 

glucose moves 
• No move has been made to treat 

depression (referral to psychologist and/or 
prescribing an antidepressant) 

 

When the comorbidity of depression is not 
treated patient non-adherence to treatment 
regimens can prevent prescribed medications 
from reducing blood glucose. Depression is 
not treated either because it is ignored or not 
diagnosed. 

Table 45: A “Not Treating Depression” error defined for treating blood glucose in 
patients with type 2 diabetes.  These errors are associated with the generalized cue 
category of managing adherence to treatment regimens. 
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Actions taken by physicians that were not identified in the task analysis but could be 

found in either guidelines or medical literature were classified as variations in treatment 

(see Table 46 below).  These actions were not considered errors because support for their 

practice exists in medical literature and/or guidelines which pertain to the treatment of 

patients with type 2 diabetes (American Diabetes Association 2003; Grant, Devita et al. 

2003; Fincke, Snyder et al. 2005; Steinman, Landefeld et al. 2006; Mazze, Strock et al. 

2007; American Diabetes Association 2009; Institute for Clinical System Improvement 

2009).  This behavior is identified to support the modeling of individual physicians’ 

actions. 

Variation in 
Treatment 
Code 

Description/Criteria Rationale 

V1 Polypharmacy –  
• multiple oral glucose 

medications are prescribed  
• none of the glucose medications 

are prescribed at the clinically 
effective maximum dose 

Lower doses of medications achieve larger 
incremental reductions in blood glucose 
(percent decrease in A1c per unit of 
medication given) compared to larger doses of 
the same medication. Based on this fact some 
physicians prescribe lower doses of multiple 
medications with the objective of obtaining the 
larger reductions in A1c with lower chance of 
causing undesirable side effects. 

V2 Treat with MNT only –  
• 1st visit with patient, 
• No medications are prescribed,  
• Patient educated (nurse referral) 

and MNT is started. 

Educating patient & starting medical nutrition 
therapy (MNT) on 1st visit without starting 
medication prevents overwhelming patient 
with too many simultaneous changes in self-
care and lifestyle. 

V3 MNT not prescribed MNT is recommended for all patients.  MNT 
typically includes prescribing exercise, dietary 
changes, and educating the patient.  Some 
physicians refer patients to the nurse educator 
to address lifestyle issues, but do not prescribe 
changes in diet or exercise. 

V4 Treat depression with a referral to a 
psychologist but no prescription of 
antidepressant. 

Some physicians do not prescribe 
antidepressants. 

V5 Makes blood glucose moves when 
patient A1c < 7.5% (or an 
equivalent average SMBG < 
162mg/dL) 

Physicians treat to a lower A1c goal, goal is 
set at 7.5%. 

Table 46: Different types of variation in treatment that were identified in 
physicians’ process traces.  
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The “no move” and “not treating depression” errors are classified as errors of 

omission (not performing a required act).  The “improper use of medication” errors are 

classified as errors of commission (performing an act that should not be performed).  The 

next section presents the scoring procedure and uses Physician 4015’s process trace for 

Case 1 to demonstrate the error scoring process. 

6.6  Scoring Errors 
 

6.6.1 Scoring for Errors in Treatment & Variations in Treatments 
 

On each case each physician’s process trace is scored to identify errors and variations 

in treatment.  Errors as defined above will be associated with perturbations in competence 

models.  Variations in treatment identify instances where a physician treats a patient in a 

manner that differs from the idealized treatments provided by the models that needs to be 

accounted for when modeling physicians; these variations in treatment, according to the 

medical literature, are not classified as errors. 

Errors are scored on a visit by visit basis. If on a given visit a blood glucose move 

was not made then previous visits were examined to determine the number of days since 

a blood glucose treatment move had been made.  

For Case 2 the patient was depressed.  If a physician made blood glucose moves on 

two consecutive visits and blood glucose values did not decrease on next visits then the 

physician was expected to make an adherence move in the form of prescribing an 

antidepressant (Zoloft) and/or making a referral to a psychologist.  The threshold of two 

visits where the patient did not respond to treatment moves was selected because a trend 

of missed expectations from moves can be identified after two consecutive blood glucose 

moves.  Physicians that did not make a move to treat depression by the end of third visit 

were excluded from the dataset because their actions in response to available information 

are outside the scope of the current models.  Six physicians (4007, 4010, 4011, 4012, 

4013, and 4015) were excluded from case 2 because they never treated depression. 
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Criteria for scoring an error or variation in treatment were provided in Table 43 

through Table 46 above. If the listed criteria applied to a visit then the identified error 

was scored for that visit.   

6.6.2 Sample Scoring - Case 1 Performed by Physicia n 4015 
 

To demonstrate the error scoring procedure the process trace for 4015 performing 

Case 1 is scored for glucose move errors.  Physician 4015’s moves are summarized in the 

table below (rows present patient states, medications, and lab orders; columns represent 

visits). 

Case 1 Visit Number 1 2 3 4 5 
Lab Orders             
  MNT -- -- -- -- -- 
  Nurse Educator X -- -- -- -- 
  A1c order -- X X X X 
  SMBG order -- X X -- X 
  Creat Order -- X X -- X 
  Lipid Order -- -- -- X -- 
Med Orders             
  Glyburide         5 
  Metformin 1000 1000 2000 2000 2000 
  Lisinopril     10 20 20 
Patient State             
  A1c 9.5 8.9 8.8 7.8 7.8 
  Avg SMBG 235 201 201 166 165 
  Creatinine 0.8 0.8 0.8 1.1 1.2 
  LDL 141 141 143 143 144 
  HDL 33 32 34 37 39 
  Triglyceride 187 189 191 194 199 
  Systolic BP 154 157 158 151 147 
  Weight 189 189 189 190 191 
  Depression 10 10 10 10 10 
  Adherence 0.9 1 0.9 0.9 0.9 
  Days to Next Visit 30 90 90 90   
  Day in Treatment 0 30 120 210 300 
Errors    -- E1  -- E5  -- 

Table 47: Decision graph for physician 4015 performing Case 1. 

Visit 1: A1c was above the goal of 7.5%.  Metformin was started at 1000mg (500mg 

twice a day).  Because a treatment move was made a “no move” error was not scored.  
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The patient’s creatinine level was 0.8mg/dL, below the metformin contraindication 

threshold of 1.5mg/dL.  No error was scored on this visit. 

Visit 2: Average SMBG values were above goal.  The patient was taking a glucose 

medication and this was a “next” visit.  The last visit when a medication move was made 

was 30 days prior to the current visit.  No medication move was made on this visit. 

Average SMBG values were viewed; the average value was 201, which is between 184 

and 207mg/dL.  The creatinine level remained below the threshold for contraindicating 

the use of metformin.  The criteria for an E1 error was satisfied on this visit, therefore E1 

was scored. 

Visit 3:  A1c was above goal.  The patient was taking a glucose medication and this 

was a “next” visit.  The creatinine level remained below the threshold for 

contraindicating the use of metformin.  Metformin was incremented from 1000mg to 

2000mg, by increasing the tablet size from 500 to 1000mg and prescribing it twice a day.  

No error was scored on this visit. 

Visit 4: A1c was above goal.  The patient was taking a glucose medication and this 

was a “next” visit.  The creatinine level remained below the threshold for 

contraindicating the use of metformin.  No medication move was made on this visit. The 

last visit when a medication move was made was 90 days prior to the current visit.  The 

A1c value that was viewed was 7.8%, which is between the 7.5% and 8.0% range.  The 

criteria for an E5 error was satisfied on this visit, therefore E5 was scored. 

Visit 5:  A1c was above goal.  The patient was taking a glucose medication and this 

was a “next” visit.  The creatinine level remained below the threshold for 

contraindicating the use of metformin.  Metformin was prescribed at the maximum 

clinically effective dose, a next medication in the formulary (glyburide) was started at 

5mg.  No error was scored on this visit. 

By the last visit medical nutrition therapy had not been started, therefore the variation 

in treatment of not prescribing MNT was scored (V3). 
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6.7  Analyzing Physician Moves for Errors 
 

This section examines process traces to identify whether physicians committed any of 

the errors defined in the previous section.  Each visit was scored for errors.  In addition to 

errors, associated cases outcomes (final A1c, number of visits with the patient, and days 

treated) were examined and are summarized in the Table 49.  Refer to Appendix 1: 

Physician Process Traces Scored for Errors for a detailed analysis of errors committed 

on a visit by visit basis.  

All physicians with the exception of the expert and 4020 (who did not complete the 

last case) committed at least one error on one of the cases. The different combinations of 

errors that physicians committed across the cases show how errors are context dependent.   

Error 

Case A1c Range 

No. 

Phys 

Class of Errors 

No 

Move 

Improper 

Use of Meds 

Not Treating 

Depression 

Case 1 

A1c > 8% 8 0.13 (1)  0 (0) 

N/A A1c btwn 8 & 7.5% 6 0.67 (4)  0 (0) 

A1c <= 7.5% 5 0.8 (4) 0.2 (1) 

Case 2 
A1c > 8% 13 0.08 (1) 0.54 (7) 0.46 (6) 

A1c <= 7.5% 6 0 (0) 0.67 (4) 0 (0) 

Case 3 

A1c > 8% 7 0.29 (2) 0.71 (5) 

N/A A1c btwn 8 & 7.5% 6 0.5 (3) 0.33 (2) 

A1c <= 7.5% 4 0.25 (1) 0.75 (3) 

Table 48: Proportion (count) of physicians that committed errors within the 
indicated classes of errors. 

 
Table 48 shows that on Case 1 the error most often committed by physicians was not 

initiating or titrating medications.  Physicians in the lower A1c range groups committed 

“no move” errors in greater proportion than physicians in higher A1c range groups.  

Physicians in lower A1c range groups committed no move errors later in the course of 

treatment than physicians in higher A1c range groups.  Physicians in the A1c <= 7.5% 

range group prescribed the maximum dose of a first oral in the first half of all visits had 
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with the patient, during the second half of the visits some of these physicians on some 

visits did not make moves which resulted in “no move” errors. 

On Case 2 the error most often committed was not properly using medications, 

specifically using metformin when it was contraindicated.  The second most frequently 

committed error for physicians in the A1c greater 8% group was not managing 

adherence, that is, not treating depression.   

On Case 3 the most frequently committed error was improperly using medications.  In 

this case the improper use of a medication was either prescribing metformin or a 

sulfonylurea when these were contraindicated.  

Committing errors did not preclude physicians from bringing patients to blood 

glucose goal.  But, committing errors could result in patients being delayed in reaching 

goal or reaching goal by incorrect means (for example, reaching goal by using 

contraindicated medications). 
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Phys 

ID 

Case 1 Case 2 Case 3 

A1c 

Days 

Treated 

# of 

Visits 

Errors/Variation 

Codes A1c 

Days 

Trtd 

# of 

Visits 

Errors/Variation 

Codes A1c 

Days 

Trtd 

# of 

Visits 

Errors/Variation 

Codes 

Expert 7.1 91 7 V5 6.3 70 12 V5 7.3 108 11 V5 

4003 8.2 42 5 V1 10.9 21 3 E8,E9,V2,V4 8.2 91 5 E7,E8,E9,E11 

4005 8.4 60 2  -- 10.5 56 5 E8,V2,V3 9.3 60 2 V2 

4006 7.8 90 4 E1,E5,V3 6.9 186 7 E8,V4,V5 7.9 128 8  -- 

4007 8.7 30 2 V1 11.7 60 3 E9,E13 7.4 270 5 E7,E8,E9,V5 

4008 8.3 360 6 E2,V1,V3 5.5 222 4 E8,E9,V3 7.1 120 3 E7,E8,E9,E11,V5 

4010 8.1 172 4  -- 13.2 140 5 E9,E13 7.8 174 4 E6,V3 

4011 7.5 309 9 E1,E4,V3 14.5 244 10 E13 7 664 12 V5 

4012 8.9 10 2  -- 12.3 187 6 E13  Skipped Case 

4013 7.3 120 8 E5 11.6 95 6 E13 7.9 194 9 E1,E11 

4015 7.8 300 5 E1,E5,V3 13.4 360 5 E8,E9,E13,V1,V3 8.5 178 5 E11,V3 

4016 8.1 56 4 V2 6.7 134 5 E8,V5 8.6 95 5 E6,E7,E8,E9,E11,V2,V3 

4017 7.8 56 4  -- 10.7 28 4 V3,V4 7.6 72 5 E11 

4018 7.1 284 5 E4,V3 13.5 150 4 V3 8.1 326 7 V3 

4019 8 125 5 E5,V1,V3 9.2 344 9 E3,E8,V1,V2 7.7 247 6   

4020 8.1 88 3 V3 8.5 44 3 V3  Skipped Case 

4021 7.9 180 4 E1 5.8 120 3 E8,E9 8.6 264 7 E2,E3,E7,E8 

4022 8 88 3  -- 8.9 37 3 E12,V3 8.9 44 4 E11,V3 

4023 7 91 8 E5,V3 7.2 154 8 V3,V5 7.7 105 7 E6 

4024 7.5 126 4 E12 6.6 112 3 V1 7.3 154 5 E4,E10,V1,V5 

Table 49: Summary of errors made by physicians when treating the three simulated Simcare cases.  Abbreviated code key: E1-E6 – no 
move errors; E7-E12 – improper use of medications; E13 – not treating depression; V1-V5 – acceptable variations in treatments when actions were 
compared to the idealized models. 
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Examining the errors committed by each physician on each case, as shown in Table 

49, the following conclusions can be drawn: 

Case 1 

• Even though physicians committed no move errors (codes E1 – E6) they were 

still able to bring this patients A1c value to 8% or lower.   

• Physician 4024 committed an improper use of medications error by 

prescribing the maximum dose of metformin in a single move.  This action 

was effective for reducing A1c to 7.5%, but this action would likely cause 

side effects in a patient.   

• Medical nutrition therapy, which is suggested for type 2diabetes patients, was 

not prescribed by 8 physicians.  Six of these physicians reduced A1c to 8% or 

lower.  A conclusion reached from this is not using medical nutrition therapy 

did not prevent physicians from controlling this patient’s glucose levels. 

• Four physicians prescribed multiple glucose medications but none were 

prescribed at a maximum dose (polypharmacy).  Polypharmacy moves were 

not effective in treating this patient to reduce A1c values below 8%. 

Case 2 
 

• Six physicians did not treat depression; the minimum A1c obtained by these 

physicians was 11.6%.  For this case not treating depression prevented a 

physician from controlling the patient’s A1c level. 

• Five physicians brought the patient’s A1c to 7% or lower.  Four of these 

physicians did do by using the contraindicated medication of metformin.  

From this we can conclude that some physicians were successful in 

controlling A1c, but only by using a contraindicated medication that could 

harm the patient. 
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Case 3 
 

• Two physicians did not initiate insulin, but instead treated the patient with 

contraindicated medications.  As noted for Case 2, it was possible for 

physicians to reduce A1c levels by using inappropriate medications. 

• Nine physicians initiated and brought A1c to levels below 8%.  Five of these 

physicians used contraindicated medications with this patient.  

Contraindicated medications were prescribed to delay starting insulin (all of 

these physicians prescribed insulin after they had prescribed a contraindicated 

oral medication). 

Physician Errors across Cases 
 

• All physicians (except the expert) who completed the three cases committed at 

least one error on one of the three cases.  No physician committed the same 

error on all three cases. 

• No move errors were committed only when insulin had not been initiated.13 

• Ten physicians prescribed contraindicated medications, with respect to these 

actions two types of behavior were exhibited: (1) those that used 

contraindicated medications (metformin) on both Cases 2 and 3, and (2) those 

that used contraindicated medications on Case 2 only. This suggests those 

who used contraindicated medications on both cases had higher threshold 

values than the evidence-based value of 1.5mg/dL for deciding that creatinine 

levels indicated that metformin should not be used.  However, those who used 

a contraindicated medication on Case 2 alone had two different threshold 

values for determining whether a contraindication existed: (1) a threshold for 

                                                 
13 Physician 4019 committed a no move error on Case 2.  The error was committed before the physician 
had visits with the patient where insulin doses were adjusted. 



173 
 

determining that a medication was not to initiated, and (2) a threshold for 

determining that a medication should be stopped. 

6.8  Summary of Chapter 
 

This chapter presented the results of the Simcare simulation experiment where 

participating physicians treated three type 2 diabetes cases.  Patterns of behavior were 

examined relative to two sources: (1) the task analyses which were performed for the 

three cases, and (2) medical practice (to identified violations of medical practice relative 

to guidelines and published literature).  From these comparisons a set of errors were 

defined to identify failures of treatment. 

It was noted that all physicians who completed the three cases (with the exception of 

the expert) committed an error on at least one case; however in spite of errors several 

physicians were still able to bring patients to an evidence-based blood glucose goal.  

Physicians’ patterns of errors varied across patient cases.  In the next chapter processes in 

the computational model which support success are examined in order to hypothesize 

computational reasons for failure which lead to the observed errors.  These hypothesized 

sources of failure are then tested through a simulation experiment. 
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7.  Explaining Behavior of Humans: Primary Care 
Physicians Treating Patients with Type 2 Diabetes 

 

7.1  Introduction 
As demonstrated by the results of the simulation experiments in the chapter entitled 

Testing the Computational Models: Treating the Simcare Patients, the computational 

models are able to successfully treat the Simcare patients.  Success in this context was 

defined as achieving evidence-based blood glucose goal within one year while 

concomitantly treating blood pressure and lipids without violating the constraints of 

medical practice.  Most participants in the Simcare experiment, unlike the computational 

models, were not successful in treating these patient cases. 

Computational models that treat patients with type 2 diabetes in the same manner that 

an idealized primary care physician would treat those patients are labeled competence 

models.  These models obtain all information that is needed and available for computing 

actions to obtain the goal.  In addition competence models, using either a feedback or 

feedforward decision strategy, compute actions each visit that do not violate the 

constraints of medicine and move the patient toward goal or maintain goal. 

In the real world decision agents do not treat patients in an idealized manner because 

of constraints introduced by the agent and the environment.  Constraints take many 

forms, for example, incomplete or incorrect knowledge for performing a task, and biases 

in decision making.  Computational models which account for these constraints are 

labeled performance models. 

A decision agent can fail to achieve evidence-based goal in several ways: (1) setting 

blood glucose goals that are clinically inappropriate (too high or too low), (2) delaying 

the making of medication moves for bringing the patient to goal, and (3) not treating 

comorbid conditions which in turn prevent attaining blood glucose goal.  Each of these 

ways of not achieving goal constitutes a failure to act.  In this chapter performance 

models are developed of individual physicians to explain blood glucose-related errors 



175 
 

observed in the Simcare experiment.  These performance models are developed by 

identifying computations and knowledge that when perturbed generate error patterns 

similar to those of the studied physicians.  Blood pressure and lipids are modeled to 

account for whether these conditions were treated and used the same medications that a 

modeled physician used to treat the conditions.   

This chapter is organized in the following manner.  First, an explanation is proposed 

as to why primary care physicians fail to achieve goals when treating patients with type 2 

diabetes.  This explanation uses the concept of errors as a means for identifying those 

actions (or inaction) which lead to failure.  Second, processes are hypothesized within the 

computational models that when perturbed can generate observed errors.  Third, scoring 

rules are developed for identifying Simcare physicians as having used either a feedback 

or feedforward decision strategy when performing a given case.  These rules are applied 

to the physician data to identify decision strategies used by each physician on each case.  

Fourth, units of analysis are defined that are used to evaluate model outcomes compared 

with those obtained by physicians.  Fifth, the computational forms of the perturbations 

are defined and refined by modeling the treatment patterns of a subset of physicians who 

participated in the Simcare experiment.  Finally, the refined perturbations are tested on 

data from a hold-out set of physicians that completed the Simcare experiment. 

7.2  Explaining Failures in Treatment 
 

Three sources of theory are used to explain why decision agents fail to successfully 

treat patients with type 2 diabetes: omission bias in decision making (Baron 2000), the 

repair theory of Seely-Brown and VanLehn (1980), and bug theory of VanLehn (1990).  

Failure on a low base-rate task14 is assumed to be the result of a decision agent’s 

(mal)adaptation of knowledge to a task environment (Johnson, Grazioli et al. 2001).  

Following Johnson et al. (2001) we assume that the knowledge associated with failure is 

similar to the knowledge that supports success, consequently it is possible to identify and 
                                                 
14 The base-rate is the relative frequency with which a specific task is performed compared with the 
frequency all tasks are performed.  A low base-rate task is performed infrequently by an agent compared 
with other tasks the agent performs. 
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isolate localized imperfections in knowledge which are responsible for errors and failures 

to reach goal. 

People are biased not to act (an omission) if there is a chance that their actions will 

cause harm, even when their withholding of actions will cause greater harm (Baron 

2000).   The concept of bias has been used to explain perturbations in the knowledge that 

supports success, for example in triggering and stopping rules that invoke actions needed 

to reach goal (Brown, Nichols et al. 2004; Scott, Greenberg et al. 2008).  People are 

generally susceptible to omission bias (Ritov and Baron 1992).  Physicians may be more 

susceptible for three reasons: (1) medical training which dictates “first do no harm” 

(Hofer, Kerr et al. 2000; Phillips, Branch et al. 2001), (2) limited training for treating 

chronically ill patients (Hofer, Kerr et al. 2000; Phillips, Branch et al. 2001), and (3) 

bounded rationality which impedes choosing and properly using treatments from a large 

array of possible treatments (Simon 1999; Dey, Blonde et al. 2000).   

Three assumptions are made about the nature of the knowledge that supports decision 

making in the task investigated in this research.  First, the power of an agent’s knowledge 

is affected by the frequency of experiences with the task (Lovett and Schunn 1999).  

Second, omission bias can inactivate the knowledge needed for reaching goal (Asch, 

Baron et al. 1994; Spranca, Minsk et al. 2003).  Third, the cognitive architecture for 

learning a procedure has two functional parts, an acquisition function which creates a 

procedure and an interpretation function that applies procedures to solve problems 

(VanLehn 1990). 

Since the decision agent infrequently treats blood glucose levels—compared to other 

types of treatments rendered—there are relative few opportunities for learning from 

experience with the task (Murray and Tantau 2000; Krein, Hofer et al. 2002; Murray, 

Bodenheimer et al. 2003; Yarnall, Pollak et al. 2003; Ostbye, Yarnall et al. 2005).  

Additionally, delays in feedback from actions taken in the past prevent learning cause and 

effect relationships (Sutton and Barto 1999).  Second, these constraints on learning result 

in a bias for not acting because the agent is unsure of effects of actions that could be 
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taken (Spranca, Minsk et al. 2003), preferring to take no action, even though long-term 

harm may result, as opposed to taking action with some risk for harm associated with it 

(Kordes-deVaal 1996). 

Some physicians bring patients to goal but fail to do so in a timely manner.  A delay 

in achieving goal may also reflect omission bias.  To control a process requires the 

decision agent to have a model of the process being controlled (Conant and Ashby 1970; 

Brehmer 1992).  In treating type 2 diabetes this translates to a model of the patient that 

can account for the time-dependent elements of the actions that are taken to treat the 

disease.  If a decision agent has a mental model that cannot account for delayed effects of 

actions that were taken (e.g., medications given) then the agent may become biased to 

increase doses slowly to prevent overmedicating the patient (Belfiglio, De Berardis et al. 

2001; Amiel, Dixon et al. 2007).  The decision agent may else offload computing delays 

in dose effects to the environment (Clark 1998) by either waiting enough time between 

dose increases so delayed effects of previously given medications are negligible, or by 

checking blood glucose values to determine when values are no longer decreasing 

(Blaum 2002).  The low base rate for treating type 2 diabetes does not provide sufficient 

opportunities for most physicians to learn from experience to alleviate biases toward 

inaction (Lovett and Schunn 1999).  

Third, in reference to learning procedures, an acquisition function acquires samples of 

problems and solutions to the problems as inputs.  The acquisition function then 

transforms these inputs into knowledge needed to solve similar problems (VanLehn 

1990).  The interpretation function takes the knowledge generated by the acquisition 

function and an instance of a problem and transforms these inputs into a solution of the 

problem (VanLehn 1990).  When the interpretation function encounters a problem 

instance for which it does not have the requisite knowledge for computing a solution it 

encounters an impasse (Seely-Brown and Vanlehn 1980).  An impasse is a case where the 

available knowledge does not fit the problem at hand and because the knowledge is 

missing the computation cannot be completed until the knowledge is filled in.  
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Overcoming an impasse is accomplished by a process referred to as a repair (Seely-

Brown and Vanlehn 1980). 

Repairs are modifications to the decision agent’s operative knowledge (Johnson, 

Grazioli et al. 2001).  When an impasse is encountered the acquisition function activates 

the repair process to generate the knowledge necessary for solving the problem at hand 

(VanLehn 1990).  Repairs to knowledge can be based on generalizations of similar 

knowledge, integration of separate sources of knowledge (VanLehn 1990), and analogies 

drawn to similar problems and knowledge used to solve them (Novick and Holyoak 

1991).  Generalizations made in the repair process are often overgeneralizations 

(VanLehn 1990) that are biased toward omission of actions (Spranca, Minsk et al. 2003).  

In the case of physicians this omission bias is the result of limited training in chronic 

disease management, plus training to “first, do no harm” (Spranca, Minsk et al. 2003; 

O’Connor, Sperl-Hillen et al. 2005).  The result is that newly created knowledge has un-

vetted assumptions about its applicability for solving the problem at hand (Johnson, 

Grazioli et al. 2001). 

When the repair process results in the acquisition function creating errant knowledge 

for solving a problem a “knowledge bug,” similar to a bug in a computer program, is said 

to have been created (VanLehn 1990).  This buggy knowledge is only active in those 

portions of the problem space where the decision agent assumes that the knowledge is 

applicable (VanLehn 1990).  This creates two interesting problems for the decision agent.  

First, in portions of the problem space where they are solving problems they are not 

aware that they are using buggy knowledge (Ben-Zeev 1995; Ben-Zeev 1998).  Second, 

solving problems in a manner that enables them to reach goal, even if using incorrect 

means, reinforces the belief that the knowledge is applicable for problem solving beyond 

the portion of the problem space where it is applicable (Dodd 1947; Harris 1985; Edgar 

1987).  

Of particular interests are decision agents that do not bring patients to goal because of 

failures to act because of perturbations in domain-specific knowledge.  As stated above, 
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the perturbations are the result of omission bias or knowledge bugs.  Both of these 

sources for knowledge perturbations have identifiable pathologies of decision making.  

These perturbations in knowledge can take several forms: (1) misperception of 

sources for delays in feedback, e.g., medications (Brehmer 1992); (2) misperceptions of 

magnitude of delays in feedback, e.g., weeks versus months (Sterman 1994); (3) 

threshold values for constraints on the use of medications for treating blood glucose 

levels, e.g., ignoring contraindications for prescribed medications (Mazze, Strock et al. 

2007); and (4) knowledge for identifying patients requiring additional types of 

treatments, e.g., treating depression (O’Connor, Sperl-Hillen et al. 2005). 

Perturbations in knowledge affect decision making processes, which in turn exhibit 

identifiable pathologies.  Doerner (1980) and Brehmer (1992) identified three pathologies 

of decision making when people fail to achieve the intended goal in a dynamic 

environment.  (1) Thematic vagabonding – in a multi-goal environment the decision 

agent tends to shift decision making attention from one subgoal to another subgoal, 

failing to address all subgoals needed to reach the overall goal. (2) Encystment – the 

decision agent persists in pursuing one goal regardless of changes in the environment. (3) 

Not deciding – the decision agent refuses to make any decisions. 

More helpful were categories Brehmer (1992) derived from the pathologies, failures 

of goal formulation (items 1 and 2) and refusal to learn from experience (items 3).  These 

categories are especially generalizable to the dynamic task of treating type 2 diabetes. 

whereas some of the identified pathologies are not directly applicable.   

In the domain of chronic disease management failure to act (e.g., failure to intensify 

therapy) is “a fundamental cause of inadequate chronic disease control in routine office 

practice” (O’Connor, Sperl-Hillen et al. 2005).  O’Connor et al. (2005) identified 

pathologies of decision making specific to the task of treating chronic diseases.  (1) 

failure to set appropriate clinical goals, (2) failure to initiate treatment, (3) failure to 

titrate to goal, and (4) failure to identify and manage comorbid conditions.   The first 
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pathology can be associated with the failures of goal formulation category.  The second 

through fourth pathologies can be associated with the refusal to learn from experience 

category.  

This research emphasizes perturbations in knowledge as the reason for decision 

agents failing to achieve goal.  It is hypothesized that these perturbations have 

pathologies that can be identified by the existence of errors in performing tasks to achieve 

a goal (Doerner 1980; Doerner 1990; Johnson, Grazioli et al. 2001; O’Connor, Sperl-

Hillen et al. 2005), where “error is a term used to qualify a given behavior with respect to 

some normative criterion that species rules for that behavior” (Johnson, Grazioli et al. 

2001).   

7.3  Bounding the Sources of Error 
 

Boundary conditions are needed to investigate plausible mechanisms for generating 

errors.  Failing to establish boundary conditions “we encounter a combinatorial explosion 

of possible root causes” (Reason 1990, p188).  In the first section of this chapter the 

concept of perturbations in knowledge was introduced as a means for explaining failure.  

Building on the work of Johnson et al. (2001) sources of boundary conditions are defined 

based on the concept of perturbations in knowledge gained through experience. 

Johnson et al. (2001) identified four characteristics that perturbations in knowledge 

for low base-rate tasks have in common (text in brackets inserted):  

“Similarity : Since repairs are based on the existing knowledge, and since this 
knowledge is acquired on the basis of feedback from a high base-rate task [i.e., 
treating patients that are not chronically ill], the buggy knowledge that affects the 
solution to the low base-rate task [treating chronically ill patients] is similar to the 
knowledge that supports success. 
 
Simplicity : Since bugs are repaired elements of knowledge that the agent could not 
refine due to a lack of feedback (because of the low frequency of occurrence), they 
tend to be relatively simple distortions or transformations of the knowledge that 
supports success. 
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Noninterference: Since bugs that interfere with the knowledge that supports high-
base rate tasks are quickly repaired, it follows that the remaining bugs do not interfere 
with this knowledge. 
 
Plausibility : Since a bug is a bona-fide repair to an impasse, it should support limited 
success, or at least not be implausible.” 
 
In addition to errors the physicians committed on the Simcare cases, these 

characteristics coupled with competence model processes and computations are used to 

constrain hypotheses for causes of errors. 

As established earlier, failures in treating chronic diseases such as type 2 diabetes are 

attributed to omission bias and bugs in knowledge for treating the disease.  Omission bias 

is used to rationalize errors of omission.  Knowledge bugs are used to rationalize errors of 

commission.  Second, from the competence models, functional equations provide a 

confined set of processes that can generate the errors.  Finally, the perturbations in 

knowledge that affect computations are assumed to exhibit the four characteristics 

identified above. 

The next section discusses threats to reliably modeling errors and steps that are taken 

to overcome these threats. 

7.4  Threats to Reliably Modeling Errors 
 

The reliability of the proposed process for modeling errors can be threatened in two 

ways:  (1) Defining an error that for different patient state conditions can be generated by 

more than one computational process, that is, not being able to associate an error with a 

single process.  If this occurs then the modeler has to make decisions as to which process 

to perturb, a decision that may vary between modelers.  (2) Using a scoring procedure for 

identifying a physician’s decision strategy (feedback or feedforward) based on inferences 

about the physician.  For example, making inferences about a physician’s goal or rate or 

progress goal to identify a strategy is not reliable. 

If an error can be mapped to multiple computations then the problem of determining 
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which computation should be perturbed exists.  Such a one-to-many mapping would 

require having to disambiguate amongst perturbations to select the correct one for 

generating a given error.  To overcome this problem each error is mapped to one and only 

one computational perturbation.  This required creating a unique mapping of errors to 

perturbations. 

Second, if the procedure for determining the decision strategy used when performing 

a case is not repeatable or reliable then modeling outcomes can vary depending on which 

decision strategy was identified as having been used.  To overcome this problem by 

default all physicians were assumed to have used a feedback strategy when performing a 

case.  The decision to use feedback as a default is based on Brehmer’s (1992) conclusion 

that people often use a feedback strategy because it is typically sufficient to solve the 

problem at hand and because it requires less cognitive effort compared to a feedforward 

strategy.  A physician was reclassified as having used a feedforward strategy only where 

specific evidence of feedforward behavior was present (e.g., making medication moves 

without checking patient state values, which suggests making moves to give a computed 

amount of medication needed for reaching goal) within a physician’s process trace.  The 

evidence that was used for making the determination to reclassify a physician’s decision 

strategy was derived from the computational theory and identified solely from data 

present within a physician’s process trace. 

The next section presents errors that are modeled and identifies the functional 

equations in which perturbations are introduced to generate errors in physician 

performance models.   

7.5  Errors to Explain in Physician Performance 

Thirteen errors that were defined for treating blood glucose in type 2 diabetes patients 

are presented below.  The errors have been grouped based on common characteristics and 

are associated with either the inverse model or mental model to identify where an error 

occurs within the model. 
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Error(s)  Model Component Affected Functional Equation 
E1, E2, E3, E4, E5 Mental Model MinTimeBetweenMoves 
E6 Inverse Model Oral Medication Moves 
E7, E8, E9 Inverse Model Oral Medication Moves 
E10 Inverse Model Oral Medication Moves 
E11 Inverse Model Oral Medication Moves 
E12 Inverse Model Oral Medication Moves 
E13 Mental Model Adherence Problem 

Table 50: Errors associated with model components and functional equations 

Errors E1 through E5: These “no move” errors are associated with the 

MinTimeBetweeMoves functional equation. The common characteristic for each of these 

errors is the physician having a visit with the patient, and has not reached goal and no 

move is made.  This error is hypothesized to occur because of a perturbed dose response 

time (computed using the Dose Effect functional equation), that is, the estimated time for 

a dose to take effect is extended beyond values specified within competence models. 

Errors E6: This “no move” error is associated with the Oral Medication Moves 

functional equation. The characteristics for this error is the physician is having an initial  

visit with the patient, blood glucose levels are above goal, and no move is made.  This 

error is hypothesized to occur because treatment is delayed until initial blood glucose 

levels are verified. 

Errors E7 through E9: These “improper use of medication” errors are associated with 

the Oral Medication Moves functional equation. The common characteristic for each of 

these errors is that metformin is prescribed when creatinine levels are at or above the 

evidence-based threshold (1.5mg/dL) for ceasing use of this medication.  This error is 

hypothesized to occur because of an elevated creatinine threshold value. 

Error E10: This “improper use of medication” error is associated with the Oral 

Medication Moves functional equation. The characteristic for this error is that a 

sulfonylurea is prescribed in the presence of an allergy to that class of medication.  This 
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error is hypothesized to occur because knowledge of sulfonylurea allergies are excluded 

from the set of contraindications for precluding the use of a medication. 

Errors E11: This “improper use of medication” error is associated with the Oral 

Medication Moves functional equation. The characteristic for this error is that 

medications are prescribed at a dose exceeding the maximum clinical dose.  This error is 

hypothesized to occur because of a perturbation in the knowledge of maximum doses for 

specific medications. 

Errors E12: This “improper use of medication” error is associated with the Oral 

Medication Moves functional equation. The characteristic for this error is medications are 

not titrated in a step-wise manner to a maximum clinical dose.  Rather the initiating dose 

of the medication is the maximum dose.  This error is hypothesized to occur because of a 

perturbation in the titration process for initiating and incrementing doses. 

Errors E13: The “not treating depression” error is associated with the Adherence 

Problem functional equation. The characteristic for this error is treatment moves on more 

than 2 consecutive visits did not decrease blood glucose in a patient with a history of 

depression and no actions were taken to treat depression.  This error is hypothesized to 

occur for two reasons: (1) because the threshold for missed expectations on consecutive 

visits is elevated above the value of 2, the value set within competence models; and (2) 

because the agent missed the cues present in the case for the patient’s history of 

depression and symptoms expressed by the patient for the presence of depression, both of 

which should have been computed to indicate that treatment of depression was required.  

To know which computational model perturbations are to be activated to generate 

observed errors it is necessary to identify which decision strategy was used by a subject 

when performing a case.  The next section develops scoring rules for identifying whether 

a physician used a feedback or a feedforward decision strategy when performing a given 

Simcare case.  These rules are then applied to each physician’s process trace to identify 

which decision strategy was used on each case. 
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7.6  Strategy Identification 

When a decision agent makes decisions to achieve a goal in a dynamic environment 

either a feedback or feedforward decision strategy is used (Brehmer 1992).  The decision 

as to which strategy to use is typically not made on the conscious level, but instead is a 

function of the task being performed (Broadbent, Fitzgerald et al. 1986).   In this section 

characteristics of the task of treating type 2 diabetes along with a set of assumptions are 

used to develop a procedure for identifying which decision strategy a physician used 

when performing a Simcare case.  Decision strategies are identified to determine which 

competence model needs to be particularized to model the given physicians. 

For the task of treating patients with type 2 diabetes four assumptions are made that 

are as follows: 

1. Brehmer (1992) suggests that a feedback strategy is preferred to a feedforward 

strategy for two reasons: (1) it minimizes cognitive effort because it uses a 

simpler mental model of the task and (2) it is often sufficient, though not 

optimal, for achieving a goal (consequently the more cognitively taxing 

feedforward strategy is not required).  Based on this reasoning it is assumed 

that by default physicians used a feedback strategy to treat the Simcare 

patients. 

2. A physician may change strategies for treating diabetes depending on the type 

of patient encountered (e.g., compliant versus depressed).  For modeling 

purposes it is assumed that once a physician selects a strategy for treating a 

patient that he or she does not switch strategies with that patient during the 

course of treatment. 

3. It is assumed that physicians are aware that there is a delay between starting a 

dose of a glucose medication and the effects of the medication showing in 

blood glucose measures (A1c and SMBG values) (DeFronzo 1999).   
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4. It is assumed that some physicians can compute the amount of medication that 

is needed to treat a given patient to reach goal (Kimmel and Inzucchi 2005; 

Mazze, Strock et al. 2005).  If such a physician made a move without 

checking blood glucose information it is because the physician is in the 

process of administering a computed amount of medication needed to the treat 

the patient. 

7.7  Differentiating Feedback and Feedforward Decision Making 
Strategies 

 
Three factors were identified in the chapter Computational Models: an Information 

Processing Theory for Explaining Success to distinguish the feedback decision making 

strategy from the feedforward strategy.  First, the mental model (single point from a dose 

response curve) used in the feedback strategy is insufficient for computing delayed 

effects of medications; whereas the mental model (multiple points from a dose response 

curve) used in feedforward strategy enables computing delayed effects.  Second, the 

feedforward strategy anticipates (computes) the amount of medication needed to treat the 

patient, whereas the feedback strategy uses patient state information to determine when 

enough medication has been given to reach goal.  Third, the feedforward strategy uses 

rate of progress toward goal (slope) and distance to goal when computing moves, 

whereas the feedback strategy computes a medication move on visits where the distance 

to goal exceeds zero.  

A hypothesis is a physician who uses a feedback strategy only schedules visits when 

previously prescribed medications have had reached full effect.  On visits where moves 

were made these physicians only increment the dose of a single medication.  This manner 

of incrementing medication doses prevents overmedicating patients (Ruiz, Array et al. 

1996).   

By week 8 typically oral glucose medications will show greater than 90% of their 

maximum effect on A1c (Guven, Kuenzi et al. 2005).  For a physician to wait at least 8 
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weeks minimizes risk of overmedicating the patient because of delayed medication 

effects regardless of distance to goal.  Similarly by week 4 SMBG values will show 

greater than 90% of a medication’s maximum effect (Riddle 2005).  Waiting these 

periods of time are characteristic of physicians who use a feedback strategy (Ruiz, Array 

et al. 1996).  For a physician to make medication moves before these time periods 

suggests the physician is using a feedforward strategy where delayed effects are 

accounted for using a mental model of the time effect curves for a given medication. 

Insulin dose changes show the full effect on SMBG values within 3 days (Nathan, 

Buse et al. 2006).  Insulin adjustments can therefore be based on a 3 day SMBG pattern 

(suggested by guidelines such as SDM).  This suggests that insulin adjustments would be 

made at most every 3 days to 1 week (3-4 days for SMBG values to stabilize plus up to a 

3 day pattern of stable values).  A physician who uses a feedback strategy would wait 

longer (2 to 4 weeks, Mazze, Strock et al. 2007, p101) before increasing an insulin dose 

to insure that SMBG values had stabilized.   

A physician who uses a feedforward strategy is able to compute an amount of 

medication needed to treat (ANT) the patient.  For such a computation this physician may 

make two simultaneous medication moves when time constraints (e.g., needing to reach 

goal within 180 days) prevent giving the estimated amount of medication needed to reach 

goal for the number of visits that can be scheduled with the patient when only one move 

is made per visit.  When two medications are given on the same visit they are from 

different classes of blood glucose medications.  A physician who uses a feedback strategy 

would only make one glucose medication move on a given visit.  

Using the rationale provided above, physicians’ strategies were scored using the 

following procedure: 

Classify all physicians as using a feedback strategy.  Apply the following rules to 
determine if a physician should be reclassified as using a feedforward strategy. 
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When Oral Therapy is used: 
 

1. If on a given visit two glucose medication moves are made, then classify 
the physician as having used a feedforward strategy. 

OR 
 

2. If on a given visit a glucose medication is incremented but no blood 
glucose information is checked, then classify the physician as having used 
a feedforward strategy. 

OR 
 

3. On a given visit only one medication move is made AND EITHER A or B: 
  

(A) If A1c information is viewed without viewing SMBG information 
and moves are 8 weeks or less apart, then classify the physician as 
having used a feedforward strategy. 
OR 

(B) If SMBG information is viewed (with or without viewing A1c 
information) and moves are less than 4 weeks apart, then classify 
the physician as having used a feedforward strategy. 

 
When Insulin Therapy is used: 
 
If any two insulin moves are spaced less than 2 weeks apart, then classify the 
physician as having used a feedforward strategy. 
 

 
Physicians Scored for Decision Strategies 

 

Each physician’s moves were analyzed on a case by case basis and a decision making 

strategy was scored for each physician on each of the Simcare cases.  Physicians are 

ordered from lowest to highest final A1c value achieved on each case.  Details of the 

physician strategy scoring are presented in Appendix 2: Scoring of Physician Process 

Traces to Identify Decision Strategies. 

Table 51 through Table 53 present a summary of decision strategies used by 

physicians when performing each Simcare case. 
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Strategy: Case 

1 

Physician 

ID 

Final 

A1c 

Days 

Treated 

No. 

Visits 

Errors & Variation 

Codes 

Feedforward 

Expert 7.1 91 7 V5 

4023 7 91 8 E5,V3 

4013 7.3 120 8 E5 

4017 7.8 56 4 -- 

4022 8 88 3 -- 

4019 8 125 5 E5,V1,V3 

4016 8.1 56 4 V2 

4003 8.2 42 5 V1 

4007 8.7 30 2 V1 

Feedback 

4018 7.1 284 5 E4,V3 

4024 7.5 126 4 E12 

4011 7.5 309 9 E1,E4,V3 

4006 7.8 90 4 E1,E5,V3 

4015 7.8 300 5 E1,E5,V3 

4021 7.9 180 4 E1 

4020 8.1 88 3 V3 

4010 8.1 172 4 -- 

4008 8.3 360 6 E2,V1,V3 

4005 8.4 60 2 -- 

4012 8.9 10 2 -- 

Table 51: Simcare physicians and expert scored for decision strategies used when 
treating the Simcare Case 1.  Abbreviated code key: E1-E6 – no move errors; E7-E12 – 
improper use of medications; E13 – not treating depression; V1-V5 – acceptable variations in 
treatments when actions were compared to the idealized models. 
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Strategy: Case 

2 

Physician 

ID 

Final 

A1c 

Days 

Treated 

No. 

Visits 

Errors & Variation 

Codes 

Feedforward 

Expert 6.3 70 12 V5 

4023 7.2 154 8 V3,V5 

4022 8.9 37 3 E12,V3 

4017 10.7 28 4 V3,V4 

4003 10.9 21 3 E8,E9,V2,V4 

4013 11.6 95 6 E13 

4011 14.5 244 10 E13 

Feedback 

4008 5.5 222 4 E8,E9,V3 

4021 5.8 120 3 E8,E9 

4024 6.6 112 3 V1 

4016 6.7 134 5 E8,V5 

4006 6.9 186 7 E8,V4,V5 

4020 8.5 44 3 V3 

4019 9.2 344 9 E3,E8,V1,V2 

4005 10.5 56 5 E8,V2,V3 

4007 11.7 60 3 E9,E13 

4012 12.3 187 6 E13 

4010 13.2 140 5 E9,E13 

4015 13.4 360 5 E8,E9,E13,V1,V3 

4018 13.5 150 4 V3 

Table 52: Simcare physicians and expert scored for decision strategies used when 
treating the Simcare Case 2.  Abbreviated code key: E1-E6 – no move errors; E7-E12 – 
improper use of medications; E13 – not treating depression; V1-V5 – acceptable variations in 
treatments when actions were compared to the idealized models. 
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Strategy: Case 

3 

Physician 

ID 

Final 

A1c 

Days 

Treated 

No. 

Visits Errors & Variation Codes 

Feedforward 

Expert 7.3 108 11 V5 

4003 8.2 91 5 E7,E8,E9,E11 

4016 8.6 95 5 E6,E7,E8,E9,E11,V2,V3 

4022 8.9 44 4 E11,V3 

Feedback 

4011 7 664 12 V5, 

4008 7.1 120 3 E7,E8,E9,E11,V5 

4024 7.3 154 5 E4,E10,V1,V5 

4007 7.4 270 5 E7,E8,E9,V5 

4017 7.6 72 5 E11 

4023 7.7 105 7 E6 

4019 7.7 247 6 -- 

4010 7.8 174 4 E6,V3 

4006 7.9 128 8 -- 

4013 7.9 194 9 E1,E11 

4018 8.1 326 7 V3 

4015 8.5 178 5 E11,V3 

4021 8.6 264 7 E2,E3,E7,E8 

4005 9.3 60 2 V2 

  

4012 skipped 

4020 skipped 

Table 53: Simcare physicians and expert scored for decision strategies used when 
treating the Simcare Case 3.  Abbreviated code key: E1-E6 – no move errors; E7-E12 – 
improper use of medications; E13 – not treating depression; V1-V5 – acceptable variations in 
treatments when actions were compared to the idealized models. 

For both decision strategies physicians were able to bring patients to goal on all three 

cases.  Two patterns existed with respect to physicians’ use of strategies across cases: (1) 

using the same decision strategy on all cases, and (2) changing strategies across cases.  

We can conclude that physicians who used the same strategy on all cases (FF – 4003, 

4022; FB - 4005, 4006, 4008, 4010, 4015, 4018, 4021, 4024) have developed a strategy 

that they applied to the problem of treating cases regardless of patient type.  Only two 

physicians who used the same strategy on the three cases were able to bring all patient 

A1c values to 8% or lower.  We can conclude that physicians who changed strategies 

between cases (4007, 4011, 4013, 4016, 4017, 4019, 4023) were adapting to different 

types of patients by choosing between the two decision strategies.  Only one physician 

who changed strategies between cases was able to bring all patient A1c values to 8% or 
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lower.  As a point of reference the expert used a feedforward strategy on all three cases, 

and was able to bring all patients to A1c values below 8%.  

In this section we identified whether a physician used a feedback or feedforward 

strategy on a given case.  The next section uses this information when drawing samples 

of physician process traces for modeling and testing purposes.   

7.8  Sampling Physicians for Modeling and Hold-out Sets 

Physicians were divided into two groups—a modeling set and a hold-out set.  The 

modeling set was drawn using a stratified sampling approach where for each decision 

strategy one randomly selected15, the best, and the worst physicians was selected for each 

case.  Physicians (4007, 4010, 4011, 4012, 4013, and 4015) who never treated depression 

were excluded from the modeling and hold-out sets for Case 2; analyses of their process 

traces on Case 2 identified actions that were beyond the scope of the current models to 

explain.  

The modeling set was used to test and refine the form perturbations were to take in 

feedback and feedforward competence models.  An output of the modeling process was a 

one-to-one mapping of errors to process perturbations (bugs) which generated the errors.   

The criteria for deciding best was fewest types of errors committed, if there was a tie 

between physicians then lowest final A1c was used to decide which physician had the 

best outcome for the given strategy.  The criteria for deciding worst was most types of 

errors committed, if there was a tie between physicians then highest final A1c was used 

to decide which physician had the worst outcome for the given strategy.   

The hold-out set was composed of all physicians that were not selected for the 

modeling set.  Using the mapping of errors to bugs developed in the modeling set, bugs 

were activated in a physician’s performance model based on the errors committed on a 

case.  
                                                 
15 On Cases 2 and 3 physicians who used feedforward strategies were not randomly sampled because only 4 
and 3 physicians respectively were available for modeling and testing in the hold-out sets. 
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Physicians sampled for the modeling set16 are shown below in Table 54.  Included in 

the table are the types of errors modeled physicians committed and the final A1c values 

achieved with the patients.  Physicians assigned to the hold-out set are given in Table 55. 

 Case 1 Case 2 Case 3 

Feedback    

Best 4010 (8.1: none) 4020 (8.5: V3) 4011 (7.0: V5) 

Worst 4015 (7.8: E1,E5,V3) 4019 (9.2:E3,E8,V1,V2) 4007 (7.4: E7,E8,E9,V5) 

Random 4024 (7.5: E12) 4008 (5.5:E8,E9) 4008 (7.1:E7,E8,E9,E11,V5) 

Feedforward    

Best 4017 (7.8: none) 4023 (7.2:V3,V5) 4022 (8.9: E11,V3) 

Worst 4019 (8.0: E5,V1,V3) 4003 (10.9:E8,E9,V2,V4) 4016 (8.6:E6,E7,E8,E9,E11,V2,V3) 

Random 4023 (7.0: E5,V3) * * 

Table 54: Modeling set – Errors committed on a case are provided in parentheses 
followed by the final A1c achieved on the case.  Physicians are grouped according to 
the decision strategy used to perform a given case.  An asterisk (*) indicates 
physicians were not drawn at random for feedforward modeling on cases 2 and 3 
because of the small pool of physicians (4 for case 2 and 3 for case 3). 

 
Case 1 Case 2 Case 3 

4018 (7.1: E4,V3)  4021 (5.8: E8,E9) 4024 (7.3: E4,E10,V1,V5) 

4011 (7.5: E1,E4,V3) 4024 (6.6: V1) 4017 (7.6: E11) 

4006 (7.8: E1,E5,V3) 4016 (6.7: E8,V5) 4019 (7.7: --) 

4021 (7.9: E1) 4006 (6.9: E8,V5) 4023 (7.7: E6) 

4020 (8.1: V3) 4005 (10.5: E8,V2,V3) 4010 (7.8: E6,V3) 

4008 (8.3: E2,V1,V3) 4018 (13.5: V3) 4006 (7.9: --) 

4005 (8.4: --) 4022 (8.9: E12,V3) FF 4013 (7.9: E1,E11) 

4012 (8.9: --) 4017 (10.7: V3,V4) FF 4018 (8.1: V3) 

4013 (7.3: E5) FF   4015 (8.5: E11,V3) 

4022 (8: --) FF   4021 (8.6: E2,E3,E7,E8) 

4016 (8.1: V2) FF   4005 (9.3: V2) 

4003 (8.2: V1) FF   4003 (8.2: E7,E8,E9,E11) FF 

4007 (8.7: V1) FF     

Table 55: Hold-out set. Errors committed on a case are provided in parentheses 
followed by the final A1c achieved on the case.  Physicians identified as using a 
feedforward strategy are identified with an “FF”, all other physicians were 
identified as using a feedback strategy. 

                                                 
16 The expert was included in the modeling set as a point of reference for what a human decision agent can 
do when treating the Simcare cases. The expert’s process traces served as a “gold” standard for what a 
human could do on the cases. Her variation code and final A1c values for the three cases were: (V5: 7.1), 
(V5: 6.3), (V5: 7.3), respectively. 
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The next section specifies units of analysis and presents three metrics that are used to 

measure how well a performance model accounts for a physician’s actions on a case.  

7.9  Units of Analysis 
 

Three units of analysis are used to evaluate models: (1) errors committed on a per 

visit basis, (2) final A1c achieved at the end of treatment, and (3) final types and doses of 

medications prescribed at the end of treatment.  Analyzing errors on a per visit basis 

provides a measure of performance models making point predictions for errors relative to 

errors committed by the modeled physician.  Analyzing final A1c values reached at the 

end of treatment and final doses of medications provides a way of assessing the similarity 

of patient state outcomes for blood glucose treatments given across all visits by a 

physician and his/her performance model. 

7.9.1 Metrics for Evaluating Model Fit to Physician s 
A set of metrics are defined for evaluating the goodness of fit between a physician’s 

behavior and the model for his/her behavior.  Physician models are intended to explain 

treatment paths, that is, generate similar behavior (moves made and errors committed) 

observed at specific points during a course of treatment and generate similar outcomes 

(A1c) at the end of treatment.   

Evaluating Treatment Paths via Point Predictions 

On each visit physicians were evaluated for whether they committed errors; 

performance models ideally should generate the same pattern of errors as physicians 

when treating the same patients.  The patterns generated by the performance models are 

point predictions of errors physicians made on each visit. 

Differences between error patterns generated by physicians and performance models 

can be measured using string distances, a pattern matching technique commonly used in 

fields such genomics and computational linguistics. An error pattern is represented as a 
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string of sequentially concatenated error codes from all visits17. Error strings for 

physicians and performance models are compared to measure the similarity of the 

patterns.  

 One technique for measuring differences between patterns is to compute the 

Levenshtein minimum string distance statistic (Navarro 2001).  The Levenshtein distance 

is a measure of the minimum distance between two strings based on a set of editing 

primitives (insertions, deletions, and substitutions).  For two character strings the 

minimum string distance (MSD) is measured as the minimum number of primitive 

manipulations to transform one string into the other (Soukoreff and MacKenzie 2001). 

For example, if string 1 is ‘ABBD’ and string 2 is ‘ADCBD’ then the minimum string 

distance between the two strings is 2.  Two primitive operations are required to transform 

the second string into the first string.  The first primitive operation is the second character 

of string 2 is deleted.  The second primitive operation is the third character of ‘C’ is 

substituted with the character ‘B.’  By these operations the two strings are equivalent. 

Soukoreff and MacKenzie (2003) proposed an MSD error rate for measuring 

differences in a typed string intended to replicate a string of text.  The error rate is given 

below in Equation 1: 

MSD Error Rate = 
234 �5,7�

89:�|5|,|7|� < =>>%   Equation 1 

where P and T are the presented and typed character strings, |·| represents the length of 

the string.  MSD error rate ranges from 0 to 100%.  The MSD Accuracy Rate is defined 

as: 

MSD Accuracy Rate = 100% – MSD Error Rate  Equation 2 

MSD accuracy rate is the metric used to evaluate how well performance models error 

patterns match those of the physicians’ error patterns. 

                                                 
17 Visits without errors receive a code indicating that no error occurred, this is to enable measuring 
differences in the timing and quantity of errors committed. 
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Evaluating Final Outcomes 

A goodness of fit measure that Johnson, Grazioli, et al. (2001) used in evaluating 

their computational model for fraud detection was whether their model was capable of 

generating the same outcome as human auditors, that is, did the models render the same 

opinion as the human participants.  There are two different measures for evaluating the 

physician models as to whether they produced the same outcome as the human physician.  

These measures are medication doses prescribed at the end of treatment and final A1c 

values.  Final A1c values achieved by physicians and their models are compared on a 

percent difference basis.  Equation 3 below presents the percent difference in A1c for 

comparing physician and model final A1c values.  

Percent Difference in A1c = @ABCDE F=G HIJ KILME& ABCDE F=G HIJ NOPQBGBDC
ABCDE F=G HIJ NOPQBGBDC @.  Equation 3 

 

7.10  Modeling Physicians in the Modeling Set 

7.10.1 Procedure 

For each case physicians were grouped according to the decision strategy they were 

identified as having used when treating the patient.  Process traces were examined for 

errors and forms of perturbations were developed for the functional equations identified 

earlier in this chapter.  Physicians were scored for one of five patterns of titrating blood 

glucose oral medications (see 6.3.1 Titrating Oral Medications for details).  Physicians 

identified as using a feedback strategy were modeled by introducing perturbations in the 

feedback competence model; similarly physicians identified as using a feedforward 

strategy were modeled by introducing perturbations in the feedforward competence 

model. 

7.10.2 Results 

For each physician in the modeling set bugs were implemented and refined to obtain 
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the best fit between the physician’s trace and the model’s trace for both errors and final 

A1c.  This was an iterative process, during which error definitions and forms of process 

perturbations were modified to obtain good fits in errors while maintaining a one-to-one 

mapping between errors and bugs.   

Along with blood glucose treatments, models treated blood pressure and lipids.  

Models were given the same medications that physicians used for treating these 

conditions, but no perturbations were introduced in computational processes for 

generating blood pressure or lipid moves. 

Physician 4015 performing Case 1 has been selected as an exemplar to show the 

modeling process.  This physician was identified as using a feedback decision strategy on 

Case 1 and committed two types of errors: E1 (no move when A1c was between 8.0 and 

8.5%), E5 (no move when A1c was between 7.5 and 8.0%). This physician did not 

prescribe medical nutrition therapy; this was scored as a variation in treatment (V3).  A 

tabular summary of physician 4015’s moves is given below in Table 56.  Errors 

committed during treatment are shown on the bottom row of the table.  Columns in the 

table represent a visit with the patient; each row presents laboratory orders (denoted by an 

“X”), total medications prescribed at the end of a visit, and patient state measures. 
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Case 1 Visit Number 1 2 3 4 5 
Lab Orders             
  MNT -- -- -- -- -- 
  Nurse Educator X -- -- -- -- 
  A1c order -- X X X X 
  SMBG order -- X X -- X 
  Creat Order -- X X -- X 
  Lipid Order -- -- -- X -- 
Med Orders             
  Glyburide         5 
  Metformin 1000 1000 2000 2000 2000 
  Lisinopril     10 20 20 
Patient State             
  A1c 9.5 8.9 8.8 7.8 7.8 
  Avg SMBG 235 201 201 166 165 
  Creatinine 0.8 0.8 0.8 1.1 1.2 
  LDL 141 141 143 143 144 
  HDL 33 32 34 37 39 
  Triglyceride 187 189 191 194 199 
  Systolic BP 154 157 158 151 147 
  Weight 189 189 189 190 191 
  Depression 10 10 10 10 10 
  Adherence 0.9 1 0.9 0.9 0.9 
  Days to Next Visit 30 90 90 90   
  Day in Treatment 0 30 120 210 300 
Errors    -- E1  -- E5  -- 

Table 56: Decision graph for physician 4015 performing Case 1 

Error E1 was generated by perturbing the MinTimeBetweenMoves function (Bug 

B1).  The modified computation is: IF Time Since Last Move < 120 days THEN NO, do 

not make a move ELSE YES, make next move.  When the perturbation is not present the 

computation is IF Time Since Last Moves < 30 days THEN NO, do not make a move 

ELSE YES, make next move.  The average SMBG value that was viewed by the 

physician on this visit was 201mg/dL. 

 Error E5 was generated on visit 4 by perturbing the MinTimeBetweenMoves 

function (Bug B5).  The modified computation is: IF Time Since Last Move < 90 days 

THEN NO, do not make a move ELSE YES, make next move.  When the perturbation is 

not present the computation is IF Time Since Last Moves < 30 days THEN NO, do not 

make a move ELSE YES, make next move.  The A1c value that was viewed by the 

physician on this visit was 7.8%. 
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Because the perturbations associated with the two “no move” errors were different the 

errors needed to map to separate bugs within the same functional equation.  To 

accomplish this “no move” errors were defined for ranges of blood glucose values.  The 

A1c ranges for which “no move” errors were defined are: 7.5% to 8%, 8% to 8.5%, 8.5% 

to 9%, 9% to 9.5%, and greater than 9.5%. An equivalent set of average SMBG value 

ranges were defined to correspond with each of the A1c ranges.  By specifying blood 

glucose ranges a single functional equation (MinTimeBetweenMoves) could be perturbed 

in more than one way and allow the specific form of a perturbation to be reliably 

identified. 

Error E1 was defined to cover no move errors when A1c is between 8.0% and 8.5% 

or the equivalent average SMBG values of 184mg/dL and 207mg/dL.  Error E5 was 

defined to cover no move errors when A1c is between 7.5% and 8.0% or the equivalent 

average SMBG values of 162mg/dL and 184mg/dL.  The determination as to whether to 

use the A1c range or SMBG range was based on the type of information the physician 

viewed when making treatment decisions.  If a physician did not acquire new information 

then the last viewed information was used for scoring an error and for defining the form 

of the perturbation needed to generate a particular “no move” error. 

The number of days selected for these perturbations was determined by computing 

the number of days that passed between medication moves.  The values were refined to 

accommodate all of the physicians in the modeling set who committed the same error. 

This physician did not prescribe MNT to the patient (variation in treatment V3), 

therefore medical nutrition therapy was deactivated in the model.  V3 was defined to 

include a referral to the nurse, but no prescriptions for diet or exercise. 

By examining the pattern of dose changes it was determined that this physician 

titrated oral medications by fixing the daily frequency (b.i.d.) and then increased the 

tablet size on visits when moves were made.  

This physician’s bugs and titration policy were activated in the feedback model to 
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generate a pattern of moves.  Figure 7 below shows the A1c traces produced by physician 

4015, the competence model, and the performance model.  An additional trace is included 

for the model run with bugs activated but scheduling and information seeking behavior 

are controlled to match the moves of the physician.  This last trace was included to enable 

the evaluation of the model generating treatment moves and treatment errors without the 

confounding of scheduling and information seeking moves.  

Arriving at the final form of the bugs and values that needed to be set within the 

models was reached through an iterative process of testing the bugs and values and 

comparing model output with physician output.  Below in Table 57 and Table 58 

(scheduling and information were controlled) are tabular summaries of moves generated 

by model 4015 performing Case 1.   

  

Figure 7: A1c trace for Physician 4015, model 4015, model 4015 controlling for 
scheduling, and the feedback competence model performing Case 1.  Solid icons 
indicate visits where blood glucose moves were made; hollow icons indicate visits 
where no blood glucose moves were made. 
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Case 1 Visit Number 1 2 3 4 5 

Lab Orders             

  MNT -- -- -- -- -- 

  Nurse Educator X -- -- -- -- 

  A1c order X X X X X 

  SMBG order X X X X X 

  Creat Order X X X X X 

  Lipid Order X X X X X 

Med Orders Med Orders           

  Glyburide 0 0 0 5 5 

  Metformin 1000 2000 2000 2000 2000 

  Lisinopril 10 20 40 60 60 

Patient State Patient State           

  A1c 9.5 8.8 7.9 7.9 6.8 

  Avg SMBG 232 202 158 160 107 

  Creatinine 0.8 1.1 1.1 1.2 1.2 

  LDL 142 144 145 147 146 

  HDL 29 27 26 27 27 

  Triglyceride 189 192 190 184 186 

  Systolic BP 151 141 136 132 125 

  Weight 191 189 190 191 192 

  Depression 10 10 10 10 10 

  Adherence 0.9 1 0.9 0.9 0.9 

  Days to Next Visit 60 60 60 60 90 

  Day in Treatment 0 60 120 180 240 

Errors    --  -- E5  --  -- 

 

Table 57: Decision graph for model 4015 performing Case 1 
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Case 1 Visit Number 1 2 3 4 5 
Lab Orders           
  MNT -- -- -- -- -- 
  Nurse Educator X -- -- -- -- 
  A1c order -- X X X X 
  SMBG order -- X X -- X 
  Creat Order X X X X -- 
  Lipid Order X X X X -- 
Med Orders           
  Glyburide 0 0 0 0 5 
  Metformin 1000 1000 2000 2000 2000 
  Lisinopril 10 20 40 60 60 
Patient State           
  A1c 9.5 8.9 8.8 7.9 7.9 
  Avg SMBG 232 202 201 160 158 
  Creatinine 0.8 1.1 1.1 1.2 1.2 
  LDL 142 144 145 147 146 
  HDL 29 27 26 27 27 
  Triglyceride 189 192 190 184 186 
  Systolic BP 151 141 136 132 125 
  Weight 191 190 191 192 192 
  Depression 10 10 10 10 10 
  Adherence 0.9 1 0.9 0.9 0.9 
  Days to Next Visit 30 90 90 90   
  Day in Treatment 0 30 120 210 300 
Errors    -- E1  -- E5  -- 

Table 58: Decision graph for model 4015 performing Case 1.  Scheduling and 
information seeking moves are controlled for to match those of the physician. 

The pattern of errors generated by the physician and the model yielded a minimum 

string distance accuracy rate of 60% (an E1 error was not committed on visit 2).  When 

scheduling and information seeking were controlled to match those of the physician the 

accuracy rate was 100%, that is, the errors committed by the physician and model 

matched on all visits.  The physician achieved a final A1c of 7.8 and the model achieved 

a final A1c of 6.8%, the percent difference in final A1c scores is 13%; when scheduling 

and information seeking were controlled the final A1c was 7.9%, the percent difference 

in final A1c scores was 1%. 

The process that was used to model Physician 4015 was repeated for the other 

physicians in the modeling set.   
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The final mapping of errors to bugs developed from the modeling process is shown 

below in Table 59 through Table 62.  In each of these tables competence versions of 

computations and buggy versions of computations are given in pseudocode.   

 

Bug Error / Description Computations: Buggy & Competence Versions 
B1 E1: No move –  

• A1c > 8.0% and 
A1c < 8.5% 
(equivalent avg. 
SMBG ranges are 
184 to 207mg/dL) 

• “next” visit 

Buggy Version 
IF A1c (or equivalent average SMBG) > goal & Time Since Last 
Move >= MinTimeBetweenMoves [120 days] THEN make 
medication move ELSE do not make medication move. 
 
Competence Version 
IF A1c (or equivalent average SMBG) > goal & Time Since Last 
Move >= MinTimeBetweenMoves [A1c, 60 days; SMBG, 30 days] 
THEN make medication move ELSE do not make medication move. 

B2 E2: No move –  
• A1c >= 8.5% and 

A1c <= 9.0% 
(equivalent avg. 
SMBG ranges are 
207 to 229mg/dL) 

• “next” visit 

Buggy Version 
IF A1c (or equivalent average SMBG) > goal & Time Since Last 
Move >= MinTimeBetweenMoves [90 days] THEN make 
medication move ELSE do not make medication move. 
 
Competence Version 
IF A1c (or equivalent average SMBG) > goal & Time Since Last 
Move >= MinTimeBetweenMoves [A1c, 60 days; SMBG, 30 days] 
THEN make medication move ELSE do not make medication move. 

B3 E3: No move –  
• A1c > 9.5% 

(equivalent avg. 
SMBG is 
251mg/dL) 

• “next” visit 

Buggy Version 
IF A1c (or equivalent average SMBG) > goal & Time Since Last 
Move >= MinTimeBetweenMoves [90 days] THEN make 
medication move ELSE do not make medication move. 
 
Competence Version 
IF A1c (or equivalent average SMBG) > goal & Time Since Last 
Move >= MinTimeBetweenMoves [A1c, 60 days; SMBG, 30 days] 
THEN make medication move ELSE do not make medication move. 

Table 59: Bugs for generating ‘no move’ errors E1, E2, and E3.  Competence and 
buggy computations are given in pseudocode. 
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Bug Error / Description Computations: Buggy & Competence Versions 
B4 E4: No move –  

• A1c > 9.0% and 
A1c <= 9.5% 
(equivalent avg. 
SMBG ranges are 
229 to 251mg/dL) 

• “next” visit 

Buggy Version 
IF A1c (or equivalent average SMBG) > goal & Time Since Last 
Move >= MinTimeBetweenMoves [90 days] THEN make 
medication move ELSE do not make medication move. 
 
Competence Version 
IF A1c (or equivalent average SMBG) > goal & Time Since Last 
Move >= MinTimeBetweenMoves [A1c, 60 days; SMBG, 30 days] 
THEN make medication move ELSE do not make medication move. 

B5 E5: No move –  
• A1c > 7.5% and 

A1c <= 8.0% 
(equivalent avg. 
SMBG ranges are 
162 to 184mg/dL) 

• “next” visit 

Buggy Version 
FEEDBACK: IF A1c (or equivalent average SMBG) > goal & Time 
Since Last Move >= MinTimeBetweenMoves [90 days] THEN make 
medication move ELSE do not make medication move. 
 
FEEDFORWARD: IFA1c (or equivalent average SMBG) > goal & 
Time Since Last Move >= MinTimeBetweenMoves [42 days] THEN 
make medication move ELSE do not make medication move. 
 
Competence Version 
FEEDBACK: IFA1c (or equivalent average SMBG) > goal & Time 
Since Last Move >= MinTimeBetweenMoves [A1c, 60 days; 
SMBG, 30 days] THEN make medication move ELSE do not make 
medication move. 
 
FEEDFORWARD: IFA1c (or equivalent average SMBG) > goal & 
Time Since Last Move >= MinTimeBetweenMoves [7 days] THEN 
make medication move ELSE do not make medication move. 

B6 E6: No move –  
• Initial visit,  
• A1c > 8%,  

 

Buggy Version 
IF visit=1 THEN order tests & do not make any treatment moves. 
 
Competence Version 
If visit=1 THEN order tests & compute OralMove and MNTMove. 

Table 60: Bugs for generating ‘no move’ errors E4, E5, and E6.  Competence and 
buggy computations are given in pseudocode. 
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Bug Error / Description Computations: Buggy & Competence Versions 
B7 E7: Initiate dose of 

contraindicated medication – 
metformin 

Buggy Version 
IF creatinine >= 1.5mg/dL and metformin= 0 THEN 
initiate metformin. 
 
Competence Version  
IF creatinine >= 1.5mg/dL and metformin = 0 THEN 
exclude metformin from formulary, initiate next 
medication in formulary. 

B8 E8: Maintain dose of  
contraindicated medication – 
metformin 

Buggy Version 
IF creatinine >= 1.5mg/dL and metformin> 0 THEN 
metformin(t) = metformin(t-1) 
 
Competence Version  
IF creatinine >= 1.5mg/dL and metformin > 0 THEN set 
metformin = 0 and initiate next medication in formulary. 

B9 E9: Increment contraindicated 
medication – metformin 

Buggy Version 
IF creatinine >= 1.5mg/dL and metformin> 0 THEN 
titrate metformin 
 
Competence Version  
IF creatinine >= 1.5mg/dL and metformin > 0 THEN set 
metformin = 0 and initiate next medication in formulary. 

B10 E10: Prescribe contraindicated 
medication – sulfonylurea 

Buggy Version 
IF sulfonylurea allergy THEN do not exclude 
sulfonylurea from formulary. 
 
Competence Version  
IF sulfonylurea allergy THEN exclude sulfonylurea 
from formulary 

B11 E11: Exceeding maximum 
recommended total daily dose of 
a medication 

Buggy Version 
BuggyMaxDose = 2 * MaxDose 
 
Competence Version  
MaxDose  = maximum clinically effective dose 

B12 E12: Prescribing max dose 
without titrating 

Buggy Version 
Initial dose increment = maximum clinically effective 
dose 
 
Competence Version  
Initial dose increment = minimum tablet size 

Table 61: Bugs for generating ‘improper use of medication’ errors E7 through E12.  
Competence and buggy computations are given in pseudocode. 
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Bug Error / Description Computations: Buggy & Competence Versions 
B13 E13: Not treating depression Buggy Version 

If Move(t-1) and A1c(t) < A1c(t-1) where t=current & last 
visits then do not treat depression (no psych referral, 
Zoloft=0) 
 
Competence Version  
If Move(t-1) and A1c(t) < A1c(t-1) where t=current & last 
visits then make referral to psychologist, prescribe Zoloft. 

Table 62: Bugs for generating ‘not treating depression’ error E13.  Competence and 
buggy computations are given in pseudocode. 

The models for each physician were evaluated for similarity in final A1c values 

compared with final A1c values that physicians obtained (see Table 63 below).  On Case 

1 percent differences in final A1c values were within 4% or less of the values physicians 

obtained, differences decreased to 1% or less when scheduling and information seeking 

moves were controlled in the models.  On Case 2 and 3, where insulin is used, percent 

differences in final A1c values varied between 0% and 16%; controlling scheduling and 

information did not reduce differences in final A1c and in some instances increased 

differences.  

Of the 16 physician-case instances in the modeling set, performance models were 

able to replicate the error patterns exactly for 11 physicians, when scheduling and 

information seeking moves were controlled in the model error patterns were replicated 

exactly for 13 physicians (see Table 64).  For the 3 physicians with error patterns that 

were not replicated the same errors were committed by physicians and models, but the 

errors occurred on different visits; the errors being modeled were for the improper use of 

medications.  For 2 physicians whose error patterns could be replicated only when 

scheduling and information moves were controlled, when the model computed these 

(visits and information seeking) moves the model never encountered the conditions 

necessary for activating bugs to generate the errors (errors being modeled were for not 

making a medication move).   

Errors committed by physician and model were examined based on the first and 

second halves of the total visit had with a patient.  The first half of the total visits is 
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typically when treatments regimens are initiated, corrected (e.g., addressing 

contraindicated medications), or both.  The second half of treatment is typically when 

medications are being titrated to goal.  When evaluating errors committed during the first 

and second halves of total visits with the patient the models for all physicians in the 

modeling set generated the same type of error during the same half of treatment as the 

physician. The tables below present summaries of differences in final A1c values and 

committed errors.  

Case 

Phys 

ID Strategy 

Final A1c (%) 

% Difference Between 

Final A1c Values 

Physician Model Model * 

Physician-

Model 

Physician-

Model* 

1 

4024 FB 7.5 7.4 7.4 0.01 0.01 

4015 FB 7.8 6.8 7.9 0.13 0.01 

4010 FB 8.1 8.0 8.0 0.01 0.01 

4023 FF 7 6.7 6.9 0.04 0.01 

4017 FF 7.8 8.1 7.8 0.03 0.01 

4019 FF 8 7.9 8.0 0.01 0 

2 

4008 FB 5.5 6.4 6.4 0.16 0.16 

4020 FB 8.5 8.5 8.8 0 0.04 

4019 FB 9.2 9.5 9.7 0.03 0.04 

4023 FF 7.2 7.4 6.8 0.02 0.06 

4003 FF 10.9 10.8 10.8 0.01 0.01 

3 

4011 FB 7 6.8 6.9 0.03 0.02 

4008 FB 7.1 7.7 7.7 0.1 0.1 

4007 FB 7.4 7.0 7.0 0.05 0.06 

4016 FF 8.6 8.8 8.5 0.03 0.01 

4022 FF 8.9 9.3 9.0 0.04 0.01 

Table 63: Modeling Set: Final A1c achieved by physician and models; percent 
difference in final A1c values achieved by physician and models.  Strategy: FB – 
feedback, FF – feedforward.  The Model* column presents final meds when 
scheduling and information moves were controlled to match those of the physician. 
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Case 

Phys 

ID Strategy 

MSD Accuracy 

Rate 

Errors Committed During 1st & 2nd Halves of 

Treatment 

Model Model* Physician Model Model* 

1 

4024 FB 100 100 E12/ E12/ E12/ 

4015 FB 60 100 E1/E5 E5/ E1/E5 

4010 FB -- -- / / / 

4023 FF 87 100 /E5 / /E5 

4017 FF -- -- / / / 

4019 FF 100 100 /E5 /E5 /E5 

2 

4008 FB 100 100 E8,E9/E8 E8,E9/E8 E8,E9,/E8 

4020 FB -- -- / / / 

4019 FB 100 100 E3,E8/E8 E3,E8/E8 E3,E8/E8 

4023 FF -- -- / / / 

4003 FF 33 33 E8,E9/ E8,E9/ E8,E9/ 

3 

4011 FB -- -- / / / 

4008 FB 100 100 E7,E8,E9,E11/ E7,E8,E9,E11/ E7,E8,E9,E11/ 

4007 FB 60 60 E7,E8,E9/E8 E7,E8,E9/E8 E7,E8,E9/E8 

4016 FF 62 62 

E6,E7,E8,E9, 

E11/E8,E11 

E6,E7,E8,E9, 

E11/E8,E11 

E6,E7,E8,E9,E11

/E8,E11 

4022 FF 100 100 E11/E11 E11/E11 E11/E11 

Table 64: Modeling Set: Summary of errors committed by physician and models. 
Matches between errors committed are measured using minimum string distance 
(MSD) accuracy rates. Errors committed during first and second halves of total 
visits with the patient: errors committed in the 1st half of visits are to the left of the 
slash, those in the 2nd half are to the right of the slash; if an odd number of visits 
where scheduled the middle visit is included in the 1st half.  Strategy: FB – feedback, 
FF – feedforward.  The Model* column presents final meds when scheduling and 
information moves were controlled to match those of the physician. 

 
In addition to the metrics presented above, doses of blood glucose medications 

prescribed on the last visit were compared between each physician’s experiment data and 

the physician’s model.  Table 65 presents the final doses of blood glucose medications 

for physicians in the modeling set and their respective models.  Performance models 

controlling for scheduling and allowing models to compute scheduling both prescribed 

the same amount of oral medications in all cases within the modeling set except for 

model 4017 on Case 1 (the model prescribed 2000mg of metformin, the physician 
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prescribed 2550mg).  There was more variation in the total amounts of insulin prescribed 

by physicians and models.  Physicians exhibited more variety in insulin dose increments 

compared with doses computed by models.18  

Modeling Set   Prescribed Blood Glucose Medications 
Case Phys. ID Strategy Physician Model Model * 

1 

4024 FB M(2000) M(2000) M(2000) 
4015 FB M(2000),GY(5) M(2000),GY(5) M(2000),GY(5) 
4010 FB M(2000) M(2000) M(2000) 
4023 FF M(2000),GY(5) M(2000),GY(5) M(2000),GY(5) 
4017 FF M(2550) M(2000) M(2550) 
4019 FF M(1500),GY(1.25) M(1500),GY(1.88) M(1500),GY(1.25) 

2 

4008 FB M(2000),I(135) M(2000),I(169) M(2000),I(169) 
4020 FB R(8),I(139) R(8),I(186) R(8),I(169) 
4019 FB M(1000),R(4),I(120) M(1000),R(4),I(237) M(1000),R(4),I(220) 
4023 FF P(45),I(140) P(45),I(259) P(45),I(237) 
4003 FF M(1700),I(151) M(1700),I(169) M(1700),I(169) 

3 

4011 FB R(8),I(80) R(8),I(76) R(8),I(88) 
4008 FB M(2000),R(16) M(2000),R(16) M(2000),R(16) 
4007 FB M(2000),R(8),I(20) M(2000),R(8),I(27) M(2000),R(8),I(22) 
4016 FF M(1700),R(16),I(10) M(1700),R(16),I(12) M(1700),R(16),I(12) 
4022 FF R(16),I(120) R(16),I(32) R(16),I(32) 

Table 65: Final medications doses prescribed by physicians in the modeling set and 
their respective physician models.  The Model* column presents final meds when 
scheduling and information moves were controlled to match those of the physician. 

 

7.10.3 Modeling Blood Pressure and Lipids 
Each physician’s model was given the same medications that the physician used for 

treating blood pressure (SBP) and lipids (LDL) on a case by case basis.  Models 

computed medication moves for SBP and LDL; these moves were made during visits that 

were computed to occur based on blood glucose values.  Regardless of the strategy a 

physician used when treating blood glucose a feedback strategy was used to treat SBP 

and LDL.  The reason a feedback strategy was used is time delays associated with effects 

of medications for SBP and LDL are negligible compared to time delays associated with 

effects of glucose medications (Davidson, Ma et al. 2002; Meredith 2004), as a result it is 

                                                 
18 For this case the patient DLL responded in a different manner compared to the patient in Simcare 
experimental interface when identical moves were given to both. 
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not necessary for an agent to anticipate a patient’s SBP or LDL state because it can be 

accurately measured via information seeking moves. 

The results of models treating SBP and LDL in the modeling set are shown in Table 

66. 

C
a

se
 

Phys 

ID 

Blood Pressure (SBP) Lipids (LDL) 

Final Systolic 

Pressure (mmHg) 

% Difference 

Between SBP 

Values Final LDL (mg/dL) 

% Difference 

Between LDL 

Values 

Phys. Model Model* 

Physician 

-Model 

Physician

-Model* Phys. Model Model* 

Phys-

Model 

Phys-

Model* 

1 

4010 141 127 127 0.10 0.11 111 104 104 0.06 0.07 

4015 147 125 125 0.15 0.18 144 146 146 0.01 0.01 

4017 140 130 127 0.07 0.10 143 111 147 0.22 0.03 

4019 145 125 129 0.14 0.12 118 94 104 0.20 0.13 

4023 145 125 124 0.14 0.17 109 95 96 0.13 0.14 

4024 134 132 132 0.01 0.02 105 98 98 0.07 0.07 

2 

4003 142 143 143 0.01 0.01 145 145 145 0.00 0.00 

4008 113 128 128 0.13 0.12 99 120 120 0.21 0.18 

4019 125 110 115 0.12 0.09 129 148 149 0.15 0.13 

4020 118 128 128 0.08 0.08 125 133 138 0.06 0.09 

4023 127 142 142 0.12 0.11 128 153 150 0.20 0.15 

3 

4007 141 116 116 0.18 0.22 89 98 98 0.10 0.09 

4008 117 121 121 0.03 0.03 55 103 103 0.87 0.47 

4011 138 119 122 0.14 0.13 98 87 101 0.11 0.03 

4016 129 124 124 0.04 0.04 84 99 99 0.18 0.15 

4022 132 131 131 0.01 0.01 121 99 95 0.18 0.27 

Table 66: Modeling Set – Final SBP and LDL outcomes for physician, model, 
model* (simulation run with scheduling & informatio n seeking moves controlled).  
Percent difference values are reported. 

Case 1: No physicians reached SBP or LDL goal even though they prescribed 

medications to treat the conditions.  Models treated SBP and LDL on the first visit where 

conditions were above goal (visit 1), the models titrated medications each visit until goal 

was reached.  If the physician treated SBP and/or LDL then the model was tasked with 

doing the same.  All models except for model 4024 reached SBP goal.  Two of the 
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models (4015 and 4017) did not reach LDL goal because no treatment moves were made 

(neither did the physician make treatment moves).  A conclusion reached for Case 1 is if 

a physician prescribed medications to treat a condition then when the model was given 

the same medications the model would titrate until goal was reached; whereas either 

physicians did not titrate to goal or they started treating SBP and LDL late in the course 

of visits, both of which prevented them from reaching goal.  Percent difference values for 

SBP did not exceed 18% and values for LDL did not exceed 22%. 

Case 2: The effectiveness of physicians SBP and LDL moves were determined by 

how well they treated depression (i.e., was it treated with a psychologist referral, Zoloft, 

or a combination of these), number of visits after resolving issues with depression, and 

whether they actively titrated medications that the patient started treatment on.  The 

modeling process accounted for the first two conditions for effective treatments.  Percent 

difference values for SBP did not exceed 13% and values for LDL did not exceed 21%.  

A conclusion from this case is when depression is present (or has been treated) and bugs 

are activated then models do not effectively treat SBP and LDL to reach goal. 

Case 3: Models obtained similar SBP values except in two instances (models 4007 

and 4011).  These models obtained lower SBP values even though no medications were 

prescribed.  Models obtained similar LDL values except for model 4008, the physician 

titrated medications until LDL was 55 but the model stopped titrating once the value 

reached goal (100mg/dL). 

Details of the modeling runs for each physician in the modeling set are provided in 

Appendix 3: Modeling Set.  The next section presents the results of running models for 

physicians in the hold-out set.  Bugs were activated in models based on the mapping of 

errors-to-bugs that was developed using the modeling set. 

7.11  Modeling Physicians in the Hold-out Set 

The bugs developed using physicians’ traces from the modeling set were tested on the 

hold-out set.  Individual models were parameterized for each physician performing each 
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case based on the mapping between errors and bugs.  Results of these simulations were 

assessed by comparing physician and model outcomes.  The outcomes evaluated were 

percent difference in final A1c values, similarity of errors committed, and final dose of 

medications prescribed.  Summaries of these results are presented below in Table 67, 

Table 68, and Table 69. 

Differences between Physician & Model Final A1c Values: On Case 1 final A1c 

values for physician and model did not differ by more than 6%.  For Case 1 models were 

incrementing oral medications in constrained ways as dictated by tablet sizes.  On Cases 

2 and 3 final A1c values differed by as much as 32%.  For the latter two cases insulin was 

prescribed which is not constrained as far as dose increments that can be given.  In the 3 

instances (Case 2: 4021, 4005; Case 3: 4010) where final A1c values differed by more 

than 10% the physicians incremented insulin in larger amounts each visit than the models 

(for instance, 20units by the physician vs. 12 units by the model).  Differences in final 

A1c values on the first case show that the modeled process for titrating oral medications 

represent processes that physicians used when titrating orals.  Differences in final A1c 

values on Cases 2 and 3 show that modeled processes for titrating insulin are limited in 

the variation accounted for in how physicians titrate insulin. 

When scheduling and information seeking moves were controlled in the model to 

match those moves of the physicians’ differences in final A1c values decreased by as 

much as 9%, but the range of differences in final A1c values did not change.  For 

instances where differences in final A1c decreased when scheduling and information 

seeking were controlled there were offsetting instances where differences in final A1c 

increased.  This suggests that modeled processes (in instances where differences in final 

A1c increased) for medication treatments and scheduling/information seeking differed 

from those of the subjects, but the differences in the modeled processes compensated for 

each other resulting in generating final A1c values that more closely matched those of the 

subject physicians.  
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Errors Committed by Physician & Model:  Feedback performance models generated 

errors on the same visits as physicians with accuracy rates ranging from 0 to 100%; when 

scheduling/information seeking moves were controlled the range of accuracy rates 

increased to the range of 50 to 100%.  Feedforward performance models generated errors 

on the same visits as physicians with accuracy rates ranging from 62 to 100%; when 

scheduling/information seeking moves were controlled the range of accuracy rates 

increased to the range of 67 to 100%.  Three physician performance models with 

representative MSD accuracy rates are examined below; the findings of the analysis are 

applicable to both feedback and feedforward models for all subjects. 

The model for physician 4011 did not generate errors (0% MSD accuracy rate), this is 

because the model did not encounter the patient state conditions necessary for activating 

the bug.  When scheduling/information seeking moves were controlled within model 

4011 the MSD accuracy rate increased to 78%; the model encountered patient state 

conditions needed to activate bugs which in turn generated errors.  Differences in the 

MSD accuracy rates when scheduling/information seeking were controlled versus not 

controlled provided a measure of errors that were the result of scheduling and 

information seeking moves.  This shows that model 4011did not represent the physician’s 

scheduling and information seeking behavior but it did represent this physician’s titration 

process.  While model 4011 is the extreme instance, the aforementioned explanation 

applies to models 4018 and 4013 treating Case 1, and models 4013 and 4021 treating 

Case 3. 

There was no difference in MSD accuracy rates for feedback model 4021 performing 

Case 2 when scheduling/information seeking moves were and were not controlled.  From 

this we can conclude that the combination of modeled titration processes and activated 

bugs, as opposed to scheduling/information seeking processes, did not completely 

represent physician 4021’s behavior.  The model generated the same errors but it 

generated the errors on visits where the physician did not commit errors, this physician 

committed errors intermittently when patient state conditions were present for activating 



214 
 

bugs.  This suggests that this physician used additional (not modeled) processes for 

computing medication moves.  This explanation is applicable to models 4021 treating 

Cases 2, and 4003, 4015, 4024 treating Case 3. 

The MSD accuracy rates decreased for model 4008 on Case 1 when 

scheduling/information seeking moves were not controlled (67%) compared to when 

those moves were controlled (50%).  From this we can draw the conclusion that 

processes used by the model for computing treatment, scheduling, and information 

seeking moves did not accurately represent the physician’s computational processes, and 

inaccuracies in scheduling/information seeking computations offset inaccuracies in 

treatment computations (hence the reason for higher MSD rates when 

scheduling/information seeking were not controlled).  

Other physicians errors were modeled with 100% MSD accuracy rates (4003, 4005, 

4006, 4007, 4012, 4016, 4020, 4022 – treating Case 1; 4005, 4006, 4016, 4017, 4018, 

4022, 4024 – treating Case 2; 4005, 4006, 4010, 4017, 4018, 4019, 4023 – treating Case 

3). 

Final Doses of Prescribed Medications:  On Case 1 ten out of 13 physicians and 

their corresponding performance models prescribed the same medications at the same 

dose.  For 3 physicians differences occurred because the form of the perturbation 

(increasing the days output by the MinTimeBetweenMoves function) did not match with 

their time lag between moves. 

On Cases 2 and 3 in 95% (19 out of 20) of cases the physicians and their 

corresponding performance models prescribed the same oral medications at the same 

dose.  The one case where the physician and model did not match occurred because the 

physician started multiple orals while titrating insulin, whereas the model as defined only 

introduces one oral glucose medication with insulin.  

On Cases 2 and 3 with respect to insulin use, in 79% (15 out of 19) of instances 

performance models prescribed insulin doses that differed by more than 10% of those 
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prescribed by physicians.  The reason for the difference in insulin doses was physicians 

showed more variation in dose increments from one visit to the next compared to the 

performance models (for example, a physician incremented the dose by 10 units one visit 

and then decremented the dose 100 units the next visit even though the patient was not at 

goal).  We can conclude that computational processes not represented in the models are 

being by used by physicians when prescribing insulin. 

Details of modeling physicians in the hold-out set, along with an analysis of 

differences between physician errors and model errors, is provided in Appendix 4: Hold-

out Set.   
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Case 

Phys 

ID Strategy 

Final A1c (%) 

% Difference Between 

Final A1c Values 

Physician Model Model * 

Physician-

Model 

Physician-

Model* 

1 

4018 FB 7.1 7.2 7.2 0.01 0.01 

4011 FB 7.5 7.9 7.9 0.03 0.05 

4006 FB 7.8 7.8 7.8 0 0 

4021 FB 7.9 8.4 7.9 0.06 0 

4020 FB 8.1 8.2 8.1 0.01 0 

4008 FB 8.3 8.2 8.2 0.06 0.01 

4005 FB 8.4 8.3 8.3 0.01 0.01 

4012 FB 8.9 8.5 8.9 0.06 0 

4013 FF 7.3 7.2 7.5 0.01 0.02 

4022 FF 8 8.0 7.9 0 0.01 

4016 FF 8.1 8.1 8.1 0 0 

4003 FF 8.2 7.7 7.8 0.06 0.05 

4007 FF 8.7 8.5 8.5 0.02 0.03 

2 

4021 FB 5.8 7.5 7.7 0.29 0.32 

4024 FB 6.6 6.8 6.6 0.04 0 

4016 FB 6.7 6.8 7.0 0.02 0.05 

4006 FB 6.9 6.9 7.0 0 0.02 

4005 FB 10.5 8.8 9.0 0.16 0.14 

4018 FB 13.5 12.0 12.3 0.11 0.09 

4022 FF 8.9 8.8 9.1 0.01 0.02 

4017 FF 10.7 11.1 10.8 0.04 0.01 

3 

4024 FB 7.3 7.2 7.2 0.01 0.02 

4017 FB 7.6 8.1 8.2 0.07 0.08 

4023 FB 7.7 8.3 8.3 0.08 0.09 

4019 FB 7.7 7.5 7.8 0.03 0.01 

4010 FB 7.8 9.1 9.1 0.15 0.15 

4006 FB 7.9 6.8 7.3 0.14 0.08 

4013 FB 7.9 8.1 8.3 0.03 0.05 

4018 FB 8.1 8.0 8.3 0.02 0.02 

4015 FB 8.5 8.6 8.8 0.02 0.03 

4021 FB 8.6 7.4 8.1 0.14 0.05 

4005 FB 9.3 9.1 9.1 0.01 0.01 

4003 FF 8.2 7.9 7.7 0.04 0.06 

Table 67: Hold-out Set: Final A1c achieved by physician and models; percent 
difference in final A1c values achieved by physician and models.  Strategy: FB – 
feedback, FF – feedforward.  The Model* column presents data for model runs 
when scheduling and information moves were controlled to match those of the 
physician. 
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Hold-Out Set   

MSD Accuracy 

Rate 

Errors Committed During 1st & 2nd Halves of 

Treatment 

Case Phys.  Strategy Model Model* Physician Model Model* 

1 

4018 FB 80 100 E4/ / E4/ 

4011 FB 0 78 E1,E4/E1 / E1,E4/E1 

4006 FB 100 100 /E1,E5 /E1,E5 /E1,E5 

4021 FB 20 50 /E1 E1/ E1 E1/ 

4020 FB -- -- / / / 

4008 FB 67 50 E2/E2 E2/ E2/E2 

4005 FB 100 100 / / / 

4012 FB -- -- / / / 

4013 FF 62 75 /E5 E5,/E5 /E5 

4022 FF -- -- / / / 

4016 FF -- -- / / / 

4003 FF -- -- / / / 

4007 FF -- -- / / / 

2 

4021 FB 33 33 E8,E9/ E8,E9/ E8,E9/ 

4024 FB -- -- / / / 

4016 FB 100 100 E8,E8 E8,E8 E8,E8 

4006 FB 100 100 E8,E8 E8,E8 E8,E8 

4005 FB 100 100 E8,E8 E8,E8 E8,E8 

4018 FB -- -- / / / 

4022 FF 100 100 E12/ E12/ E12/ 

4017 FF -- -- / / / 

3 

4024 FB 83 83 E4,E10/E10 E10/E10 E10/E10 

4017 FB 100 100 E11/E11 E11/E11 E11/E11 

4023 FB 100 100 E6/ E6/ E6/ 

4019 FB -- -- / / / 

4010 FB 100 100 E6/ E6/ E6/ 

4006 FB -- -- / / / 

4013 FB 71 85 E11/E1,E11 E1,E11/E1,E11 E1,E11/E1,E11 

4018 FB -- -- / / / 

4015 FB 60 60 E11/E11 E11/ E11 E11/E11 

4021 FB 54 62 E2,E3,E7,E8/E2,E8 E7,E8/E8 E3,E7,E8/E8 

4005 FB 100 100 / / / 

4003 FF 67 67 E7,E8,E9,E11/E8,E11 E7,E9,E11/E8,E11 

E7,E9,E11/E8, 

E11 

Table 68: Hold-out set: Summary of errors committed by physician and models. 
Matches physician-model errors are measured using minimum string distance 
(MSD) accuracy rates. Errors committed during first and second halves of total 
visits: errors committed in the 1st half of visits are to the left of the slash, those in the 
2nd half are to the right of the slash; if an odd number of visits where scheduled the 
middle visit is included in the 1st half.  Strategy: FB – feedback, FF – feedforward.  
The Model* column presents data for model runs when scheduling and information 
moves were controlled to match those of the physician. 
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Hold-Out Set   Prescribed Blood Glucose Medications 
Case Phys.  ID Strategy Physician Model Model * 

1 

4018 FB M(2000),G(5) M(2000),G(5) M(2000),G(5) 
4011 FB M(2000) M(2000),G(5) M(2000),G(5) 
4006 FB M(1700) M(1700) M(1700) 
4021 FB M(2000) M(1700) M(2000) 
4020 FB M(500),GY(10) M(500),GY(10) M(500),GY(10) 
4008 FB M(850),G(10) M(1000),G(10),P(15) M(1000),G(10) 
4005 FB M(2000) M(2000) M(2000) 
4012 FB M(1000) M(2000) M(1000) 
4013 FF M(2550) M(2550) M(2550) 
4022 FF M(1700),R(8) M(1700),R(8) M(1700),R(8) 
4016 FF M(1700),GY(10) M(1700),GY(10) M(1700),GY(10) 
4003 FF M(500),G(10) M(1700),G(10) M(1700),G(10) 
4007 FF M(1500),G(5) M(1500) M(1500) 

2 

4021 FB M(2000),I(160) M(2000),I(152) M(2000),I(152) 
4024 FB G(10),R(8),I(155) G(10),I(169) G(10),I(169) 
4016 FB M(1000),I(210) M(1000),I(186) M(1000),I(203) 
4006 FB M(1000),I(175) M(1000),I(186) M(1000),I(220) 
4005 FB M(1000),I(167) M(1000),I(203) M(1000),I(203) 
4018 FB I(100) I(203) I(203) 
4022 FF G(20),I(125) G(20),I(186) G(20),I(186) 
4017 FF I(217) I(203) I(203) 

3 

4024 FB G(10),R(8),I(38) G(10),R(8),I(37) G(10),R(8),I(37) 
4017 FB R(16),I(73) R(16),I(42) R(16),I(42) 
4023 FB R(8),I(98) R(8),I(64) R(8),I(64) 
4019 FB R(8),I(75) R(8),I(64) R(8),I(64) 
4010 FB R(8),I(65) R(8),I(32) R(8),I(32) 
4006 FB R(8),I(68) R(8),I(76) R(8),I(88) 
4013 FB R(16),I(44) R(16),I(32) R(16),I(32) 
4018 FB R(8),I(105) R(8),I(76) R(8),I(64) 
4015 FB R(16),I(48) R(16),I(42) R(16),I(42) 
4021 FB M(1000),R(8) M(1000),R(8),I(55) M(1000),R(8),I(22) 
4005 FB R(8),I(24) R(8),I(12) R(8),I(12) 
4003 FF M(2000),R(16),I(4) M(2000),R(16),I(12) M(2000),R(16),I(12) 

Table 69: Summary of final medications prescribed by physicians and physician 
models.  Percent difference in A1c is computed as the difference (absolute value) in 
final a1c values obtained by the physician and the specified model divided by the 
final A1c obtained by the physician.  Highlighted cells identify cases where the 
physician and model prescribed different doses of oral medications.  The Model* 
column presents data for model runs when scheduling and information moves were 
controlled to match those of the physician. 

  



219 
 

7.11.1 Modeling Blood Pressure and Lipids in the Ho ld-out Set 
Table 70 below presents the results of models from the hold-out set treating SBP and 

LDL. 

C
a

se
 

Phys 

ID 

Blood Pressure (SBP) Lipids (LDL) 

Final Systolic Pressure 

(mmHg) 

% Difference 

Between SBP 

Values Final LDL (mg/dL) 

% Difference 

Between LDL 

Values 

Physician Model Model* 

Phys-

Model 

Phys-

Model* Physician Model Model* 

Phys-

Model 

Phys-

Model* 

1 

4003 142 139 139 0.02 0.02 143 146 146 0.02 0.02 

4005 144 131 131 0.09 0.10 107 116 116 0.08 0.08 

4006 148 131 131 0.11 0.13 101 103 103 0.02 0.02 

4007 147 131 131 0.11 0.12 106 112 112 0.06 0.05 

4008 143 123 123 0.14 0.16 98 93 93 0.05 0.05 

4011 132 126 118 0.05 0.12 103 98 89 0.05 0.16 

4012 148 131 131 0.11 0.13 141 112 127 0.21 0.11 

4013 136 121 120 0.11 0.13 102 95 95 0.07 0.07 

4016 136 132 127 0.03 0.07 99 116 106 0.17 0.07 

4018 157 125 125 0.20 0.26 103 97 97 0.06 0.06 

4020 142 136 136 0.04 0.04 142 145 145 0.02 0.02 

4021 154 128 128 0.17 0.20 144 147 147 0.02 0.02 

4022 145 127 127 0.12 0.14 102 107 106 0.05 0.04 

2 

4005 140 129 128 0.08 0.09 136 119 121 0.13 0.12 

4006 132 128 125 0.03 0.06 114 120 122 0.05 0.07 

4016 124 124 123 0.00 0.01 122 119 119 0.02 0.03 

4017 139 138 138 0.01 0.01 150 158 157 0.05 0.04 

4018 132 136 136 0.03 0.03 126 125 124 0.01 0.02 

4021 132 135 135 0.02 0.02 125 150 150 0.20 0.17 

4022 118 128 128 0.08 0.08 124 126 127 0.02 0.02 

4024 106 125 125 0.18 0.15 97 119 117 0.23 0.17 

3 

4003 125 119 119 0.05 0.05 75 99 94 0.32 0.20 

4005 132 121 121 0.08 0.09 86 94 94 0.09 0.09 

4006 132 108 115 0.18 0.15 75 91 87 0.21 0.14 

4010 135 132 133 0.02 0.02 86 98 98 0.14 0.12 

4013 132 109 108 0.17 0.22 89 99 100 0.11 0.11 

4015 133 130 135 0.02 0.01 122 126 126 0.03 0.03 

4017 125 120 119 0.04 0.05 119 126 126 0.06 0.06 

4018 140 127 128 0.09 0.09 79 100 94 0.27 0.16 

4019 139 108 118 0.22 0.18 115 91 101 0.21 0.14 

4021 130 115 108 0.12 0.20 125 128 128 0.02 0.02 

4023 131 127 126 0.03 0.04 119 122 122 0.03 0.02 

4024 123 120 120 0.02 0.03 89 99 99 0.11 0.10 

Table 70: Hold-Out Set – Final SBP and LDL outcomes for physician, model, and 
model* (simulation run with scheduling & informatio n seeking moves controlled).  
Percent difference between physician and model values are reported. 
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When the models treated patients using the same medications that physicians used, 

differences in physician and models ranged from 0% to 22% for SBP and 1% to 32% for 

LDL.  When scheduling/information seeking moves were controlled within the models 

differences in physician and models ranged from 1% to 26% for SBP and 2% to 20% for 

LDL.  Model outcomes depended on how visits were scheduled for treating glucose and 

the medications physicians used to treat SBP and LDL.  Models titrated medications for 

all conditions that were above goal unlike physicians’ whose attention shifted amongst 

goals for A1c, SBP, and LDL (this was evident by physicians not treating all conditions 

that were above goal on a given visit).  

7.12  Summary of Chapter 

In this chapter the concept of perturbations (bugs) in knowledge was developed as an 

explanation for why physicians fail in treating patients with type 2 diabetes.  These bugs 

develop either as the result of an omission bias or from overgeneralizing knowledge that 

applies to treating non-chronically ill patients.  Computational processes within the 

models were examined to identify where bugs should be introduced to generate the errors 

committed by the physicians on the Simcare cases. 

Scoring rules were developed and applied to the Simcare data to identify which 

decision strategy (feedback or feedforward) a physician used when performing the cases. 

The physicians were sampled to form a modeling set and a hold-out set.  Using the 

modeling set computational forms of the bugs were developed.  An output of the 

modeling process was a unique mapping between each error and a generating bug. 

Three units of analysis were used to assess models.  The units of analysis are errors 

committed, final A1c, and medications prescribed.  Two metrics were presented to 

measure errors and differences in final A1c values.  The metric developed for errors was 

the minimum string distance (MSD) accuracy rate, which is a measure of similarity 

between different patterns of errors.  The metric used to measure differences in final A1c 

values was the percent difference in final A1c values achieved by a physician and a 
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model. Both the modeling set and hold-out set were run with physician specific bugs 

activated, as identified by errors a physician committed.  The individual results of each 

physician and physician model run are presented in Appendix 3: Modeling Set and 

Appendix 4: Hold-out Set. 

Conclusions Drawn from the Modeling Set 
 

Feedback Models:  Models (Case 1 – 4010, 4015, 4024; Case 2 – 4008, 4019, 4020; 

Case 3 – 4008, 4011) generated the same errors on the same visits that the modeled 

physicians committed the errors.  However in one instance (4007 on Case 3) the model 

was not able to generate errors on the same visits as the physician.  MSD accuracy rates 

were used to measure how well models generated errors on the same visits as physicians 

(i.e., point predictions) and to evaluate the effects of controlling scheduling/information 

seeking moves within performance models.  Models for physicians listed above that did 

not commit errors were scored with MSD accuracy rates of 100%.  As predicted by the 

theory and modeled these physicians scheduled visits when there were no delayed effects 

of past moves, that is, allowing rate of progress to goal to approach 0.  

For model 4007 treating Case 3 controlling scheduling/information seeking did not 

improve the MSD accuracy rate.  In this instance model 4007 generated errors with an 

MSD accuracy rate of 60% (with and without scheduling/information seeking 

controlled).  The model generated the correct type of errors but the sequencing of errors 

differed from those of the physician. The model failed to predict the correct ordering of 

errors because the assumption that an agent titrates orals to a maximum dose and then 

initiates and titrates insulin was violated.  The physician in this instance started an oral 

medication (which was contraindicated) on visit 1, on visit 2 started insulin, and on visit 

3 titrated the oral and insulin.  From this we can conclude that if a physician titrates 

medications in ways that are outside of those modeled (which is, start with orals, titrate 

orals to a maximum dose, then initiate and titrate insulin) then models will fail to 

generate observed errors on the same visits as the physician who committed them.  
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Specifically, the model will generate improper use of medication errors but it will fail to 

generate those errors on the correct visits.  

Feedforward Models:  Four models (Case 1 – 4017, 4019; Case 2 –4023; Case 3 – 

4022) generated the same errors on the same visits that the modeled physicians 

committed the errors.  Models for physicians listed above had MSD accuracy rates of 

100%.  There were three instances (4023 on Case 1, 4003 on Case 2, 4016 on Case 3) 

where models could not generate the same errors on the same visits as the physicians.  

Model 4023 on Case 1 did not generate a no move error when the model computed the 

time between visits; however when scheduling was controlled the model generated the no 

move error on the same visit as the physician.  From this we can conclude that the model 

failed to compute scheduling in a manner that matched how this subject scheduled visits.  

The way a model schedules visits can determine whether patient state conditions for bugs 

to be active will be encountered.   

Examining physician 4023’s trace on case 1 it has been determined that model 

processes for scheduling visits did not factor in blood pressure or lipids conditions when 

computing days until a next visit.  This physician only started one new medication on a 

visit even though currently prescribed medications may have been incremented.  Because 

of this physician imposed constraint some visits occurred sooner than predicted in order 

for this physician to treat multiple conditions.  On the visit where the physician 

committed a no move error the rate of progress to goal for glucose decreased but moves 

made on the next visit caused the patient to resume the rate of progress prior to the no 

move error.  From this analysis we can conclude the following about the models (theory):  

(1) constraints on starting medications affect scheduling computations, these constraints 

were not modeled, (2) even though it appears that agents use rate of progress for 

controlling moves, modeled processes do not accommodate for planned deviations from a 

rate of progress to glucose goal so that other conditions can be treated. 

For Model 4003 on Case 2 and Model 4016 on Case 3 the respective MSD accuracy 

rates were 33% and 62%, respectively.  These accuracy rates were the result of the 
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models committing errors in a different sequence compared to the sequence in which 

physicians committed the errors.  The model failed to predict the correct ordering of 

errors because the assumption that an agent titrates orals to a maximum dose and then 

initiates and titrates insulin was violated.  This supports the conclusion that was drawn 

for the feedback models where this assumption about titration was violated: if a physician 

titrates medications in ways that are outside of those modeled then models will fail to 

generate observed errors on the same visits as the physician who committed them.   

Conclusions Drawn from the Hold-out Set 

Feedback Models: Across the cases, 7 physicians did not commit errors; model runs 

for these physicians were error-free (Case 1 – 4012, 4020; Case 2 – 4018, 4024; Case 3 – 

4006, 4018, 4019).   Ten models replicated errors that physicians committed with 100% 

MSD accuracy rates (Case 1 – 4005, 4006, 4018; Case 2 – 4005, 4006, 4016; Case 3 – 

4005, 4010, 4017, 4023).  Seven models achieved less than 100% MSD rates, these were 

as follows (MSD accuracy rates are given in parentheses): Case 1 – 4011 (78%), 4021 

(50%), 4008 (50%); Case 2 – 4021 (33%); Case 3 – 4013 (85%), 4015 (60%), 4021 

(62%), 4024 (83%).  Below these 7 cases are analyzed to draw additional conclusions 

about the feedback models. 

Those models that failed to generate errors in ways that were consistent with how 

physicians committed the errors failed for one of three reasons.   The three reasons are as 

follows: (1) The models do not generate variety of scheduling intervals, whereas some 

physicians vary the number of days between visits when ordering tests (4011 – Case 1).  

(2) Patient state conditions associated with perturbations for generating errors did not 

generalize to some physicians (Case 1 – 4008, 4021; Case 3 – 4013, 4021, 4024).  On 

visits where conditions for a bug were satisfied physicians would not commit the error, 

while on other visits where the same conditions were satisfied errors would be 

committed. (3) The assumption regarding how oral medications are titrated to maximum 

dose before titrating insulin was violated. That is, physician would switch back and forth 

when titrating oral medications and insulin. 
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Based on the reasons identified above we can draw the following conclusions about 

the feedback models.  First, instances where no errors were committed, processes for 

computing moves generated similar A1c outcomes (less than a 10% difference in final 

values) and prescribed medications in the same manner as physicians; in these instances 

the feedback model can explain success.  Second, the model fails to include tests other 

than blood glucose measures when computing scheduling moves, for physicians that 

schedule visits based on type of tests ordered (including non glucose tests) the model fails 

to accurately predict the number of days until a next visit.   Third, perturbations for no 

move errors, as modeled, do not generalize to cases where conditions for generating 

errors are met but errors are not to be consistently generated; additional processes are 

associated with this perturbation that are not represented in the model.  Finally, when a 

modeled physician violates assumptions made about titration processes then the model is 

not able to generate errors in the same sequence as the physician. 

Feedforward Models: Across the cases 5 physicians did not commit errors, model 

runs for these physicians were error-free (Case 1 – 4003, 4007, 4016, 4022; Case 2 – 

4017).  Model 4022 on Case 2 achieved a 100% MSD accuracy rate, indicating the model 

generated the same errors on the same visits as the physician.  Models 4013 and 4003 

obtained MSD accuracy rates of 75% and 67%, respectively.  Model 4013 on Case 1 did 

not generate a no move error on the same visit as the physician because the model 

encountered conditions for this bug to be active one visit before the physician committed 

the error.  The models use 1 of 5 ways of titrating medications, this physician titrated 

medications in a way that did not match with those modeled.  Model 4003 generated the 

same kinds of errors as the physician but the order in which errors occurred differed.  

Model 4003 on Case 3 failed to generate errors in the correct sequence because the 

assumption that an agent titrates orals to a maximum dose and then initiates and titrates 

insulin was violated, and the assumption that medications are titrated according to 1 of 5 

patterns specified in the model was violated. 
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Three conclusions were reached about the feedforward models based on the hold-out 

set: (1) if a physician’s pattern of titrating orals deviates from those specified in the 

model then patient state conditions for a bug may not be activated at the proper time thus 

preventing the model from generating no move errors; (2) the model will fail to generate 

improper use of medication errors on the correct visits if a modeled physician violates the 

assumption made about titrating orals first and then insulin; (3) making moves to achieve 

and maintain a rate of progress in models that did not commit errors enabled the models 

to achieve A1c outcomes that matched those that physician achieved with a 5% 

difference or less; the rate of progress construct as modeled explained A1c outcomes in 

cases where errors were not present. 

For both feedback and feedforward models proportional differences in final A1c 

values were lower for patients treated with oral medications only [average difference 

0.008 (s = 0.004), modeling; 0.015 (s = 0.018), hold-out] versus patients treated with 

insulin [average difference 0.051 (s = 0.048), modeling; 0.065 (s = 0.074), hold-out].  

The discrepancy between differences in final A1c values calculated for oral versus insulin 

is attributed to variation in the dosing of insulin that is not captured by the models.  

Examining the final doses of prescribed medications confirms this, oral medications 

prescribed by physician and model match for the entire modeling set, but there are no 

exact matches for prescribed amounts of insulin.  A conclusion that can be drawn is the 

model successfully represents processes for prescribing orals because of the constraints 

that exist on available doses; however modeling processes for prescribing insulin is more 

difficult because these processes have more degrees of freedom (doses are constrained to 

be specified in multiples of single units, doses can be partitioned into unequal portions to 

be given at various times of day, different types of insulin can be mixed in different 

proportions).  The model does not represent all of these degrees of freedom.  

Treating SBP and LDL 

Models treated SBP and LDL using the same medications that physicians used when 

treating a case.  The models, unlike the physicians, made SBP and/or LDL moves on all 
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visits where those conditions were above goal.  If models were evaluated on whether both 

physician and model achieved similar outcome, specifically was evidence-based goal 

reached or not, then physician and model achieved identical outcomes in the following 

proportions: 0.42, 0.77, and 0.42, for SBP on Cases 1 through 3 respectively; 0.68, 0.85, 

0.71 for LDL on Case 1 through 3 respectively.  Additional processes need to be modeled 

to better represent treatment processes that physicians’ use to treat these conditions.   

The next chapter concludes the dissertation.   
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8.  Conclusions 
 

8.1  Summary and Conclusions 

This dissertation has developed a theory to explain how physicians succeed or fail to 

achieve a goal when treating patients with type 2 diabetes.  The theory is represented in 

two computational models, feedback and feedforward.  These models have been tested on 

the three Simcare cases.  This chapter concludes the dissertation by stating what has been 

learned about the theory by modeling a group of physicians.  The chapter presents a 

statement of strengths and weaknesses of each model, and a capstone analysis to 

demonstrate that the construct rate of progress to goal can be used to identify and 

characterize actions associated with feedback and feedforward decision strategies.  In 

addition, implications of this research, contributions, limitations, and future research are 

discussed. 

8.2  Strengths and Weaknesses of Models 
 

In the last chapter models were examined to determine where models succeeded and 

failed in predicting behavior observed in the physicians’ data.  Based on that analysis the 

following statements are made about strengths and weaknesses of each model. 

Feedback Models 

Strengths:  First, model processes can predict errors and oral medication doses when 

assumptions made are not violated.  The specific assumptions are that medications are 

titrated in a fixed order proceeding from titrating orals first and then insulin, and that 

visits are scheduled not to occur before dose effects of prior moves have taken effect.  

Second, because the model computes visits so that delayed effects of medications 

previously given are negligible, the chances of overmedicating a patient are low. 

Weaknesses:  The model is not robust to violations of the assumption regarding the 

titration of medications.  When an agent switches back and forth between titrating orals 
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and insulin the model losses the ability to predict on which visit improper use of 

medication errors will occur.  Second, when blood glucose test values (and associated 

dose effect times for medications given) are not the basis for computing next visits but 

some other factor (such as a potassium test) then the model cannot predict when a 

physician will schedule next visits.  Third, the model does not compute moves to achieve 

or maintain a rate of progress because of limitations in the mental model’s representation 

of dose effect times.  Fourth, the model is not able to predict exact doses of insulin that a 

physician will prescribe. 

Feedforward Models 

Strengths:  The model computes moves to achieve and maintain a rate of progress to 

goal, and these computations are supported by mental representations of dose response 

curves with three data points. Second, the model computes an estimated amount of 

medication needed to reach goal which prevents overshooting the goal. 

Weaknesses:  The model is not robust to violations of the assumption regarding the 

titration of medications (same is true of the feedback model).  When an agent switches 

back and forth between titrating orals and insulin the model losses the ability to predict 

on which visit improper use of medication errors will occur.  Second, when constraints on 

starting medications exist the model fails to compute visits for non-glucose related 

treatments as a result no move errors occur that the model cannot predict.   Third, the 

model is not able to predict exact doses of insulin that a physician will prescribe (same is 

true of the feedback model). 

From these experiments it was concluded that a feedforward strategy can bring 

patients to goal faster than a feedback strategy.  This suggests that a feedforward strategy 

is better suited to patients that are far from goal (e.g., A1c > 8%) and respond to 

medication moves as expected (i.e., the mental model can account for relevant dynamics 

of tasks), whereas a feedback strategy is better suited to patients that are near goal or 

those patients who do not respond to medication moves as expected.  These conclusions 
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are consistent with prior findings by Brehmer (1992) and Gonzalez et al. (2005) with 

respect to choice and effectiveness of decision strategies used in dynamic environments. 

A key difference between feedback and feedforward models is how rate of progress is 

used to compute moves.  The next section presents a capstone analysis using exemplars 

to relate actions taken (with and without errors) and rate of progress to blood glucose 

goal.  

8.3  Functional Data Analysis: Examining A1c Trajectories with 
respect to Decision Strategy and Knowledge Bugs 

8.3.1 Introduction 
The preceding section of this chapter summarized the modeling of physicians who 

treated specific canonical type 2 diabetes cases using one of two decision strategies.  In 

some instances physicians who committed errors were modeled by activating bugs within 

their models.  This section presents an analysis of A1c outcomes as generated by 

competence models and selected physicians. A1c outcomes are analyzed using functional 

data analysis.  Functional data analysis provides a means for examining the control of 

blood glucose as measured by A1c trajectories.  These trajectories are the result of a 

decision strategy used to treat the patient and any knowledge bugs present when moves 

were computed. 

8.3.2 Motivation for a Functional Analysis 
The motivation for this analysis is to find evidence that key constructs (specifically 

rate of progress toward goal and changes in rate of progress toward goal) exists that are 

common to both models and physicians.  We have hypothesized the existence of the rate 

of progress construct and that it is used differently by feedback and feedforward 

strategies as represented in the models developed and tested within this research.  We 

have also examined perturbations in knowledge and computational processes as a means 

for explaining, by way of modeling, physician treatment actions observed on a set of 

cases.  Rate of progress is used to compute actions, but to measure the effect of actions 

requires examining outcomes.  At this point we examine physicians’ and models’ control 
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of A1c outcomes to determine if there is evidence for the rate of progress construct, and 

to determine how use of that construct varies between feedback and feedforward 

strategies. 

The actions of a controller such as physicians can be “understood in energy terms as a 

dynamical system interconnected with the process to modify its behavior” (Ortega, Schaft 

et al. 2001).  Within this dynamical system the controller transfers energy in the right 

proportions to the system being controlled (patient) to achieve and maintain a goal state 

(Ortega, van der Schaft et al. 2002).  We use the concept of energy transfer to find 

evidence for the rate of progress construct in the control of A1c. 

Control of type 2 diabetes is assessed by measuring a patient’s A1c at different points 

in time.  A1c is a weighted moving average of glycated hemoglobin levels for an 8 to 12 

week period of time (Guven, Kuenzi et al. 2005).  For a given patient, A1c values 

measured across time are not independent observations but instead represent a trajectory 

of A1c values that are derived from a continuous biological process.   

West et al. (2007) state that it is appropriate to assume that the trajectory for 

hemoglobin derives from a smooth function, this assumption is extended to include 

glycated hemoglobin.   Based on this assumption a functional data analysis is performed 

on A1c trajectories created by a select group of physicians and models on Case 1 from 

the Simcare Experiment.  This functional analysis is used to examine characteristics of 

control achieved by a given decision agent. 

8.3.3 Procedure 
Four A1c traces were selected as exemplars for analysis.  The A1c traces were 

generated by the treatment actions of the following agents: feedback and feedforward 

competence models, an expert, and physician 4015.  The competence models were 

selected because they treated the patient achieving A1c goal without committing errors.  

The expert was selected because this physician provides the “gold” standard for 

physicians performing Case 1.  Physician 4015, a physician who used a feedback 
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strategy, was selected because even though errors (E1, patient A1c between 8% and 8.5% 

and no move was made; E5, patient A1c between 7.5% and 8% and no move was made) 

were committed A1c was brought below 8%. 

For each physician and model, the A1c points they achieved with the patient in Case 

1 where fit to smoothed functions using B-splines.  The B-splines were fifth-degree 

polynomials with a smoothness penalty imposed on the fourth derivative (Ramsey and 

Silverman 2005; West, Harris et al. 2007).  First and second derivatives where computed 

for the A1c functions.  The first and second derivatives where plotted against each other 

to create phases plots. 

8.3.4 Phase Plots 
In control theory a phase plot is an analytical tool for assessing energy transfer within 

a system and hence the stability of a system (Leigh 1997; Ramsey and Silverman 2005).  

The first derivative of the A1c function is a measure of rate of change (velocity) in A1c.  

This rate of change is equivalent to the rate of progress construct that was described in 

the computational models.  The second derivative of the A1c function is a measure of rate 

of change in velocity (acceleration).  The velocity is plotted on the abscissa (x axis) and 

the acceleration is plotted on the ordinate (y axis). 

Ramsay and Silverman (2005) used the harmonic motion of a spring that oscillates 

according to the function sin(2πt) to provide insight for understanding phase plots (see 

Figure 8 below): 

 “This simple function describes a basic harmonic process, such as the 
vertical position of the end of a suspended spring bouncing with a period of one 
time unit and starting at position zero at time t = 0. 
 “The spring oscillates because energy is exchanged between two states: 
potential and kinetic.  At times π, 3π,...the spring is at one or the other end of its 
trajectory, and the restorative force due to its stretching has brought it to a 
standstill.  At that point, its potential energy is maximized, and so is the force, 
which is acting either upward (positively) or downward.  Since force is 
proportional to acceleration, the second derivative of the spring position, – 
(2π)2sin(2πt), is also at its highest absolute value…On the other hand, when the 
spring is passing through the position 0, its velocity, 2πcos(2πt), is at its 
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greatest…but its acceleration is zero.  Since kinetic energy is proportional to the 
square of velocity, this is the point of highest kinetic energy.  The phase-plane 
plot shows this energy exchange nicely, with potential energy being maximized at 
the extremes of Y and kinetic energy at the extremes of X.” (Ramsay and 
Silverman 2005, p31) 
 

 

Figure 8: The phase plane plot for the harmonic motion of the function sin(2πt).  
(Ramsay and Silverman 2005, p32) 

Similarly, a phase plot for A1c shows the rate of change in A1c relative to changes in 

the rate of change in A1c, that is, velocity of A1c versus acceleration of A1c19.  Below a 

graph of each of the exemplar decision agent’s A1c trace is presented immediately 

followed by an A1c phase plot.  Solid icons on the A1c traces indicate that a medication 

move was made; hollow icons indicate that no medication move was made during a visit; 

numbers on A1c traces correspond with visit numbers.  The scales on the phase plots are 

the same for ease of comparison.   

                                                 
19 For convenience and to facilitate understanding velocity and acceleration were 

multiplied by -1, so that velocity and acceleration of decreasing A1c values are presented 
as positive values. 
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In the next section moves that were made are examined with respect to the energy 

that was delivered to the patient for controlling A1c; additionally for physician 4015 

errors are related to energy delivered to the patient.  Medication moves add energy to the 

biological process that reduces A1c values.  This biological system in the analyses below 

is referred to as a system. 

8.3.5 Phase Plots for Selected Decision Agents Perf orming Case 1 
The A1c traces shown below are divided in segments, where segment n is defined as 

the A1c trace between visit n and visit n+1, and n is the visit number.  A patient’s A1c 

trajectory does not start at time t=0 even though that is the first time the decision agent 

encounters the patient; as stated earlier, A1c is generated by a continuous biological 

process.  Because an A1c trajectory is continuous it is necessary to specify boundary 

conditions for time t=0 (history matters when derivatives are computed, Viviani, Grön et 

al. 2005).  Since the patient in Case 1 was not receiving treatment prior to the visit with 

the physician, an assumption was made that A1c values were stable for 60 days prior to 

the first visit with the decision agent.  Based on this assumption the first visit with the 

decision agent was preceded by a visit which is referred to as an initialization point (60 

days before t=0) where A1ct= -60 = A1ct=0.  The result of making this assumption is 

velocity and acceleration start with values of 0 at the initialization point.  The 

initialization point is identified on the phase-plots. 

Feedback Competence Model 
 

Visit 1: The agent made medication and medical nutrition therapy moves that 

increased the velocity of A1c (downward slope of A1c in Figure 9).  Moving along 

segment 1 in Figure 9 acceleration was at a maximum as A1c first started decreasing.  

Notice in Figure 10 that the velocity increased along the contour between points 1 and 2, 

peaking when acceleration reached 0.  This peak velocity was a result of moves made 

during this visit. 
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Figure 9: A1c trace generated by the feedback competence model treating Case 1. 
Solid icons indicate visits where medication moves were made, hollow icons indicate 
visits where no medication move was made. Numeric labels indicate visit number. 

 

 

Figure 10: A1c phase plot for feedback competence model performing Case 1. 
Numeric labels indicate visit number. Note: the initialization point and visit 7 both 
occur at approximately the origin (0,0). 
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Visit 2: The agent had a next visit with the patient 60 days after visit 1 (day 60 in 

treatment).  A medication move was made that added energy to the system but to a lesser 

degree than that added during visit 1.  The velocity decreased but remained positive while 

acceleration decreased to 0.  Notice in Figure 9 that the 0 acceleration is evidenced by the 

constant rate of progress toward goal (velocity) along segments 2 and 3, that is, the slope 

did not change between segments 2 and 3. 

Visit 3: The agent had a next visit with the patient 60 days after visit 2 (day 120 in 

treatment).  A medication move was made that added energy to the system to a greater 

degree than that added on visit 2.  The move made on this visit increased velocity and 

acceleration to a small degree, notice the shift toward increasing velocity and acceleration 

moving along the contour from point 3 to point 4 in Figure 10.  

Visit 4: The agent had a next visit with the patient 60 days after visit 3 (day 180 in 

treatment).  A medication move was made which prescribed the maximum dose of the 

first oral.  This move added energy to the system so that velocity increased but 

acceleration decreased to 0.  Notice that segment 4 in Figure 9 slopes downward more 

than segment 3, this increase in velocity is shown as velocity transitions from points 4 

and 5 in Figure 10. 

Visit 5: The agent had a next visit with the patient 60 days after visit 4 (day 240 in 

treatment).  A medication move was made to start a next oral at the minimum dose.  

Notice in Figure 9 the fact that acceleration is 0 is shown by constant rate of progress 

toward goal along segments 4 and 5.  In Figure 10 the system once again reaches the peak 

velocity with an acceleration of 0 at point 5. 

Visit 6: The agent had a next visit with the patient 60 days after visit 5 (day 300 in 

treatment).  No medication move was made because the agent had reached goal.  Notice 

at point 6 in Figure 10 that the system decelerates as no additional energy is added to the 

system.  In Figure 9 segment 6 shows that A1c has leveled out and is almost constant.  
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Visit 7: The agent had a next visit with the patient 90 days after visit 6 (day 390 in 

treatment).  No medication move was made because the patient remained at goal.  Since 

no energy was added to the system on the previous visit or the current visit all energy for 

changing A1c levels had been depleted, as a result the system had zero velocity and zero 

acceleration (see point 7 in Figure 10). 

 
Feedforward Competence Model 
 

1

2

3
4

5

6
7

 

Figure 11: A1c trace generated by the feedforward competence model treating Case 
1.  Solid icons indicate visits where medication moves were made, hollow icons 
indicate visits where no medication move was made. Numeric labels indicate visit 
number. 

Visit 1:  The agent made medication and medical nutrition therapy moves that 

increased the velocity of A1c (downward slope of A1c in Figure 11).  Moving along 

segment 1 in Figure 11 acceleration is at a maximum as A1c first starts decreasing.  

Notice in Figure 12 that the velocity increases moving along the contour between points 1 

and 2 which is reflective of initial amounts of energy being added to the system. 

Visit 2: The agent had a next visit with the patient 7 days after visit 1 (day 7 in 

treatment).  A medication move was made that added energy to the system and 
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maintained the velocity.  Points 2 and 3 in the phase plot were the result of moves made 

on visits 1 and 2, respectively.  Notice in Figure 11 that segments 1 and 2 maintained a 

constant rate of progress (velocity), the phase plot supports this assertion as the velocity 

at points 2 and 3 in Figure 12 had approximately equal velocity.   

Visit 3: The agent had a next visit with the patient 7 days after visit 2 (day 14 in 

treatment).  A medication move was made that added energy to the system but to a lesser 

degree than the energy added on visit 2.  Notice in Figure 11 that segment 3 has less of a 

downward slope compared to segment 2. 

 

Figure 12: A1c phase plot for feedforward competence model performing Case 1. 
Numeric labels indicate visit number. 

Visit 4: The agent had a next visit with the patient 28 days after visit 3 (day 42 in 

treatment).  The number of days between visit 3 and 4 is a multiple of four greater than 

the days between visits 1, 2, and 3.  A medication move was made on this visit which 

resulted in prescribing the maximum dose of the first oral.  The change in time between 

moves resulted in moves that maintained the existing velocity achieved as a result of 

moves made on visit 3.  Acceleration on visit 4 had decreased to 0.  The move made on 
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this visit added less energy than the move made on the last visit, notice in Figure 12 that 

velocity decreased from point 3 to point 4.  The phase plot shows that the feedforward 

model computed the size and timing of treatment moves to maintain a computed rate of 

progress toward goal.   

Visit 5: The agent had a next visit with the patient 28 days after visit 4 (day 70 in 

treatment).  A medication move was made where a second oral was started at a minimum 

dose.  This move added energy to the system such that the velocity achieved as a result of 

the last visit’s moves was sustained.  Figure 11 shows that the rate of change (velocity) 

on segments 4 and 5 remained constant as a result points 4 and 5 in Figure 12 had zero 

acceleration and were almost on top of each other.  

Visit 6: The agent had a next visit with the patient 28 days after visit 5 (day 98 in 

treatment).  No medication move was made because the patient had reached goal as a 

result the system lost energy and decelerated as is shown by following the contour 

between points 5 and 6 in Figure 12.  Notice that the A1c level decreased slightly on 

segment 6 in Figure 11.  Even though no medication moves was made on this visit a 

small amount of energy for reducing A1c remained in the system, as a result point 7 in 

Figure 12 had a positive velocity but zero acceleration. 

Physician 4015 

A comparative analysis of physician 4015 performing Case 1 is provided relative to 

the feedback competence model performing the same case.  This approach for analyzing 

the physician’s moves was used to identify where errors in treatment occurred and 

highlight affects those errors had on energy being transferred to the patient. 

Visit 1: The physician made a medication move but did not start medical nutrition 

therapy on this first visit with the patient.  The move made was twice the magnitude of 

the initial move made by the feedback model.  Physician 4015 added more energy to the 

system on visit 1 which resulted in larger velocity and acceleration values compared to 

the feedback model on the same visit. 
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Visit 2: The physician had a next visit with the patient 30 days after visit 1 (day 30 in 

treatment).  No medication move was made on this visit which was scored as an E1 error 

because blood glucose values were between 8.0% and 8.5%.  Because no move was made 

no additional energy was added to the system.  Notice in Figure 13 that segment 2 was 

almost horizontal.  Velocity decreased and the system decelerated, this becomes evident 

by following the contour between points 2 and 3 in Figure 14. 

 

 

Figure 13: A1c trace generated by the Physician 4015 treating Case 1.  Physician 
4015 was identified as using a feedback strategy when performing Case 1. Solid 
icons indicate visits where medication moves were made, hollow icons indicate visits 
where no medication move was made. Numeric labels indicate visit number. 

 



240 
 

 

Figure 14: A1c phase plot for physician 4015 performing Case 1. Numeric labels 
indicate visit number. Note: the initialization point and visit 7 both occur at 
approximately the origin (0,0). 

 
Visit 3: An extended period of time, 90 days, passed before the physician had a next 

visit with the patient (day 120 in treatment).  On visit 3 the physician made a medication 

move that was twice the magnitude of a next medication move made by the feedback 

competence model.  The effect of this move was to add energy to the system which 

increased velocity; this is shown by the downward slope of segment 3 in Figure 13.  

Notice in Figure 14 that the contour from point 3 to point 4 transitions from a positive 

acceleration to a negative acceleration while velocity remained relatively constant.  This 

transition from acceleration to deceleration between points 3 and 4 shows that the effects 

of the move made on visit 3 had reached full effect with no delayed effects by visit 4. 

Visit 4: The physician had a next visit with the patient 90 days after visit 3 (day 210 

in treatment).  On this visit the physician did not make a medication move which was an 

error because A1c was between 7.5% and 8%.  Since no medication move was made no 
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energy was added to the system and A1c continues to decelerate between points 4 and 5 

in Figure 14. 

Visit 5: The physician had a next visit with the patient 90 days after visit 4 (day 300 

in treatment).  On this visit the physician did not make a medication move, because A1c 

was below 7.5% this was not scored as an error.  Since no medication move was made no 

energy was added to the system and by this time all energy in the system for changing 

A1c was depleted, as a result point 5 in Figure 14 had a velocity of 0 and an acceleration 

of 0. 

Discussion of Physician 4015’s Phase Plot 

Notice that the contours in Figure 10 and Figure 14 have similar shapes.  Both the 

physician and the feedback competence model had visits where acceleration transitioned 

from positive to negative at least twice during the course of treatment.  Also notice that 

the maximum velocity was reached between visits 1 and 2 for both the physician and the 

model.   

The effect of errors on the contour affects the size of loops (that is, maximum velocity 

and acceleration).  The magnitude of the first move and the time until the second visit 

establish the size of the initial loop moving from points 1 to 2 on phase plots for the 

feedback strategy.  When medication moves were skipped inner loops within the contours 

in the phase plots shifted to the left on the abscissa (that is, a loss of velocity).  The 

skipping of doses and the scheduling of the first follow-up visit increased the initial 

acceleration in the system.  Acceleration was increased when additional moves were 

made to increase energy within the system. 

The Expert 
 

A comparative analysis of the expert performing Case 1 is provided relative to the 

feedforward competence model performing the same case.  This approach of analysis was 

used to identify differences and similarities in moves computed by the expert when 
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compared to the feedforward model.   A1c trace and phase plot are show in Figure 15 and 

Figure 16. 

 

Figure 15: A1c trace generated by the expert treating Case 1.  The expert was 
identified as using a feedforward strategy when performing Case 1. Solid icons 
indicate visits where medication moves were made, hollow icons indicate visits 
where no medication move was made. Numeric labels indicate visit number. 
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Figure 16: A1c phase plot for expert performing Case 1. Numeric labels indicate 
visit number. 

Visit 1:  A medication move was made on visit 1; however the expert did not start 

medical nutrition therapy on this visit.  This first move added energy to the system 

causing the velocity and acceleration of A1c to increase. Notice in Figure 16 that the 

contour between points 1 and 2 shows the increase in energy.  Also notice that segment 1 

in Figure 15 remained relatively horizontal indicating that the velocity was low, this can 

be confirmed by noting the velocity attained by the expert at point 1 in Figure 16 versus 

the velocity attained by the feedforward competence model at point 1 in Figure 12.  By 

comparing these phase plots it is evident that the feedforward model reached peak 

acceleration as of the first visit, but this was not the case for the expert.  

Visit 2:  The expert had a next visit with the patient 7 days after visit 1 (day 7 in 

treatment).  A medication move was made.  On this visit acceleration increased and 

reached a peak value between points 2 and 3 in Figure 16 as a result of moves made on 

this visit.  The velocity had increased as is shown by the change in slope between 
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segments 1 and 2 in Figure 15.  Notice that it is the second move made by the expert that 

obtained the maximum acceleration, whereas it was the first move that the feedforward 

model made that achieved maximum acceleration. 

Visit 3:  The expert had a next visit with the patient 7 days after visit 2 (day 14 in 

treatment).  A medication move was made.  By this visit acceleration had peaked as a 

result of moves made on visit 2.  Notice in Figure 15 that segment 3 had the steepest 

downward slope of all of the segments in the graph.  Moves made on this visit caused 

velocity to peak, see Figure 16 and notice the transition from point 3 to point 4 reached 

maximum velocity when acceleration equaled 0.  In addition to the medication move, the 

expert started medical nutrition therapy on this visit which added additional energy to the 

system. 

Visit 4:  The expert had a next visit with the patient 7 days after visit 3 (day 21 in 

treatment).  This was the fourth visit the expert had with the patient in the first 21 days of 

treatment; on each visit a move was made to add energy to the system.  On this visit the 

expert made a move where a second medication was started even though the first 

medication had not been titrated to its maximum dose.  The medication move made was 

not typical; the expert started the second medication at one-half of the recommended 

starting dose.  The move made on the current visit added less energy to the system than 

moves made during other visits, notice the decrease in velocity and the deceleration that 

occurred between points 4 and 5 in Figure 16. 

Visit 5: The expert had a visit with the patient 28 days after visit 4 (day 49 in 

treatment).  On this visit the first medication was titrated to its maximum dose.  The 

medication move and the time to the next visit added energy to the system at a lower 

level compared to moves made on other visits, notice the decreasing velocity in Figure 16 

between points 5 and 6, this corresponds with the lessening of the downward slope in 

segment 5 compared to segment 4 of Figure 15. 
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Visit 6:  The expert had a next visit with the patient 28 days after visit 5 (day 77 in 

treatment).  On this visit a move was made where the expert increased the dose of the 

second medication by one-half of a dose increment (a move of 2.5mg of glipizide rather 

than the dose increment of 5mg).  This move added a smaller amount of energy to the 

system, as is shown by the transition from point 6 to point 7 in Figure 16 where 

acceleration remained close to 0.  This move provided enough energy to maintain the 

velocity achieved as of visit 5, hence points 6 and 7 were close in proximity in Figure 16.  

A result of this move is the expert brought the patient to goal in a smooth manner so as 

not to overshoot the goal. 

Visit 7:  The expert had a next visit with the patient 14 days after visit 6 (day 91 in 

treatment).  No medication move was made on this visit.  Velocity was positive and 

acceleration was zero (see point 7 in Figure 16). 

Discussion of Expert’s Phase Plot 

Notice that the contours in Figure 12 and Figure 16 have similar shapes.   Both the 

expert and the feedforward model used visits in the beginning of treatment to make 

moves that achieved maximum acceleration and velocity compared to moves made later 

in treatment.   

While the expert was performing this case she talked about “making progress” and 

“making progress fast enough.”  Although she did not mentioned it she was making 

references to velocity (making progress) and acceleration (making progress fast enough).  

The expert added more energy to the system than the feedforward model by making four 

medication moves within the first 21 days of treatment.  A consequence of the expert’s 

actions was an accelerated rate of A1c reduction (i.e., making progress fast enough), the 

achieved rate was more than any other physician or model reached.  The peak 

acceleration between visits 2 and 3 caused the rapid change in slope on visit 3 in Figure 

15.  The feedforward model achieved maximum acceleration after visit 1, whereas the 

expert achieved maximum acceleration after visit 2. 
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Both the expert and feedforward model after achieving maximum velocity did not 

make moves to increase velocity on later visits.  With the feedforward strategy—expert 

and model—a maximum velocity was achieved followed by decreasing velocities 

(deceleration); that is, when acceleration transitioned to negative values it never returned 

to positive values. 

The expert modulated energy transferred to the patient to control the rate of progress 

toward goal.  At the start of treatment the expert prescribed medications to make progress 

toward goal, that is, to start decreasing A1c.  After receiving feedback on the rate at 

which A1c levels were decreasing she then determined that progress was not being made 

fast enough, as a result she intensified therapy by prescribing additional doses of 

medication before previously prescribed doses had reached full effect.  This 

intensification in therapy was accelerating changes in A1c levels.  The successive 

medication moves in short order on visits 1 through 4 meant dose effect curves were 

being added.  It is interesting to note that after visit 4 the expert prescribed medications in 

doses and at times that caused A1c values to maintain a constant rate of progress toward 

goal.  Also, the expert did not make moves on the last visit even though the patient’s 

blood glucose level was above goal.  This suggests that the expert was anticipating that 

enough energy was in the patient to reach goal smoothly without overshooting the goal. 

Conclusions from the Functional Data Analysis 

A comparison of phase plots shows that treating a patient with a feedforward strategy 

transferred more energy to the patient compared to using a feedback strategy.  The phase 

plot contours for agents using a feedback strategy were smaller compared to agents that 

used a feedforward strategy to treat the patient in Case 1, where contour size is an 

indication of energy transferred to a system.  Also there were noticeable differences in 

the characteristic looping in phase plots comparing agents (human or model) that used 

feedback versus feedforward strategies. 
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Agents that used a feedback strategy had acceleration values oscillate between 

positive and negative values, whereas agents that used a feedforward strategy the 

transition from positive to negative values was one way.  The feedback strategy caused 

acceleration to vacillate because moves were made when delayed effects of previously 

made moves were negligible, and then when a next move was made there was a time 

lapse before effects were reflected in A1c values thus causing acceleration to vacillate 

between moves.   Conversely, the feedforward strategy increased acceleration to a peak 

value by transferring energy to the patient by making moves before prior moves had 

reached full effect (that is, adding delayed effects of doses).  The feedforward physician 

that was examined achieved and maintained a constant rate of progress and did not 

commit errors of omission, whereas the feedback physician did not maintain a rate of 

progress and committed errors of omission. 

Finally, functional data analysis highlights differences between feedback and 

feedforward decision strategies on the control of blood glucose.  This analysis examined 

the energy transferred through medications given to change a patient’s A1c.  The 

feedback model vacillated between accelerating and decelerating changes in A1c over the 

course of treatment; whereas the feedforward model accelerated changes at the start of 

treatment and decelerated as goal was approached.  By examining phase plots for models 

and physicians, similarities in phase plots were identified for agents using the same 

decision strategy.  These findings suggest that the rate of progress and change in rate of 

progress constructs as measured by phase plots exist in similar forms for both physicians 

and models.  The results of this analysis suggest that patterns of energy change in A1c 

can be used as a way to identify the type of decision strategy used by a physician when 

treating a patient. 

8.4  Implications for Improving Outcomes in Dynamic 
Environments 

 
The research in this dissertation examined feedback and feedforward decision making 

strategies used to control a process in a dynamic environment.  Agents that use these 
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strategies in low base-rate environments often fail to achieve goal because of an omission 

bias that prevents them from taking actions needed to reach goal.  The low base-rate of 

the task provides limited opportunities to learn from experience.  These research findings 

suggest a decision agent can overcome this bias to the take actions needed to reach goal if 

support is provided to know: (1) when past actions have taken effect, (2) the magnitude 

of delayed effects that have yet to affect the system being controlled, and (3) rate of 

progress to goal and changes in rate progress to goal.  Decision support for guiding 

actions needed to reach goals can take several forms, for example: (1) training in the use 

of guidelines with opportunities to practice applying the guidelines via simulated learning 

cases, or (2) point of service decision aids, such as could be implemented in an electronic 

medical record. These types of decision support aids can reduce the occurrence of “no 

move” errors. 

From the models that were developed and the experiments that were conducted our 

understanding has increased for why some physicians were able to succeed and others 

failed at the dynamic task of achieving a clinical goal.  

 

8.5  Contributions 

The findings obtained in this dissertation make contributions to decision making 

research and to the field of chronic disease management.   

In the field of decision making, studies have been conducted to investigate how 

people make decisions in dynamic environments in a number of different contexts.  A 

contribution of this dissertation is a control-theoretic computational model was developed 

to examine both success and failure in the dynamic environment of chronic disease 

management. These models add to our understanding of why some decision agents are 

able to achieve a goal in a dynamic environment while other agents fail when performing 

the same task.  The construct of rate of progress to goal was introduced and evidence 

found for it taking similar forms in agents (physician and model) that used the same 
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decision strategy.  Finally it was demonstrated that agents that achieved and maintained 

constant rates of progress made fewer errors of omission.  

Prior work of Brehmer (1990, 1992, 2005) and others have examined why people fail 

at achieving a goal in a changing environment and how some people with practice (high 

base-rate) are able to improve their ability to reach the goal.  The work presented in this 

dissertation helps to advance our understanding for how people achieve goals in these 

environments when the base rate is low and how omission bias (and the forms it can take) 

can prevent reaching goal. 

Methodological contributions are made by this research in two areas.  First, the 

application of computing and comparing minimum string distances was uniquely applied 

to the problem of determining similarity between two patterns of behavior.  In this 

research the pattern of behavior was represented by a sequence of errors.  This technique 

enables quantifying a measure of difference between two patterns of similar behavior.  

Second, functional data analysis was uniquely applied to generate and examine phase 

plots of A1c for different strategies of decision making.  This application of functional 

data analysis and phase plots to the rate of progress construct has potential applications in 

data mining for identifying the existence of different strategies of decision making for 

controlling a measured variable such as A1c.   

In the field of chronic disease management, specifically type 2 diabetes, the 

phenomenon of omission bias was investigated as an explanation for failure to achieve a 

goal.  This research investigated reasons for failure to achieve goal using knowledge bugs 

as an explanation.  An implication for these findings is results of this study can be used to 

design learning interventions to help physicians learn not to commit specific types of 

errors, in particular, errors of not acting. 
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8.6  Limitations and Future Research 

Some limitations exist within this study, addressing these limitations provides 

opportunities for future research.  A limitation of the current study is the subject 

physicians were scored for blood glucose errors while neglecting lipid and blood pressure 

treatment errors.  By modeling and accounting for errors in treating all three conditions 

questions pertaining to achieving multiple goals simultaneously in a dynamic 

environment can be investigated.   This line of investigation can add to our understanding 

of how multiple goals should be prioritized subject to constraints such as cost, risk, or 

errors. 

The computational models developed in the dissertation are limited to using a single 

decision making strategy to treat a patient.  Using a single strategy throughout the entire 

course of treatment has effectiveness of treatment and cost implications.  By extending 

the computational models to support changing strategies during the course of treatment 

questions about criteria for strategy selection and combinations of strategies can be 

addressed.   

Another possible extension to the simulation environment is to study the effect of 

patients being treated by multiple physicians that may have different goals and/or use 

different strategies for making decisions.  This enables investigating an assignment 

problem where different criteria can be examined for making optimal assignments, for 

example, cost of treatment or time to goal. 

The computational models when titrating insulin used average SMBG values for 

computing insulin moves, which limited the models ability to manage intraday SMBG 

values.  To more closely model the process for giving insulin in a manner that does not 

lead to hypoglycemic events intraday SMBG values should be modeled.  To effectively 

use intraday SMBG values requires anticipating when medication effects will peak.  This 

is a problem where a feedforward strategy is needed to best perform the task.  This 

provides an opportunity to study under what circumstances the choice of decision making 
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strategy is crucial for achieving a goal and what information is required to achieve the 

goal. 

A limitation of this study is that physician errors and bugs were only examined on 

simulated patient data.  A next step in this line of research is to connect results between 

the simulated and real worlds.  A question to investigate is do physicians who commit 

errors (in particular errors of omission) in a simulated world commit the same errors in 

the real world.  Answering this question can aid in creating assistive technology for 

influencing a physician’s decision making processes to reduce errors in the clinic. 

  



252 
 

9.  References 
 
(2004). The Seventh Report of the Joint National Committee on Prevention, Detection, 

Evaluation, and Treatment of High Blood Pressure. Bethesda, National High 
Blood Pressure Education Program - National Heart, Lung, and Blood Institute. 

American Diabetes Association (2003). "Standards of Medical Care for Patients With 
Diabetes Mellitus." Diabetes Care 26(suppl 1): s33-s50. 

American Diabetes Association (2006). "Your A1C Results: What Do They Mean?" 
Clinical Diabetes 24(1): 9-9. 

American Diabetes Association (2008). "Standards of Medical Care in Diabetes - 2008." 
Diabetes Care 31(Supplement 1): S12-S54. 

American Diabetes Association (2009). "Standards of Medical Care in Diabetesâ€”2009." 
Diabetes Care 32(Supplement 1): S13-S61. 

Amiel, S. A., T. Dixon, et al. (2007). "Hypoglycaemia in Type 2 diabetes." Diabetic 
Medicine 25(3): 245-254. 

Anderson, C. (2003). "The Psychology of Doing Nothing: Forms of Decision Avoidance 
Result From Reason and Emotion." Psychological Bulletin 129(1): 139-167. 

Anderson, J. (1981). "Interference: The Relationship Between Response Latency and 
Response Accuracy." Journal of Experimental Psychology: Human Learning and 
Memory 7(5): 326-343. 

Anderson, J. (1982). "Acquisition of Cognitive Skill." Psychological Review 89(4): 369-
406. 

Anderson, J. (1987). "Methodologies for the study of human knowledge." The Behavioral 
and Brain Sciences 10: 467-505. 

Anderson, J. (1993). Rules of the Mind. Hillsdale, NJ, Lawrence Erlbaum Associates, 
Publishers. 

Anderson, J. (1995). "ACT: A Simple Theory of Complex Cognition." American 
Psychologist 51(4): 355-365. 

Anderson, J. R. (1990). The Adaptive Character of Thought. New Jersey, Lawrence 
Erlbaum Associates, Publishers. 

Asch, D., J. Baron, et al. (1994). "Omission Bias and Pertussis Vaccination." Medical 
Decision Making 14: 118-123. 

Bainbridge, L. (1981). Mathematical equations or processing routines? Human Detection 
and Diagnosis of System Failures. J. Rasmussen and W. B. Rouse. New York, 
Plenum: 259-286. 

Bainbridge, L. (1997). "The Change in Concepts Needed to Account for Human Behavior 
in Complex Dynamic Tasks." IEEE Transactions on Systems, Man, and 
Cybernetics - Part A: Systems and Humans 27(3): 351-39. 

Baron, J. (2000). Thinking and Deciding. New York, Cambridge University Press. 
Baron, J. and I. Ritov (2004). "Omissin bias, individual differences, and normality." 

Organizational Behavior and Human Decision Processes 94: 74-85. 
Barranco, J. G. (1998). "Glucose control guidelines: current concepts." Clinical Nutrition 

17(Supplement 2): 7-17. 



253 
 

Beaton, S. J., S. S. Nag, et al. (2004). "Adequacy of Glycemic, Lipid, and Blood Pressure 
Management for Patients With Diabetes in a Managed Care Setting." Diabetes 
Care 27(3): 694-698. 

Belfiglio, M., G. De Berardis, et al. (2001). "The Relationship Between Physicians' Self-
Reported Target Fasting Blood Glucose Levels and Metabolic Control in Type 2 
Diabetes." Diabetes Care 24(3): 423-429. 

Ben-Zeev, T. (1995). "The nature and origin of rational errors in arithmetic thinking: 
Induction from examples and prior knowledge." Cognitive Science 19(3): 341-
376. 

Ben-Zeev, T. (1998). "Rational Errors and the Mathematical Mind." Review of General 
Psychology 2(4): 366-383. 

Ben-Zeev, T. and J. Ronald (2002). "Is procedure acquistion as unstable as it seems?" 
Contemporary Educational Psychology 27: 529-550. 

Berry, D. and Z. Dienes (1993). Implicit Learning: Theoretical and Empirical Issues. East 
Sussex, UK, Lawrence Erlbaum Associates. 

Berry, D. C. (1991). "The Role of Action in Implicit Learning." Quarterly Journal of 
Experimental Psychology Section a-Human Experimental Psychology 43(4): 881-
906. 

Blaum, C. S. (2002). "Management of Diabetes Mellitus in Older Adults: Are National 
Guidelines Appropriate?" Journal of the American Geriatrics Society 50(3): 581-
583. 

Blonde, L., J. Dey, et al. (1999). "Defining and Measuring Quality of Diabetes Care." 
Diabetes 26(4): 841-855. 

Bodenheimer, T., E. H. Wagner, et al. (2002). "Improving Primary Care for Patients With 
Chronic Illness: The Chronic Care Model, Part 2." JAMA  288(15): 1909-1914. 

Booth-Sweeney, L. and J. Sterman (2000). "Bathtub dynamics: initial results of a systems 
thinking inventory." System Dynamics Review 16(4): 249-286. 

Borstein, B. and C. Emler (2001). "Rationality in medical decision making: a review of 
the literature on doctors' decision-making biases." Journal of Evaluation in 
Clinical Practice 7(2): 97-107. 

Brehmer, B. (1990). Strategies in Real-Time Dynamic Decision Making. Insights in 
Decision Making: A Tribute to Hillel J. Einhorn. R. Hogarth. Chicago, University 
of Chicago Press. 

Brehmer, B. (1992). "Dynamic Decision-Making - Human Control of Complex-
Systems." Acta Psychologica 81(3): 211-241. 

Brehmer, B. (2005). "Micro-worlds and the circular relation between people and their 
environment." Theoretical Issues in Ergonomics Science 6(1): 73-93. 

Broadbent, D., P. Fitzgerald, et al. (1986). "Implicit and explicit knowledge in the control 
of complex systems." British Journal of Psychology 77: 33-50. 

Brown, J. B., G. A. Nichols, et al. (2004). "The Burden of Treatment Failure in Type 2 
Diabetes." Diabetes Care 27(7): 1535-1540. 

Brown, J. S. and K. VanLehn (1980). "Repair theory: A generative theory of bugs in 
procedural skills." Cognitive Science 4(4): 379-426. 



254 
 

Candler, C., M. Ihnat, et al. (2007). "Pharmacology education in undergraduate and 
graduate medical education in the United States." Clin Pharmacol Ther. 82(2): 
134-137. 

Caviness, B. F. (1970). "On Canonical Forms and Simplification." Journal of the 
Association for Computing Machinery 17(2): 385-396. 

Chalmers, D. (1993). A Computational Foundation for the Study of Cognition, Cogprints. 
2008. 

Cheney, M. (1997). "Inverse Boundary-Value Problems; From oil prospecting to 
medicine, the science of remote sensing benefits from interaction between 
mathematicians and computers." American Scientist 85: 448-455. 

Chomsky, N. (1965). Aspects of the Theory of Syntax. Cambridge, MA, The MIT Press. 
Ciechanowski, P. S., W. J. Katon, et al. (2000). "Depression and Diabetes: Impact of 

Depressive Symptoms on Adherence, Function, and Costs." Arch Intern Med 
160(21): 3278-3285. 

Clark, A. (1998). Being There: Putting Brain, Body, and World Together Again. 
Cambridge, The MIT Press. 

Clark, J. M. J., J. J. Sterrett, et al. (2000). "Diabetes guidelines: A summary and 
comparison of the recommendations of the american diabetes association, 
veterans health administration, and american association of clinical 
endocrinologists." Clinical Therapeutics 22(8): 899-910. 

Clark, M. (2004). "Adherence to treatment in patients with type 2 diabetes." Journal of 
Diabetes Nursing 8(10): 386-391. 

Conant, R. and W. R. Ashby (1970). "Every Good Regulator of a System Must be a 
Model of that System." Int. J. Systems Sci. 1(2): 89-97. 

Cosmides, L. and J. Tooby (1994). "Beyond intuition and instince blindness: toward an 
evolutionary rigorous cognitive science." Cognition 50: 41-77. 

Cosmides, L. and J. Tooby (1996). "Are humans good intuitive statisticians after all?  
Rethinking some conclusions from the literature on judgment under uncertainty." 
Cognition 58: 1-73. 

Cramer, J. A. (2004). "A Systematic Review of Adherence With Medications for 
Diabetes." Diabetes Care 27(5): 1218-1224. 

Croskerry, P. (2000). "The Cognitive Imperative: Thinking about How We Think." 
Academic Emergency Medicine 7(11): 1223-1231. 

Croskerry, P. (2002). "Achieving Quality in Clinical Decision Making: Cognitive 
Strategies and Detection of Bias." Academic Emergency Medicine 9(11): 1184-
1204. 

Croskerry, P. (2003). "The Importance of Cognitive Errors in Diagnosis and Strategies to 
Minimize Them." Academic Medicine 78(8): 775-780. 

Davidson, M., P. Ma, et al. (2002). "Comparison of effects on low-density lipoprotein 
cholesterol and high-density lipoprotein cholesterol with rosuvastatin versus 
atorvastatin in patients with type IIa or IIb hypercholesterolemia." The American 
Journal of Cardiology 89(3): 268-275. 

Dawson, M. R. W. (1998). Understanding Cognitive Science. Oxford, Blackwell 
Publishers Ltd. 



255 
 

Day, D. and R. Lord (1992). "Expertise and Problem Categorization: The Role of Expert 
Processing in Organizational Sense-Making." Journal of Management Studies 
29(1): 35-47. 

DeFronzo, R. (1999). "Pharmacologic Therapy for Type 2 Diabetes Mellitus." Annuals of 
Internal Medicine 131(4): 281-303. 

Delamater, A. M. (2006). "Improving Patient Adherence." Clinical Diabetes 24(2): 71-
77. 

Detsky, A., G. Naglie, et al. (1997). "Primer on Medical Decision Analysis - Part 1 
Getting Started." Medical Decision Making 17: 123-125. 

DeWitt, D. E. and D. C. Dugdale (2003). "Using New Insulin Strategies in the Outpatient 
Treatment of Diabetes: Clinical Applications." JAMA 289(17): 2265-2269. 

Dey, J., L. Blonde, et al. (2000). "Factors Influencing Patient Acceptability of Diabetes 
Treatment Regimens." Clinical Diabetes 18(2): 61-65. 

Diehl, E. and J. D. Sterman (1995). "Effects of Feedback Complexity on Dynamic 
Decision-Making." Organizational Behavior and Human Decision Processes 
62(2): 198-215. 

Dodd, L. E. (1947). "Right Answer by Method Physically Wrong." American Journal of 
Physics 15(2): 192-193. 

Doerner, D. (1980). "On the Difficulties People Have in Dealing with Complexity." 
Simulation & Games 11(1): 87-106. 

Doerner, D. (1990). "The Logic of Failure." Philosophical Transactions of the Royal 
Society 327(B): 463-473. 

Doerner, D. (1996). The Logic of Failure: Why Things Go Wrong and what We Can Do 
to Make Them Right. New York, Metropolitan Books. 

Doyle, J. K. and D. N. Ford (1998). "Mental models concepts for system dynamics 
research." System Dynamics Review 14(1): 3-29. 

Dutta, P., G. R. Biltz, et al. (2005). SimCare: A Model for Studying Physician Decision 
Making Activity. Advances in patient safety: from research to implementation: 
Programs, Tools, and Products. K. Henriksen, J. Battle, E. Marks and D. Lewin. 
Rockville, MD, Agency for Healthcare Research and Quality. 4: 179-192. 

Edgar, S. B. (1987). "71.6 An Unreliable D-Operator Short-Cut." The Mathematical 
Gazette 71(455): 50-52. 

Edwards, W. (1961). "Behavioral Decision Theory." Annual Review of Psychology 12: 
473-498. 

Edwards, W. (1962). "Dynamic decision theory and probabilistic information 
processing." Human Factors 4: 59-73. 

Einhorn, H. and R. Hogarth (1981). "Behavioral Decision Theory: Processes of Judgment 
and Choice." Annual Review of Psychology 32: 53-88. 

Entin, E. and D. Serfaty (1997). "Sequential Revision of Belief: An Application to 
Complex Decision Making Situtations." IEEE Transactions on Systems, Man, and 
Cybernetics - Part A: Systems and Humans 27(3): 289-301. 

Fincke, B., K. Snyder, et al. (2005). "Three complementary definitions of polypharmacy: 
methods, application and comparison of findings in a large prescription database." 
Pharmacoepidemiology and Drug Safety 14(2): 121-128. 



256 
 

Forster, M. (1999). "How Do Simple Rules 'Fit to Reality' in a Complex World?" Minds 
and Machines 9: 543-564. 

Francis, B. A. and W. M. Wonham (1975). "The internal model principle for linear 
multivariable regulators." Applied Mathematics and Optimization 2(2): 170-194. 

Frederick, S., G. Loewenstein, et al. (2002). "Time Discounting and Time Preference: A 
Critical Review." Journal of Economic Literature 40(2): 351-401. 

Freyd, J. (1987). "Dynamic Mental Representations." Psychological Review 94(4): 427-
438. 

Frixione, M. (2001). "Tractable Competence." Minds and Machines 11(3): 379-397. 
Gabrielsson, J., W. Jusko, et al. (2000). "Modeling of Dose-Response-Time Data: Four 

Examples of Estimating the Turnover Parameters and Generating Kinetic 
Functions from Response Profiles." Biopharmaceutics & Drug Disposition 21: 
41-52. 

Garber, A., D. Donovan, et al. (2003). "Efficacy of Glyburide/Metformin Tablets 
Compared with Initial Monotherapy in Type 2 Diabetes." The Journal of Clinical 
Endocrinology & Metabolism 88: 3598-3604. 

Garcia, C. and M. Morari (1982). "Internal Model Control. 1. A Unifying Review and 
Some New Results." Industrial & Engineering Chemistry Process Design and 
Development 21: 308-323. 

Garcia, C., D. Prett, et al. (1989). "Model Predictive Control: Theory and Practice - A 
Survey." Automatica 25(3): 335-348. 

Gary, M. and R. Wood (2005). Mental Models, Decision Making and Performance in 
Complex Tasks. 23rd International Conference of the System Dynamics Society, 
Boston. 

Gibson, F. P., M. Fichman, et al. (1997). "Learning in dynamic decision tasks: 
Computational model and empirical evidence." Organizational Behavior and 
Human Decision Processes 71(1): 1-35. 

Gigerenzer, G. (1996). "On Narrow Norms and Vague Heuristics: A Reply to Kahneman 
and Tversky (1996)." Psychological Review 103(3): 592-596. 

Gigerenzer, G. and D. Goldstein (1996). "Reasoning the Fast and Frugal Way: Models of 
Bounded Rationality." Psychological Review 103(4): 650-669. 

Gigerenzer, G., U. Hoffrage, et al. (1991). "Probabilistic mental models: a Brunswikean 
theory of confidence." Psychological Review 98: 506-528. 

Gigerenzer, G. and P. Todd (2000). "Precis of Simple Heuristics that make us smart." 
Behavioral and Brain Sciences 23: 727-780. 

Gigerenzer, G. and P. Todd (2000). Simple Heuristics That Make Us Smart. Cambridge, 
Oxford University Press. 

Gigerenzer, G. and P. M. Todd (1999). Fast and Frugal Heuristics. Simple Heuristics that 
Make us Smart. New York, NY, Oxford University Press. 

Gilmer, T. P., P. J. O'Connor, et al. (2005). "Predictors of Health Care Costs in Adults 
With Diabetes." Diabetes Care 28(1): 59-64. 

Goh, S. T. (1970). "Some Observations on the Deductive-Nomological Theory." Mind 
79(315): 408-414. 



257 
 

Gonzalez, C. (2004). "Learning to make decisions in dynamic environments: Effects of 
time constraints and cognitive abilities." Human Factors 46(3): 449-460. 

Gonzalez, C., J. F. Lerch, et al. (2003). "Instance-based learning in dynamic decision 
making." Cognitive Science 27(4): 591-635. 

Gonzalez, C., P. Vanyukov, et al. (2005). "The use of microworlds to study dynamic 
decision making." Computers in Human Behavior 21(2): 273-286. 

Grant, R., N. Devita, et al. (2003). "Polypharmacy and Medication Adherence in Patients 
with Type 2 Diabetes." Diabetes Care 26: 1408-1412. 

Grant, R. W., E. Cagliero, et al. (2004). "Clinical Inertia in the management of Type 2 
diabetes metabolic risk factors." Diabetic Medicine 21: 150-155. 

Grazioli, S., K. Jamal, et al. (2006). "A Cognitive Approach to Fraud Detection." Journal 
of Forensic Accounting VII : 65-88. 

Greco, A. (1995). "General Aspects of the Concept of Representation." Cognitive 
Systems 4(2): 119-129. 

Green, L. and C. Seifert (2005). "Translation of Research Into Practice: Why We Can't 
"Just Do It"." J Am Board Fam Pract 18: 541-545. 

Gunderson, K. (1985). Mentality and Machines. Minneapolis, University of Minnesota 
Press. 

Guven, S., J. Kuenzi, et al. (2005). Diabetes Mellitus and the Metabolic Syndrome. 
Pathophysiology: Concepts of Altered Health States. C. M. Porth. Philadelphia, 
Lippincott Williams & Wilkins. 

Harris, W. (1985). "Right Answer--Wrong Method." Mathematics and Computer 
Education 19(1): 49-51. 

Haugeland, J. (1978). "The nature and plausibility of Cognitivism." The Behavioral and 
Brain Sciences 2: 215-260. 

Heisler, M., S. Vijan, et al. (2003). "When do patients and their physicians agree on 
diabetes treatment goals and strategies, and what difference does it make?" 
Journal of General Internal Medicine 18(11): 893-902. 

Helmke, G. and M. S. Sanders (2006). "Modeling Motivations: A Method for Inferring 
Judicial Goals from Behavior." The Journal of Politics 68(04): 867-878. 

Henderson, J. and A. Hollingworth (1999). "High-Level Scence Perception." Annual 
Review of Psychology 50: 243-271. 

Hmelo-Silver, C. and R. Azevedo (2006). "Understanding Complex Systems: Some Core 
Challenges." The Journal of the Learning Sciences 15(1): 53-61. 

Hofer, T., E. Kerr, et al. (2000). "What is an Error?" Effective Clinical Practice 3(6): 261-
269. 

Hogarth, R. (1981). "Beyond Discrete Biases: Functional and Dysfunctional Aspects of 
Judmental Heuristics." Psychological Bulletin 90(2): 197-217. 

Hogarth, R. (2007). Behavioral Decision Making at 50: Acheivements, Prospects, and 
Challenges. Developments on Experimental Economics New Approaches to 
Solving Real-world Problems. S. H. Oda. Heidelberg, SpringerLink: 35-58. 

Hogarth, R., C. McKenzie, et al. (1991). "Learning from Feedback: Exactingness and 
Incentives." Journal of Experimental Psychology: Learning, Memory, Cognition 
17(4): 734-752. 



258 
 

Holland, J. H., K. J. Holyoak, et al. (1986). A Framework for Induction. Induction: 
Processs of Inference, Learning and Discovery. Cambridge, MA, The MIT Press: 
1-28. 

Hsaio, L.-C. and J. W. Salmon (1999). "Predicting Adherence to Prescription Medication 
Purchase Among HMO Enrollees with Diabetes." Journal of Managed Care 
Pharmacy 5(4): 336-341. 

Institute for Clinical System Improvement (2009). Health Care Guideline: Diagnosis and 
Management of Type 2 Diabetes Mellitus in Adults. Minneapolis, ICSI. 

Inzucchi, S. (2002). "Oral Antihyperglycemic Therapy for Type 2 Diabetes: Scientific 
Review." JAMA 287(3): 360-372. 

Jensen, E. (2005). "Learning and transfer from a simple dynamic system." Scandinavian 
Journal of Psychology 46(2): 119-131. 

Johansson, B. (2003). Feedforward Control in Dynamic Situations. School of 
Engineering. Linkoping, Linkoping University. 

Johnson, P., S. Grazioli, et al. (2001). "Detecting deception: adversarial problem solving 
in a low base-rate world." Cognitive Science 25: 355-392. 

Johnson, P., P. Veazie, et al. (2002). "Understanding Variation in Chronic Disease 
Outcomes." Health Care  Management Science 5: 175-189. 

Jordan, M. and D. Rumelhart (1992). "Forward Models: Supervised learning with a distal 
teacher." Cognitive Science 16: 307-354. 

Jordan, M. and D. Wolpert (2004). Computational Motor Control. The Cognitive 
Neuroscience III. M. Gazzaniga. Cambridge, MIT Press. 

Juarrero, A. (1999). Dynamics in Action. Cambridge, MA, The MIT Press. 
Kahneman, D. and A. Tversky (1972). "Subjective probability: a judgment of 

representativeness." Cognitive Psychology 3: 430-454. 
Kahneman, D. and A. Tversky (1973). "On the psychology of prediction." Psychological 

Review 80: 237-251. 
Kahneman, D. and A. Tversky (1996). "On the Reality of Cognitive Illusions." 

Psychological Review 103(3): 582-591. 
Kanwisher, N. (2006). "What's in a Face?" Science 311: 617-618. 
Karakul, M. and H. Qudrat-Ullah (2007). How to Improve Dynamics Decision Making? 

Practice and Promise. Complex Decision Making : Theory and Practice. H. 
Qudrat-Ullah, J. M. Spector and P. I. Davidsen. Heidelberg, Springer Berlin: 3-
24. 

Karniel, A. (2002). "Three creatures named 'forward model'." Neural Networks 15: 305-
307. 

Kennedy, A. and C. MacLean (2004). "Clinical inertia: Errors of omission in drug 
therapy." Am J Health-Syst Pharm. 61: 401-404. 

Kimmel, B. and S. E. Inzucchi (2005). "Oral Agents for Type 2 Diabetes: An Update." 
Clinical Diabetes 23(2): 64-76. 

Kipnes, M. S., A. Krosnick, et al. (2001). "Pioglitazone hydrochloride in combination 
with sulfonylurea therapy improves glycemic control in patients with type 2 
diabetes mellitus: a randomized, placebo-controlled study." The American Journal 
of Medicine 111(1): 10-17. 



259 
 

Kirwan, B. and L. K. Ainsworth (1991). A Guide to Task Analysis: The Task Analysis 
Working Group. London, Taylor & Francis. 

Kleinmuntz, D. N. (1993). "Information-Processing and Misperceptions of the 
Implications of Feedback in Dynamic Decision-Making." System Dynamics 
Review 9(3): 223-237. 

Kordes-deVaal, J. H. (1996). "Intention and the omission bias: Omissions perceived as 
nondecisions." Acta Psychologica 93: 161-172. 

Krein, S., T. Hofer, et al. (2002). "Whom Should We Profile? Examining Diabetes Care 
Practice Variation amoung Primary Care Providers, Provider Groups, and Health 
Care Facilities." Health Services Research 37(5): 1159-1180. 

Lannin, J., D. Barker, et al. (2007). "How Students view the general nature of their 
errors." Educ Stud Math 66: 43-59. 

Larkin, J., J. McDermott, et al. (1980). "Expert and Novice Performance in Solving 
Physics Problems." Science 208(4450): 1335-1342. 

Larme, A. and J. Pugh (1998). "Attitudes of Primary Care Providers Toward Diabetes." 
Diabetes Care 21(9): 1391-1396. 

Lawrence, D., K. Ragucci, et al. (2006). "Relationship of Oral Antihyperglycemic 
Medication Adherence and Hemoglobin A1c Goal  Attainment for HMO Patients 
Enrolled in a Diabetes Disease Management Program." Journal of Managed Care 
Pharmacy 12(6): 466-471. 

Lee, T. H., Q. G. Wang, et al. (1996). "Robust Smith-Predictor Controller for Uncertain 
Delay Systems." AIChE Journal 42(4): 1033-1040. 

Lehman, J., J. Laird, et al. (1998). A gentle introduction to SOAR, An architecture for 
human cognition: 2006 update. An Invitation to Cognitive Science. D. N. 
Osherson, D. Scarborough, L. R. Gleitmanet al. Cambridge, The MIT Press. 4: 
Methods, Models, and Conceptual Issues. 

Leigh, J. R. (1997). Control Theory: A Guided Tour. London, Peter Peregrinus Ltd. 
Lerman, I. (2005). "Adherence to Treatment: The Key for Avoiding Long-Term 

Complications of Diabetes." Archives of Medical Research 36(3): 300-306. 
Lewin, A., R. Lipetz, et al. (2007). "Comparison of extended-release metformin in 

combination with a sulfonylurea (glyburide) to sulfonylurea monotherapy in adult 
patients with type 2 diabetes: a multicenter, double-blind, randomized, controlled, 
phase III study." Clinical Therapeutics 29(5): 844-855. 

Lin, C.-L. and H.-W. Su (2000). "Intelligent Control Theory in Guidance and Control 
System Design: an Overview." Proc. Natl. Sci. Counc. ROC(A) 24(1): 15-30. 

Lin, E. H. B., W. Katon, et al. (2004). "Relationship of Depression and Diabetes Self-
Care, Medication Adherence, and Preventive Care." Diabetes Care 27(9): 2154-
2160. 

Lovett, M. and C. Schunn (1999). "Task Representations, Strategy Variability, and Base-
Rate Neglect." Journal of Experimental Psychology: General 128(2): 107-130. 

Marr, D. (1977). "Artifiicial Intelligence - A Personal View." Artificial Intelligence 9: 
37-48. 



260 
 

Marr, D. (1982). Vision: A Computational Investigation into the Human Representation 
and Processing of Visual Information. San Francisco, CA, W.H. Freeman and 
Company. 

Martin, M., C. Gonzalez, et al. (2004). Learning to make decisions in dynamic 
environments: ACT-R plays the beer game. Sixth International Conference on 
Cognitive Modeling, Pittsburgh, PA, Carnegie Mellon University / University of 
Pittsburgh. 

Mazze, R., E. S. Strock, et al. (2004). Staged Diabetes Management: A Systematic 
Approach, 2nd Edition. Hoboken, NJ, John Wiley & Son. 

Mazze, R., E. S. Strock, et al. (2005). Staged Diabetes Management: A Systematic 
Approach, 2nd Edition. Hoboken, NJ, John Wiley & Son. 

Mazze, R., E. S. Strock, et al. (2007). Staged Diabetes Management: A Systematic 
Approach, 2nd Edition. Hoboken, NJ, John Wiley & Son. 

McCabe, R. M., G. Adomavicius, et al. (2008). Using Data Mining to Predict Errors in 
Chronic Disease Care. Advances in Patient Safety: New Directions and 
Alternative Approaches. Rockville, Agency for Healthcare Research and Quality. 

MCN Healthcare (2006). Medication Management Manual. King of Prussia, Rittenhouse 
Book Distributors. 

Meredith, P. (2004). "Modern Strategies in Hypertension Management." European Heart 
Journal 6(Supplement H): 23-29. 

Merriam-Webster (2003). Collegiate Dictionary. F. Mish. Springfield, Merriam-Webster 
Inc. 

Miller, D. and A. Swain (1987). Human Error and Human Reliability. Handbook of 
Human Factors. G. Salvendy. New York, Wiley & Sons: 219-250. 

Mitchell, J. P. (2006). "Mentalizing and Marr: An information processing approach to the 
study of social cognition." Brain Research 1079(1): 66-75. 

Murray, M., T. Bodenheimer, et al. (2003). "Improving Timely Access to Primary Care: 
Case Studies of the Advanced Access Model." JAMA 289(8): 1042-1046. 

Murray, M. and C. Tantau (2000). "Same-day appointments: Exploding the access 
paradigm." Family Practice Management 7(8): 45-50. 

Nathan, D., J. Buse, et al. (2006). "Management of hyperglycemia in type 2 diabetes: A 
consensus algorithm for the initiation and adjustment of therapy." Diabetes Care 
29(8): 1963-1972. 

Navarro, G. (2001). "A guided tour to approximate string matching." ACM Comput. 
Surv. 33(1): 31-88. 

Newell, A. (1982). "The Knowledge Level." Artificial Intelligence 18: 87-127. 
Newell, A. (1990). Unified Theories of Cognition. Cambridge, Harvard University Press. 
Newell, A. and H. A. Simon (1972). Human Problem Solving. New Jersey, Prentice-Hall, 

Inc. 
Nichols-English, G. and S. Poirier (2000). "Optimizing Adherence to Pharmaceutical 

Care Plans." Journal of the American Pharmaceutical Association 40(4): 475-485. 
Nieves, J. and A. Sage (1998). "Human and Organizational Error as a Basis for Process 

Reengineering: With Applications to Systems Integration Planning and 



261 
 

Marketing." IEEE Transactions on Systems, Man, and Cybernetics - Part A: 
Systems and Humans 28(6): 742-762. 

Norman, D. (1983). "Design Rules Based on Analyses of Human Error." 
Communications of the ACM 26(4): 254-258. 

Norris, S., J. Lau, et al. (2002). "Self-Management Education for Adults with Type 2 
Diabetes." Diabetes Care 25: 1159-1171. 

Novick, L. R. and K. J. Holyoak (1991). "Mathematical problem solving by analogy." 
Journal of Experimental Psychology: Learning, Memory, and Cognition 17(3): 
398-415. 

Nussbaum, S., N. Liberman, et al. (2006). "Predicting the Near and Distant Future." 
Journal of Experimental Psychology-General 135(2): 152-161. 

O'Connor, M., W. Remus, et al. (1997). "Going Up-Going Down: How Good Are People 
at Forecasting Trends and Changes in Trends?" Journal of Forecasting 16: 165-
176. 

O'Connor, P. (2002). "Patient Archetypes, Physician Archetypes, and Tailored Diabetes 
Care." Journal of the American Board of Family Medicine 15(4): 334-337. 

O'Connor, P. J., S. E. Asche, et al. (2004). "Is Patient Readiness to Change a Predictor of 
Improved Glycemic Control?" Diabetes Care 27(10): 2325-2329. 

O'Connor, P. J., J. M. Sperl-Hillen, et al. (2005). Identification, Classification, and 
Frequency of Medical Errors in Outpatient Diabetes Care. Advances in Patient 
Safety: From Research to Implementation. Rockville, Agency for Healthcare 
Research and Quality 2: 369-380. 

O'Connor, P. J., J. M. Sperl-Hillen, et al. (2009). "Simulated Physician Learning 
Intervention to Improve Safety and Quality of Diabetes Care: A Randomized 
Trial." Diabetes Care 32(4): 585-590. 

O’Connor, P. J., J. M. Sperl-Hillen, et al. (2005). Clinical Inertia and Outpatient Medical 
Errors. Advances in patient safety: from research to implementation: Concepts 
and Methodology. K. Henriksen, J. Battle, E. Marks and D. Lewin. Rockville, 
MD, Agency for Healthcare Research and Quality. 2. 

Odegard, P. S. and K. Capoccia (2007). "Medication Taking and Diabetes: A Systematic 
Review of the Literature." The Diabetes Educator 33(6): 1014-1029. 

Ohlsson, S. (1996). "Learning from Performance Errors." Psychological Review 103(2): 
241-262. 

Ortega, R., A. v. d. Schaft, et al. (2001). "Putting Energy Back in Control." IEEE Control 
Systems 21(2): 18-33. 

Ortega, R., A. van der Schaft, et al. (2002). "Interconnection and damping assignment 
passivity-based control of port-controlled Hamiltonian systems." Automatica 
38(4): 585-596. 

Ostbye, T., K. S. H. Yarnall, et al. (2005). "Is There Time for Management of Patients 
With Chronic Diseases in Primary Care?" Ann Fam Med 3(3): 209-214. 

Owen, J. (2008). Cues, The Golden Retriever, Boxes and Arrows. 
Park, O. and S. Gittelman (1995). "Dynamic characteristics of mental models and 

dynamic visual displays." Instructional Sciences 23: 303-320. 



262 
 

Patel, V., D. Kaufman, et al. (2002). "Emerging paradigms of cognition in medical 
decision-making." Journal of Biomedical Informatics 35: 52-75. 

Payne, S. and T. Green (1986). "Task-Action Grammars: A Model of the Mental 
Representation of Task Languages." Human-Computer Interaction 2: 93-133. 

Pearson, J. and M. Powers (2006). "Systematically Initiating Insulin: The Staged 
Diabetes Management Approach." The Diabetes Educator 32: 19S - 26S. 

Peterson, K. A. and M. Hughes (2002). "Readiness to change and clinical success in a 
diabetes educational program." J Am Board Fam Pract 15(4): 266-271. 

Peyrot, M. and R. R. Rubin (2007). "Behavioral and Psychosocial Interventions in 
Diabetes." Diabetes Care 30(10): 2433-2440. 

Phillips, L., W. Branch, et al. (2001). "Clinical Inertia." Ann Intern Med 135: 825-834. 
Prince, A. and P. Smolensky (2002). Optimality: From Neural Networks to Universal 

Grammar. Cognitive Modeling. T. Polk and C. Seifert. Cambridge, The MIT 
Press: 317-334. 

Pylyshyn, Z. (1980). "Computation and cognition: issues in the foundations of cognitive 
science." The Behavioral and Brain Sciences 3: 111-169. 

Ramsay, J. O. and B. W. Silverman (2005). Functional Data Analysis. New York, 
Springer. 

Ramsey, J. O. and B. W. Silverman (2005). Functional Data Analysis. New York, 
Springer. 

Rapaport, W. (1998). "How minds can be computational systems." Journal of 
Experimental and Theoretical Artificial Intelligence 10: 403-419. 

Rasmussen, J. (2003). "The role of error in organizing behavior." Quality and Safety in 
Health Care 12: 377-383. 

Read, D. and N. L. Read (2004). "Time discounting over the lifespan." Organizational 
Behavior and Human Decision Processes 94: 22-32. 

Reason, J. (1990). Human Error. New York, Cambridge University Press. 
Recce, M. and K. D. Harris (1996). "Memory for places: A navigational model in support 

of Marr's theory of hippocampal function." Hippocampus 6: 735-748. 
Richardson, G. P. (1991). Two Feedback Threads. Feedback Thought in Social Science 

and Systems Theory. Philadelphia, PA, University of Pennsylvania Press: 92-168. 
Riddle, M. (2000). "Combining sulfonylureas and other oral agents." The American 

Journal of Medicine 108(6, Supplement 1): 15-22. 
Riddle, M. C. (2005). "Glycemic Management of Type 2 Diabetes: An Emerging 

Strategy with Oral Agents, Insulins, and Combinations." Endocrinology & 
Metabolism Clinics of North America 34(1): 77-98. 

Ritov, I. and J. Baron (1992). "Status-Quo and Omission Biases." Journal of Risk and 
Uncertainty 5: 49-61. 

Rolo, G. and D. Diaz-Cabrera (2005). "Decision-making processes evaluation using two 
methodologies: field and simulation techniques." Theoretical Issues in 
Ergonomics Science 6(1): 35-48. 

Rooij, I. v. and T. Wareham (2008). "Parameterized Complexity in Cognitive Modeling: 
Foundations, Applications and Opportunities." The Computer Journal 51(3): 385-
404. 



263 
 

Rosenblueth, A., N. Wiener, et al. (1943). "Behavior, Purpose, and Teleology." 
Philosophy of Science 10(1): 18-24. 

Rouse, W. and N. Morris (1986). "On Looking Into the Black Box: Prospects and Limits 
in the Search for Mental Models." Psychological Bulletin 100(3): 349-363. 

Rouwette, E., A. Grossler, et al. (2004). "Exploring influencing factors on rationality: A 
literature review of dynamic decision-making studies in system dynamics." 
Systems Research and Behavioral Science 21(4): 351-370. 

Royzman, E. and J. Baron (2002). "The Preference for Indirect Harm." Social Justice 
Research 15(2): 165-184. 

Ruiz, J. G., S. Array, et al. (1996). "Avoiding overmedication of elderly patients." 
American Journal of Therapeutics 3(11): 784-788. 

RxList Inc. (2009). The Internet Drug Index, WebMD. 2009. 
Sabaté, E. (2003). Adherence to Long-term Therapies: Evidence for Action. Geneva, 

World Health Organization. 
Saudek, C., R. Derr, et al. (2006). "Assessing Glycemia in Diabetes Using Self-

monitoring Blood Glucose and Hemoglobin A1c." JAMA 295(14): 1688-1697. 
Saudek, C., R. Kalyani, et al. (2005). "Assessment of Glycemia in Diabetes Mellitus: 

Hemoglobin A1c." JAPI 53: 299-305. 
Scarpello, J. (2001). "Optimal dosing strategies for maximising the clinical response to 

metformin in type 2 diabetes." The British Journal of Diabetes and Vascular 
Disease 1: 28-36. 

Scott, I. A., P. B. Greenberg, et al. (2008). "Strengthening the scientific approach to 
clinical practice in the new physician training programme." Internal Medicine 
Journal 38(6a): 384-387. 

Seborg, D. E., T. F. Edgar, et al. (1986). "Adaptive Control Strategies for Process 
Control: A Survey." AIChE Journal 32(6): 881-913. 

Seely-Brown, J. and K. Vanlehn (1980). "Repair Theory: A Generative Theory of Bugs 
in Procedural Skills." Cognitive Science 4: 379-426. 

Senders, J. and N. Moray (1991). Human Error: Cause, Prediction, and Reduction. 
Hillsdale, NJ, Lawrence Erlbaum Associates. 

Siminerio, L. M., G. Piatt, et al. (2005). "Implementing the Chronic Care Model for 
Improvements in Diabetes Care and Education in a Rural Primary Care Practice." 
The Diabetes Educator 31(2): 225-234. 

Simon, H. A. (1993). "The Human Mind: The Symbolic Level." Proceedings of the 
American Philosophical Society 137(4): 638-647. 

Simon, H. A. (1999). The Sciences of the Artificial. Cambridge, MA, The MIT Press. 
Slovic, P., B. Fischhoff, et al. (1977). "Behavioral Decision Theory." Annual Review of 

Psychology 28: 1-39. 
Sokol, M., K. McGuigan, et al. (2005). "Impact of medication adherence on 

hospitalization risk and healthcare cost." Medical Care 43(6): 521-530. 
Soukoreff, R. W. and I. S. MacKenzie (2001). Measuring Errors in Text Entry Tasks: An 

application of the Levenshtein String Distance statistic. ACM Conference on 
Human Factors in Computing Systems, New York, ACM. 



264 
 

Soukoreff, R. W. and I. S. MacKenzie (2003). Metrics for text entry research: an 
evaluation of MSD and KSPC, and a new unified error metric. Proceedings of the 
SIGCHI conference on Human factors in computing systems. Ft. Lauderdale, 
Florida, USA, ACM. 

Sperl-Hillen, J. and P. J. O'Connor (2007). Personal Communication - review of titration 
process for prescribing insulin. U. Carlson School, Best Practices Research 
Group,. Minneapolis. 

Sperl-Hillen, J. M. and P. J. O'Connor (2005). "Factors Driving Diabetes Care 
Improvement in a Large Medical Group: Ten Years of Progress." American 
Journal of Managed Care 11(5 (suppl)): S177-S185. 

Spolsky, B. (1989). "Communicative Competence, Language Proficiency, and Beyond." 
Applied Linguistics 10(2): 138-156. 

Spranca, M., E. Minsk, et al. (2003). Omission and commission in judgment and choice. 
University of Pennsylvania: 76-105. 

Stangor, C., L. Lynch, et al. (1992). "Categorization of Individuals on the Basis of 
Multiple Social Features." Journal of Personality and Social Psychology 62(2): 
207-218. 

Steinman, M., S. Landefeld, et al. (2006). "Polypharmacy and prescribing quality in older 
people." Journal of the American Geriatric Society 54: 1516-1523. 

Sterman, J. (2000). Business Dynamics. New York, McGraw-Hill. 
Sterman, J. D. (1989a). "Modeling Managerial Behavior - Misperceptions of Feedback in 

a Dynamic Decision-Making Experiment." Management Science 35(3): 321-339. 
Sterman, J. D. (1989b). "Misperceptions of Feedback in Dynamic Decision Making." 

Organizational Behavior and Human Decision Processes 43: 301-335. 
Sterman, J. D. (1994). "Learning in and About Complex-Systems." System Dynamics 

Review 10(2-3): 291-330. 
Sterman, J. D. (2006). "Learning from evidence in a complex world." American Journal 

of Public Health 96(3): 505-514. 
Strange, P. (2007). "Treat-to-Target Insulin Titration Algorithms When Initiating Long or 

Intermediate Acting Insulin in Type 2 Diabetes." Journal of Diabetes Science and 
Technology 1(4): 540-548. 

Strecher, V. J., G. H. Seijts, et al. (1995). "Goal Setting as a Strategy for Health Behavior 
Change." Health Educ Behav 22(2): 190-200. 

Strube, G. (2000). "Generative Theories in Cognitive Psychology." Theory & Psychology 
10(1): 117-125. 

Sutton, R. and A. Barto (1999). Reinforcement Learning, An Introduction. Cambridge, 
The MIT Press. 

Tamborlane, W. and J. Ahern (1997). "Implications and Results of the Diabetes Control 
and Complications Trial." Pediatric Clinics of North America 44(2): 285-300. 

Tversky, A. and D. Kahneman (1974). "Judgment under Uncertainty: Heuristics and 
Biases." Science 185: 1124-1131. 

Ungar, L., E. Hartmann, et al. (1996). Process Modeling and Control Using Neural 
Networks. First International Conference on Intelligent Systems in Process 
Engineering. 



265 
 

VanLehn, K. (1990). Mind Bugs: The Origins of Procedural Misconceptions. Cambridge, 
The MIT Pres. 

VanLehn, K., J. S. Brown, et al. (1984). Competitive Argumentation in Computational 
Theories of Cognition. Methods and Tactics in Cognitive Science. W. Kintsch, J. 
R. Miller and P. G. Polson. Hillsdale, NJ, Lawrence Erlbaum Associates, Inc.: 
235-262. 

VanLehn, K. and R. Jones (1993). Learning by explaining examples to oneself: a 
computational model. Foundations of knowledge acquisition: Cognitive models of 
complex learning. S. Chipman and A. L. Meyrowitz. Boston, MA, Kluwer: 25-82. 

Vicente, K. J. (1999). Cognitive Work Analysis: Toward Safe, Productive, and Healthy 
Computer-Based Work. Mahwah, NJ, Lawrence Erlbaum Associates, Publishers. 

Viviani, R., G. Grön, et al. (2005). "Functional principal component analysis of fMRI 
data." Human Brain Mapping 24(2): 109-129. 

Wan, H. S., D. S. Touretzky, et al. (1994). Towards a Computational Theory of Rat 
Navigation. 1993 Connectionist Models Summer School, Erlbaum Associates. 

Welch, H., M. Chapko, et al. (1999). "The role of patients and providers in the timing of 
follow-up visits." Journal of General Internal Medicine 14(4): 223-229. 

West, R. M., K. Harris, et al. (2007). "Functional Data Analysis Applied to a 
Randomized Controlled Clinical Trial in Hemodialysis Patients Describes the 
Variability of Patient Responses in the Control of Renal Anemia." J Am Soc 
Nephrol 18(8): 2371-2376. 

Wiener, N. (1967). The Human Use of Human Beings: Cybernetics and Society. New 
York, Avon Books. 

Wilson, T., T. Holt, et al. (2001). "Complexity science: Complexity and clinical care." 
BMJ 323(7314): 685-688. 

Wolpert, H. A. and B. J. Anderson (2001). "Metabolic Control Matters: Why Is the 
Message Lost in the Translation?" Diabetes Care 24(7): 1301-1303. 

Yarnall, K. S. H., K. I. Pollak, et al. (2003). "Primary Care: Is There Enough Time for 
Prevention?" Am J Public Health 93(4): 635-641. 

Yawn, B., S. J. Zyzanski, et al. (2001). "Is Diabetes Treated as an Acute or Chronic 
Illness in Community Family Practice?" Diabetes Care 24(8): 1390-1396. 

 
 
  



266 
 

Appendix 1: Physician Process Traces Scored for Err ors 
 

This appendix presents the moves made by physicians on a visit by visit basis.  Blood 
glucose-related moves (treatments, information seeking, and scheduling) are shown in 
detail; blood pressure and lipids moves are identified as to whether they were made.  
Physicians’ moves were scored for errors and variations in blood glucose treatment.  
Variations in treatment were identified to note treatment actions that differ from those of 
the competence models and, according to guidelines, are acceptable forms of treatment.  
The data are organized by case and by physician; physicians are ordered according to 
final A1c achieved with the patient treated (from lowest to highest). 

For comparison purposes the expert’s and models’ moves are shown along with the 
physicians’ moves.  The expert and the models did not commit any errors when treating 
the three cases. 

Table 72 through Table 84 present the moves (actions taken) that each of the subject 
physician, expert, and models made when treating the three Simcare cases.  Medication 
moves are shown as dose increments in order to emphasize the size of dose changes. 
Below each cell, where applicable, errors or variations in treatment were scored for the 
current visit. 

The tables are organized in the following manner.  Physicians are ordered according 
to final A1c achieved, from lowest A1c to highest A1c.  The expert and models data are 
reported after all physician subjects’ data.  Starting from the left-most column are: 
(column 1) physician identifier, (column 2) final A1c obtained at the end of the case, 
(column 3) the number of elapsed simulated days the physician treated the patient, 
(column 4) decision strategy used on that case, and (column 5+) moves made on each 
visit, where each additional column is a next visit the physician had with the patient.  At 
this point in the analysis the focus in these tables is on the visit data.  Moves are 
presented in short-hand form showing only delta dose changes of prescribed blood 
glucose medications.  On each visit five types of move data can be present in a visit cell 
in the table - information seeking, referral and medical nutrition therapy (MNT), changes 
in prescribed medications, and scheduling (number of days until next visit) moves.  
Below is the key for interpreting the visit data presented in the tables: 

{ ; } –  blood glucose information viewed during visit, numbers to the left of the 

“;” are SMBG values, numbers to the right of the “;” are A1c values 

* – outdated A1c information from a previous visit was viewed 

Nur –  referral to a nurse educator was made, 

Psy –  referral to a psychologist was made, 

M( ) –  metformin, amount of dose change, 

G( ) –  glipizide, amount of dose change, 

GY( ) –  glyburide, amount of dose change, 

R( ) -  rosiglitazone, amount of dose change, 
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P( ) –  pioglitazone, amount of dose change, 

I( ) –  insulin, amount of dose change, 

[ ] –  number of days until the next visit, 

@ -  patient has reached an A1c of 7% or less, 

& - followed by B, indicates that a blood pressure move was made; C 

indicates that a lipid move was made during visit, 

\ -  last visit with the patient, 

 Shaded boxes indicate no blood glucose moves was made but either 

blood pressure or lipids were treated during the visit. 

 
For example, the entry for physician 4024 on the first visit on Case 1 is {235;9.5}: 
NurMNT: M(2000): [42] & B .  This is interpreted as the physician obtained an SMBG 
reading of 235mg/dL and obtained a new A1c reading of 9.5% (if an asterisk was next to 
the A1c value then that would indicate that the viewed A1c value was not current).  
Physician 4024 on the first visit referred the patient to the nurse educator (Nur), started 
medical nutrition therapy (MNT), prescribed a metformin dose increase of 2000mg 
(M(2000)), and scheduled the next visit in 42 days [42].  On this visit & B indicates that a 
blood pressure move was made (lisinopril, 5mg; note – blood pressure and lipid meds and 
doses are not shown to prevent cluttering the tables). 
 
Table 71 provides definitions for the error and variations in treatment codes. 
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Code Definition  Criteria  
E1 No move made, A1c between 8.0 & 8.5% Last move >= 28 days ago, 

patient on medication, current visit 
is a "next visit" 

E2 No move made, A1c between 8.5 & 9.0% 
E3 No move made, A1c > 9.5% 
E4 No move made, A1c between 9.0 & 9.5% 
E5 No move made, A1c between 7.5 & 8.0% 
E6 No move made, A1c > 9.5% Initial visit 

E7 Initiating contraindicated medication 
Creatinine >= 1.5mg/dL, 
metformin started 

E8 Maintaining contraindicated medication 
Creatinine >= 1.5mg/dL, use of 
metformin is continued 

E9 Incrementing dose of contraindicated med 
Creatinine >= 1.5mg/dL, dose of 
metformin is increased 

E10 Initiating contraindicated medication 
Prescribing sulfonylurea in the 
presence of a drug allergy 

E11 Exceeding maximum dose of med   
E12 Initiating medication at maximum dose   

E13 Not treating depression 

Current visit is a "next visit", on 
the last 2 visits blood glucose 
medications were incremented, 
blood glucose values remain 
constant or increase 

V1 Polypharmacy 

prescribing multiple oral 
medications below the maximum 
dose of any medication 

V2 
Initial visit, A1c >= 9.5%, only medication 
nutrition therapy prescribed   

V3 Not prescribing medical nutrition therapy   

V4 
Treating depression without using an 
antidepressant   

V5 Treating blood glucose when A1c <= 7.5%   

Table 71: Codes for errors and variations in treatment, along with definitions 
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Phys 

ID 

Final 

A1c 

Days 

Treated Visit 1 Visit 2 Visit 3 Visit 4 Visit 5 Visit 6 Visit 7 Visit 8 

Visit 

9 

4023 7 91 

{;9.5}: Nur: 

M(500) : [7]  

;M(500) : 

[7]  

{198;}: 

M(1000) : 

[14]  

{167;}: [14]  

&C  ;[14]  &B  

{172;}: 

GY(5) : 

[28]  &B  {133;}: [7]  {;7}: @\   

-- -- -- -- E5 -- -- V3   

4018 7.1 284 

{235;9.5}: 

Nur: M(1000) 

: [90]  ;[14]  

{;8.7}: 

M(1000) : 

[90]  

{;7.8}: G(5) : 

[90]  &B;C  {141;7.1}: \         

-- E4 -- -- V3         

4013 7.3 120 

{235;9.5}: 

Nur: M(1000) 

: [1]  &B;C  ;[14]  

{202;}: 

M(500) : [30]  

&B  

{188;}: MNT: 

M(500) : 

[30]  &B  

{162;9.5*}: 

M(550) : [30]  

&B  {163;}: [1]  

{162;7.5}: 

MNT: [14]  

&B;C  

{151;}:  

&B \   

-- -- -- -- -- E5 -- --   

4011 7.5 309 

{;9.5}: Nur: 

M(1000) : [28]  

&B;C  ;[84]  ;[28]  &B  

{;8.4}: 

M(1000) : 

[28]  &B  {;8.4*}: [28]  

{;8.4*}: 

[56]  

{;8.4*}: [56]  

&C  

{;8.4*}: 

[1]  

{;7.5}: 

\ 

-- E4 E4 -- E1 E1 E1 E1 V3 

4024 7.5 126 

{235;9.5}: 

Nur: M(2000) 

: [42]  &B  

{158;7.4}: 

[42]  &B  

{161;7.4*}: 

[42]  &C  {170;}:  &C \           

E12 -- -- --           

-- E1 -- E5 V3         

Table 72: Summary of moves made by physicians when treating the patient in Case 1.  Rows contain information 
pertaining to a physician; each column to the right of the bold vertical line presents moves made on a given visit.  See above 
for key. 
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Phys 

ID 

Final 

A1c 

Days 

Treated Visit 1 Visit 2 Visit 3 Visit 4 Visit 5 

4006 7.8 90 

{235;9.5}: M(1000) : [30]  

&B;C  {201;9}: M(700) : [30]  &B  {;8.2}: Nur: [30]  {154;7.8}: \   

-- -- E1 E5,V3   

4015 7.8 300 {;9.5}: Nur: M(1000) : [30]  {201;}: [90]  

{201;8.8}: M(1000) : 

[90]  &B  {;7.8}: [90]  &B  

{165;7.8}: GY(5) 

:  &B \ 

-- E1 -- E5 V3 

4017 7.8 56 

{235;9.5}: M(1000) : [21]  

&B  

{201;}: Nur: M(1000) : [21]  

&B  

{151;9.5*}: MNT: [14]  

&B  {152;}: M(550) : \   

-- -- -- --   

4021 7.9 180 

{235;9.5}: NurMNT: 

M(1000) : [60]  

{198;8.4}: M(700) : [60]  

&B  {;8.4*}: M(300) : [60]  ;\   

-- -- -- E1   

4019 8 125 

{235;9.5}: Nur: M(1000) : 

[7]  &B;C  {199;}: M(500) : [14]  {182;}: GY(1) : [14]  {171;}: [90]  {173;}:  &B \ 

-- -- V1 -- E5,V3 

4022 8 88 

{235;9.5}: NurMNT: 

M(1000) : [28]  &C  {;8.7}: M(700) : [60]  &B  {178;}: R(8) : \     

-- -- --     

4010 8.1 172 

{235;9.5}: NurMNT: GY(3) : 

[60]  

{189;8.2}: M(1000) GY(-3) : 

[56]  &B;C  

{197;8.3}: M(500) : 

[56]  &B  

{192;8.3*}: M(500) 

:  &B \   

-- -- -- --   

4016 8.1 56 

{235;9.5}: Nur: M(1000) : 

[14]  &B  

{200;9.5*}: M(700) : [14]  

&B;C  {178;}: MNT: [28]  &B  

{175;8.1}: Nur: 

GY(10) : \   

-- -- V2 --   

4020 8.1 88 

{235;9.5}: Nur: GY(5) : [28]  

&B  {184;}: GY(5) : [60]  &B  

{172;8.1}: M(500) :  

&B \     

-- -- V3     

Table 73: Summary of moves made by physicians when treating the patient in Case 1.  Rows contain information 
pertaining to a physician; each column to the right of the bold vertical line presents moves made on a given visit.  See above 
for key. 
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Phys 

ID 

Final 

A1c 

Days 

Treated Visit 1 Visit 2 Visit 3 Visit 4 Visit 5 Visit 6 

4003 8.2 42 {235;9.5}: MNT: G(5) : [7]  {192;}: G(5) : [7]  

{176;}: Nur: 

[14]  

{169;}: 

[14]  

{166;}: 

M(500) : \   

-- -- -- -- V1   

4008 8.3 360 {;9.5}: Nur: G(5) : [60]  &B;C  {;8.5}: G(5) : [90]  &B  ;[90]  ;[60]  &B  

{;8.5*}: [60]  

&B  

{;8.3}: 

M(850) : \ 

-- -- E2 E2 E2 V1,V3 

4005 8.4 60 

{235;9.5}: NurMNT: M(1000) : 

[60]  &B;C  

{190;8.4}: M(1000) :  

&B;C \         

-- --         

4007 8.7 30 

{235;9.5}: MNT: M(1000) : [30]  

&B;C  

{192;8.7}: M(500) G(5) :  

&B;C \         

-- V1         

4012 8.9 10 

{235;9.5}: NurMNT: M(1000) : 

[10]  &B  {188;}:  &B;C \         

-- --         

Table 74: Summary of moves made by physicians when treating the patient in Case 1.  Rows contain information 
pertaining to a physician; each column to the right of the bold vertical line presents moves made on a given visit.  See above 
for key. 
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Phys 

ID 

Final 

A1c 

Days 

Treated Visit 1 Visit 2 Visit 3 Visit 4 Visit 5 Visit 6 Visit 7 Visit 8 

4008 5.5 222 

{261;10.5}: NurPsy: 

Z(50) M(1000) : 

[42]  &B;C  

{194;8.8}: Z(50) 

: [60]  

{;5.7}: [120]  

&C @ {;5.5}: @\         

E9 E8 E8 E8,V3         

4021 5.8 120 

{268;10.5}: 

NurPsyMNT: I(10) : 

[60]  

{237;9.7}: Z(50) 

M(1000) I(15) : 

[60]  

{123;9.7*}: 

MNT: @\           

E8 E9 E8           

4024 6.6 112 

{259;10.5}: 

NurPsyMNT: Z(50) 

M(-1000) G(10) 

I(10) : [42]  &B;C  

{215;9.2}: Z(50) 

: [70]  &C  

{164;}: R(8) 

I(10) : @\           

-- -- V1           

4016 6.7 134 

{256;10.5}: 

NurPsyMNT: Z(100) 

I(20) : [14]  &B  

{225;10.5*}: 

MNT: I(25) : 

[30]  

{137;}: I(15) 

: [30]  

{131;6.9}: 

Nur: I(15) : 

[60]  &C @ 

{110;}: 

@\       

E8 E8 E8,V5 E8,V5 E8       

4006 6.9 186 

{259;10.5}: 

NurPsyMNT: Z(50) 

I(10) : [14]  &C  

{228;10}: R(4) 

I(10) : [14]  

{178;}: I(10) 

: [42]  

{167;6.7}: R(-

4) : [42] @ 

{185;7}: 

I(5) : [60] 

@ 

{179;7*}: 

I(5) : [14] 

@ 

{176;6.9}: 

@\   

E8,V5 E8 E8 E8 E8,V4 E8,V4 E8   

4023 7.2 154 
{;10.5}: Z(100) M(-

1000) : [21]  ;Z(100) : [28]  

{247;}: I(-15) 

: [7]  

{211;}: P(15) : 

[14]  

{207;}: 

P(15) : 

[28]  

{192;}: 

Nur: P(15) 

: [42]  

{159;}: 

I(10) : [14]  

&C  

{145;7.2}: 

I(10) :  &C \ 

-- -- -- -- -- -- V5 V3,V5 

Table 75: Summary of moves made by physicians when treating the patient in Case 2.  Rows contain information 
pertaining to a physician; each column to the right of the bold vertical line presents moves made on a given visit.  See above 
for key. 
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Phys 

ID 

Final 

A1c 

Days 

Treated Visit 1 Visit 2 Visit 3 Visit 4 Visit 5 Visit 6 Visit 7 Visit 8 Visit 9 

4020 8.5 44 

{258;10.5}: 

NurPsy: Z(50) 

M(-1000) R(8) : 

[30]  &B;C  

{223;}: I(4) : 

[14]  &C  {176;}: \             

-- -- V3             

4022 8.9 37 

{260;10.5}: 

NurPsy: Z(50) 

M(-1000) G(20) 

: [30]  &B;C  

{208;}: Z(50) 

I(-20) : [7]  

{155;8.9}: 

I(10) : \             

E12 -- V3             

4019 9.2 344 

{;10.5}: 

NurMNT: [30]  

&B  {253;}: [7]  {;10.5*}: [60]  

{251;12}: 

Psy: R(4) : 

[30]  

{232;}: 

Z(50) : 

[30]  

{177;10.7}: 

Z(50) : [7]  

{140;}: 

[90]  

{127;10.7*}

: I(-40) : 

[90]  &B  

{147;9.2}

: I(25) : \ 

E8,V2 E3,E8 E3,E8 E8,V1 E8 E8 E8 E8 E8 

4005 10.5 56 

{261;10.5}: Nur: 

Z(50) : [14]  

&B;C  

{241;}: I(10) : 

[14]  

{187;}: I(10) : 

[14]  

{216;}: 

Z(50) : 

[14]  

{222;}: 

I(12) : \         

E8,V2 E8 E8 E8 E8,V3         

4017 10.7 28 

{264;10.5}: Psy: 

M(-1000) I(30) : 

[14]  

{269;10.5*}: 

[7]  &B  

{235;10.5*}: 

I(23) : [7]  

{228;}: 

I(29) : \           

-- -- -- V3,V4           

4003 10.9 21 

{270;10.5}: 

NurMNT: [14]  

&B;C  

{258;10.5*}: 

I(8) : [7]  &B  

{263;10.9}: 

Psy: M(700) 

I(8) : \             

E8,V2 E8 E9,V4             

Table 76: Summary of moves made by physicians when treating the patient in Case 2.  Rows contain information 
pertaining to a physician; each column to the right of the bold vertical line presents moves made on a given visit.  See above 
for key. 
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Phys 

ID 

Final 

A1c 

Tx 

Days Visit 1 Visit 2 Visit 3 Visit 4 Visit 5 Visit 6 

4013 11.6 95 {;10.5}: NurMNT: M(-

1000) G(3) : [30]  &B;C  

{269;}: MNT: G(3) I(20) : 

[30]  &B  

{247;10.5*}: G(5) : 

[7]  &B  

{244;}: G(10) : 

[14]  &B  

{229;}: I(20) : 

[14]  &B  

{212;}: I(10) :  

&B \ 

-- -- E13 E13 E13 E13 

4007 11.7 60 {265;10.5}: MNT: 

M(1000) : [30]  &B;C  

{237;}: M(-2000) I(10) : 

[30]  &B;C  {260;10.5*}: \       

E9 -- E13       

4012 12.3 187 
{265;10.5}: Nur: M(-

1000) : [7]  ;GY(3) : [30]  &B  

{254;}: MNT: GY(3) 

: [30]  {240;}: [30]  

{243;11.7}: 

GY(5) : [90]  

&B;C  

{240;12.3}: 

GY(10) :  

&B;C \ 

-- -- E13 E13 E13 E13 

4010 13.2 140 {261;10.5}: M(500) I(10) : 

[14]  &B;C  

{246;10.6}: NurMNT: 

M(-1500) R(4) : [42]  

{259;10.6*}: I(25) : 

[42]  &B  

{253;12.1}: R(-4) 

I(15) : [42]  

{247;12.1*}:  

I(-85) :  &B;C \   

E9 -- E13 E13 E13   

Table 77: Summary of moves made by physicians when treating the patient in Case 2.  Rows contain information 
pertaining to a physician; each column to the right of the bold vertical line presents moves made on a given visit.  See above 
for key. 
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Phys 

ID 

Final 

A1c 

Tx 

Days Visit 1 Visit 2 Visit 3 Visit 4 Visit 5 Visit 6 Visit 7 Visit 8 Visit 9 Visit 10 

4015 13.4 360 

{266;10.5}: 

M(1000) : 

[90]  &B;C  

{246;10.9}: 

I(5) : [90]  

&B;C  

{;11.7}: 

M(-2000) : 

[90]  &C  

{;13.4}: 

GY(5) : 

[90]  &B  

{;13.4}: 

R(4) : \           

E9 E8 E13 E13 E13,V1,V3           

4018 13.5 150 

{266;10.5}: 

Nur: M(-

1000) I(20) 

: [30]  &B  

{277;11.3}: 

I(10) : [60]  

&B  

{283;12.2}: 

Psy: Z(100) 

I(-100) : 

[60]  &C  

{314;13.5}: 

I(35) :  &C 

\             

-- -- -- V3             

4011 14.5 244 

{261;10.5}: 

NurMNT: 

M(-1000) 

I(40) : [7]  

&B;C  

{213;10.6}: 

I(10) : [14]  

{240;}: I(-

50) : [7]  

{284;}: 

I(10) : [7]  

{273;}: 

I(15) : [7]  

{274;}: 

[28]  

{274;10.6*}: 

P(30) : [56]  

&B;C  

{;10.6*}: 

[90]  

{263;14.2}: 

P(30) I(30) 

: [28]  

{229;14.2*}: 

I(20) : \ 

-- -- E13 E13 E13 E13 E13 E13 E13 E13 

Table 78: Summary of moves made by physicians when treating the patient in Case 2.  Rows contain information 
pertaining to a physician; each column to the right of the bold vertical line presents moves made on a given visit.  See above 
for key. 
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Phys 

ID 

Final 

A1c 

Tx 

Days Visit 1 Visit 2 Visit 3 Visit 4 Visit 5 Visit 6 Visit 7 Visit 8 Visit 9 Visit 10 Visit 11 Visit 12 

4011 7 
66

4 

{238;9.8}: 

Nur: I(15) : 

[56]  &C  

{;8.8}: 

MNT: 

[84]  

{177;8.8*

}: I(7) : 

[56]  

{168;}: 

I(8) : [14]  

{159;8.4}: 

I(5) : [56]  

{160;8.2}: 

I(5) : [56]  

{158; 

8.1}: 

I(10) : 

[90]  

{150;8.1*} 

: I(5) : [56]  

&B  

{145;7.7}: 

I(5) : [56]  

&B  

{138;7.5}: 

I(5) : [56]  

{133;7.5*}

: I(5) : [84]  

{131;7}

: I(10) : 

\ 

-- -- -- -- -- -- -- -- V5 V5 V5 V5 

4008 7.1 
12

0 

{;9.8}: 

NurPsyMN

T: M(850) 

: [60]  &C  

{;8.7}: 

Psy: 

M(1150

) : [60]  

&C  

{152;7.1}

: R(8) : \                   

E7 E9 

E8,E11, 

V5                   

4024 7.3 
15

4 

{242;9.8}: 

NurMNT: 

G(10) : 

[28]  &C  

{189;}: 

[42]  

{193;8.2}

: I(20) : 

[42]  &C  

{173;8.2*}

: I(9) : [42]  

{161;7.3}: 

I(9) : \               

E10 E4,E10 E10,V1 E10,V5 E10,V5               

4007 7.4 
27

0 

{;9.8}: 

MNT: 

M(1000) : 

[90]  &C  

{205;8.8

}: I(10) : 

[90]  &C  

{190;8.4}

: MNT: 

M(1000) 

I(5) : [30]  

{147;}: 

[60]  

{145;7.4}: 

I(5) :  &B 

\               

E7 E8 E9 E8,V5 E8,V5               

4017 7.6 72 

{237;9.8}: 

NurMNT: 

R(8) : [14]  

{226;}: 

I(20) : 

[14]  

{213;}: 

I(20) : 

[14]  

{207;}: 

I(20) : [30]  

{197;9.8*

}: I(13) : \               

E11 E11 E11 E11 E11               

Table 79: Summary of moves made by physicians when treating the patient in Case 3.  Rows contain information 
pertaining to a physician; each column to the right of the bold vertical line presents moves made on a given visit.  See above 
for key. 
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Phys 

ID 

Final 

A1c 

Tx 

Days Visit 1 Visit 2 Visit 3 Visit 4 Visit 5 Visit 6 Visit 7 Visit 8 Visit 9 

4019 7.7 247 

{236;9.8}: 

NurMNT: 

I(30) : [7]  

&C  {199;}: [30]  

{194;9.8*}: 

I(15) : [30]  

{184;8.1}: 

I(5) : [90]  

{172;8}: 

I(20) : [90]  

&C  

{157;7.7}: 

I(5) : \       

-- -- -- -- -- --       

4023 7.7 105 
{240;9.8}: [7]  

{241;}: Nur: 

I(10) : [14]  

&C  

{216;}: I(10) 

: [28]  

{203;}: MNT: 

I(21) : [14]  

{185;}: 

I(19) : [14]  

&C  

{164;}: 

I(16) : [28]  

{149;}: 

I(22) :  &C 

\     

E6 -- -- -- -- -- --     

4010 7.8 174 
{244;9.8}: 

Nur: [56]  

{225;9.3}: 

Nur: I(30) : 

[90]  &C  

{193;8}: 

I(20) : [28]  

&C  

{175;7.8}: 

I(15) : \           

E6 -- -- V3           

4006 7.9 128 

{232;9.8}: 

Nur: I(10) : 

[14]  &C  

{209;9.4}: 

I(10) : [14]  

{191;}: MNT: 

I(14) : [28]  

{191;9.4*}: 

MNT: I(4) : 

[14]  

{190;8.4}: 

I(7) : [14]  

{180;}: I(8) 

: [14]  

{176;8.2}: 

I(5) : [30]  

{169;8.2*}: 

I(10) : \   

-- -- -- -- -- -- -- --   

4013 7.9 194 

{236;9.8}: 

NurMNT: 

R(8) : [30]  

&C  

{222;}: 

NurMNT: 

I(10) : [30]  

{214;}: I(5) : 

[7]  &B  {202;}: [7]  

{204;}: Nur: 

I(15) : [30]  

{197;}: 

Nur: [30]  

{200;8.1}: 

I(5) : [30]  {197;}: [30]  

{202;8.1*}: 

I(9) :  &B \ 

E11 E11 E11 E11 E11 E1,E11 E11 E1,E11 E11 

4018 8.1 326 

{245;9.8}: 

Nur: I(10) : 

[28]  &C  

{238;9.4}: 

I(6) : [90]  

{235;}: I(24) 

: [90]  &C  

{221;8.7}: 

I(14) : [90]  

&C  

{206;8.5}: 

I(20) : [14]  

{190;}: 

I(16) : [14]  

{171;}: 

I(15) : \     

-- -- -- -- -- -- V3     

 

Table 80: Summary of moves made by physicians when treating the patient in Case 3.  Rows contain information 
pertaining to a physician; each column to the right of the bold vertical line presents moves made on a given visit.  See above 
for key. 
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Phys 

ID 

Final 

A1c 

Tx 

Days Visit 1 Visit 2 Visit 3 Visit 4 Visit 5 

Visit 

6 Visit 7 

4003 8.2 91 

{239;9.8}: NurMNT: 

M(500) : [14]  &C  

{237;9.8*}: M(500) 

R(8) : [14]  ;[21]  

{211;9.1}: M(1000) : 

[42]  &C  

{184;8.2}: I(4) : 

\     

E7 E9,E11 E8,E11 E9,E11 E8,E11     

4015 8.5 178 

{242;9.8}: Nur: I(12) : 

[14]  {226;}: I(20) : [14]  

{202;}: R(8) : 

[90]  

{200;8.6}: I(12) : 

[60]  &C  

{190;8.5}: I(4) : 

\     

-- -- E11 E11 E11,V3     

4016 8.6 95 {242;9.8}: Nur: [14]  &B  

{234;9.8*}: M(1000) : 

[21]  &C  

{204;}: R(8) : 

[30]  

{209;9}: M(700) : 

[30]  

{187;}: Nur: 

I(10) : \     

E6,V2 E7 E8,E11 E9,E11 E8,E11     

4021 8.6 264 

{;9.8}: NurMNT: M(1000) 

: [60]  &B  {;9.8*}: [60]  {;9.8*}: [60]  {;8.5}: [28]  ;[28]  ;[28]  

{;8.5*}: 

\ 

E7 E3,E8 E3,E8 E2,E8 E2,E8 E2,E8 E2,E8 

4022 8.9 44 

{;9.8}: Nur: R(8) : [7]  

{225;9.7}: Nur: I(12) : 

[7]  

{212;}: I(3) : 

[30]  {197;}: I(105) :  &C \       

E11 E11 E11 E11,V3       

4005 9.3 60 

{248;9.8}: NurMNT: [60]  

&C  

{230;9.8*}: I(24) :  &C 

\           

V2 --           

4012 skipped case 

4020 skipped case 

Table 81: Summary of moves made by physicians when treating the patient in Case 3.  Rows contain information 
pertaining to a physician; each column to the right of the bold vertical line presents moves made on a given visit.  See above 
for key. 
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Phys 

ID 

Final 

A1c 

Days 

Treated Visit 1 Visit 2 Visit 3 Visit 4 Visit 5 Visit 6 Visit 7 Visit 8 Visit 9 

Expert 7.1 91 

{;9.5}: M(500) 

: [7]  &B  

{216;}: 

M(500) : 

[7]  

{195;}: 

NurMNT: 

M(500) : 

[7]  &B;C  

{164;}: 

G(3) : 

[28]  

{156;7.

9}: 

M(500) 

: [28]  

&C  

{144;7.

3}: G(3) 

: [14]  

{;7.3*}: 

\     

FB 6.3 390 

{;9.5}: 

NurMNT: 

M(500) [60] 

&B, C 

{;8.7}: 

M(500): 

[60] & C 

{;8.3} 

M(500) 

[60] &C 

{;7.9}  

M(500) 

[60] &B 

{;7.1} 

G(5) 

[60] 

{;6.3} 

[90] @ 

{;6.3} 

@\     

FF 6.3 368 

{232;9.2} 

NurMNT: 

M(500) [7] 

&B, C 

{218;} 

M(500) [7] 

{196;} 

M(500) 

[28] &C 

{185;} 

M(500) 

[28] &C 

{155;} 

G(5) 

[28] 

{129; 

6.9} 

[90] @ 

{129: 

6.2} 

[90] @ 

{127; 

6.3} 

[90] 

@ 

{130;6.3} 

@\ 

Table 82: Summary of moves made by expert & models when treating the patient in Case 1.  Rows contain information 
pertaining to a physician; each column to the right of the bold vertical line presents moves made on a given visit.  See above 
for key.  Feedback model abbreviated FB, feedforward model abbreviated FF. 
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Phys ID 

Final 

A1c 

Days 

Treated Visit 1 Visit 2 Visit 3 Visit 4 Visit 5 Visit 6 Visit 7 Visit 8 Visit 9 Visit 10 

Visit 

11 

Visit 

12 

Expert 6.3 70 

{261;10.5}: Nur: 

M(-1000) P(15) 

I(15) : [3]  &C  ;PsyMNT: [7]  

{259;}: Z(50) 

I(25) : [3]  

{201;10.5*}

: [3]  

{194;}: 

I(15) : 

[3]  

{177;9.9

}: I(10) : 

[7]  

{151;}: 

Z(50) 

P(15) : 

[7]  &C  

{124;}: 

I(-10) : 

[2]  

{125;}: 

I(-15) : 

[7]  

{144;}: 

I(10) : 

[14]  

{127;9.

9*}: 

P(15) 

I(5) : 

[14]  

{101;6.

3}: I(-

30) : 

@\ 

FB 6.8 360 

{265;10.5}: 

NurPsyMNT:  M(-

1000) P(15) I(17) 

Z(50): [30] &B,C 

{260;9.1}: 

I(17) P(15) 

[30] &C 

{222;8}: I(17) 

P(45) [30] &C 

{185;6.9} 

[90] &C @ 

{180; 

6.7} 

[90] &C 

@ 

{182; 

6.7} [90] 

@ 

{181; 

6.8} 

[90] @\           

FF 6.6 382 

{265;10.5}: 

NurPsyMNT: M(-

1000) P(15) I(17) 

Z(50): [28] &B,C 

{260;} I(17) 

P(15) Z(50) 

[28] &C 

{222;} I(17) 

P(45) [28]  &C 

{185;} I(17) 

[28] &C@ 

{166; 

6.6} 

[90] 

&C@ 

{168; 

6.6} [90] 

@ 

{168; 

6.6} 

[90] @ 

{165; 

6.6} 

[90] @\         

Table 83: Summary of moves made by expert & models when treating the patient in Case 2.  Rows contain information 
pertaining to a physician; each column to the right of the bold vertical line presents moves made on a given visit.  See above 
for key.  Feedback model abbreviated FB, feedforward model abbreviated FF. 
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Phys 

ID 

Final 

A1c 

Days 

Treated Visit 1 Visit 2 Visit 3 Visit 4 Visit 5 Visit 6 Visit 7 Visit 8 Visit 9 

Visit 

10 

Visit 

11 

Visit 

12 

Expert 7.3 108 

{236;9.8}

: Nur: 

I(10) : [3]  

&C  

{202; 

9.8*}: 

MNT: 

I(10) : 

[7]  

{180;}: 

I(10) : 

[7]  

{168;}

: I(20) 

: [7]  

{153;}: 

I(10) : 

[7]  

{146;8.5

}: I(10) : 

[14]  &C  

{142;}: 

I(10) : 

[21]  

&B  ;[14]  

{128;7.

4}: I(5) 

: [14]  

{124;}

: I(5) : 

[14]  ;\   

FB 6.7 390 

{242;9.8}

: 

NurMNT: 

I(12) [30] 

&B, C 

{215;8.9

}: I(10) 

[30] 

{190; 

8.3}: 

I(10) 

[30] 

{179;

8} 

I(10) 

[30] 

{164; 

7.8}: 

I(10) 

[30] 

{145;7.5

}: I(12) 

[30] 

{137; 

7.2}: 

I(12) 

[30] 

{126; 

6.8}: 

[90] @ 

{129; 

6.9}: 

[90] @ 

{134; 

6.7}: 

[90] 

@\     

FF 6.8 375 

{242;9.8}

: 

NurMNT: 

I(12) [7] 

&B, C 

{218;}: 

I(10) 

[14] 

{191;}: 

I(10) 

[14] 

&C 

{180;}

: I(10) 

[7] 

{165;}: 

I(10) 

[14] 

{146;}: 

I(12) 

[14] 

{138;}: 

I(12) 

[7] 

{127;}: 

[28] 

{129: 

6.8}: 

[90] @ 

{134; 

6.7}: 

[90] 

@ 

{13

3;6.

8}: 

[90] 

@ 

{130; 

6.8}: 

[90] 

@\ 

Table 84: Summary of moves made by expert & model when treating the patient in Case 3.  Rows contain information 
pertaining to a physician; each column to the right of the bold vertical line presents moves made on a given visit.  See above 
for key.  Feedback model abbreviated FB, feedforward model abbreviated FF.  
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Appendix 2: Scoring of Physician Process Traces to 
Identify Decision Strategies 
 

This appendix presents an analysis of physician moves in order to identify those 
physicians who used a feedforward strategy when performing a given case.  Only 
physicians that met criteria for being scored as having used a feedforward strategy are 
analyzed; other physicians by default were scored as having used a feedback strategy.  
The scoring of the expert is presented separately at the end of this appendix.   Physicians 
who used a feedforward strategy on a given case are highlighted in bold print. 

Case 1 
 

Feedforward: Physician 4003 brought the patient to a final A1c of 8.2% in 42 
days over the course of 5 visits.  On visit 2 the physician checked the patient’s SMBG 
values and then increased the dose of metformin.  A prior move was made 7 days 
previous to the current visit this suggests that either the physician was: (1) making a 
move based on an ANT computation or (2) computing delayed effects determining that 
additional medications were required to reach goal.  This action suggests that the 
physician used a feedforward decision making strategy when performing case 1. 

Feedforward: Physician 4007 brought the patient to a final A1c of 8.7% in 30 
days over the course of 2 visits.  On visit 2 the physician checked the patient’s SMBG 
values and then increased the dose of metformin and started glipizide; the making of two 
moves suggests that an ANT was computed.  This action suggests that the physician used 
a feedforward decision making strategy when performing case 1. 

Feedforward: Physician 4013 brought the patient to a final A1c of 7.3% in 120 
days over the course of 8 visits.  On visit 3 the physician checked the patient’s SMBG 
values and then increased the dose of metformin.  A prior move was made 15 days 
previous to the current visit this suggests that either the physician was: (1) making a 
move based on an ANT computation or (2) computing delayed effects determining that 
additional medications were required to reach goal.  This action suggests that the 
physician used a feedforward decision making strategy when performing case 1. 

Feedforward: Physician 4016 brought the patient to a final A1c of 8.1% in 56 
days over the course of 4 visits.  On visit 2 the physician checked the patient’s SMBG 
values and then increased the dose of metformin.  A prior move was made 14 days 
previous to the current visit this suggests that either the physician was: (1) making a 
move based on an ANT computation or (2) computing delayed effects determining that 
additional medications were required to reach goal.  This action suggests that the 
physician used a feedforward decision making strategy when performing case 1. 
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Feedforward: Physician 4017 brought the patient to a final A1c of 7.8% in 56 
days over the course of 4 visits.  On visit 2 the physician checked the patient’s SMBG 
values and then increased the dose of metformin.  A prior move was made 21 days 
previous to the current visit this suggests that either the physician was: (1) making a 
move based on an ANT computation or (2) computing delayed effects determining that 
additional medications were required to reach goal.  This action suggests that the 
physician used a feedforward decision making strategy when performing case 1. 

Feedforward: Physician 4019 brought the patient to a final A1c of 8% in 125 
days over the course of 5 visits.  On visits 2 and 3 the physician checked the patient’s 
SMBG values and then increased the dose of metformin.  The prior move for visits 2 and 
3 were made 7 and 14 days, respectively, prior to the given visit, this suggests that either 
the physician was: (1) making a move based on an ANT computation or (2) computing 
delayed effects determining that additional medications were required to reach goal.  
These actions suggest that the physician used a feedforward decision making strategy 
when performing case 1. 

Feedforward: Physician 4022 brought the patient to a final A1c of 8% in 88 days 
over the course of 3 visits.  On visit 2 the physician checked the patient’s A1c value and 
then increased the dose of metformin.  A prior move was made 28 days previous to the 
current visit this suggests that either the physician was: (1) making a move based on an 
ANT computation or (2) computing delayed effects determining that additional 
medications were required to reach goal.  This action suggests that the physician used a 
feedforward decision making strategy when performing case 1. 

Feedforward: Physician 4023 brought the patient to a final A1c of 7.0% in 91 
days over the course of 8 visits.  On visit 2 the physician increased the dose of metformin 
without checking the patient’s blood glucose information; this suggests that an amount 
needed to treat (ANT) was computed.  On visit 3 the physician checked SMBG values 
and then made a move, because the last move was made 7 days prior to the current visit 
this suggests that either the physician was: (1) making a move based on an ANT 
computation or (2) computing delayed effects determining that additional medications 
were required to reach goal.  These actions suggest that the physician used a feedforward 
decision making strategy when performing case 1. 

Physicians 4005, 4006, 4008, 4010, 4011, 4015, 4018, 4020, 4021, and 4024 did not 
present any evidence suggesting the use of a feedforward strategy when performing the 
case. 

Case 2 
 

Feedforward: Physician 4023 brought the patient to a final A1c of 7.2% in 154 
days over the course of 8 visits.  On visits 5 the physician checked the patient’s SMBG 
values and then increased the dose of pioglitazone.  A prior move was made 14 days 
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previous to the current visit this suggests that either the physician was: (1) making a 
move based on an ANT computation or (2) computing delayed effects determining that 
additional medications were required to reach goal.  This action suggests that the 
physician used a feedforward decision making strategy when performing case 2. 

Feedforward: Physician 4022 brought the patient to a final A1c of 8.9% in 37 
days over the course of 3 visits.  On visit 3 the physician checked the patient’s SMBG 
values and then increased the dose of insulin.  A prior move was made 7 days previous to 
the current visit this suggests that the physician was computing delayed effects 
determining that additional medications were required to reach goal.  This action suggests 
that the physician used a feedforward decision making strategy when performing case 2. 

Feedforward: Physician 4017 brought the patient to a final A1c of 10.7% in 28 
days over the course of 4 visits.  On visit 4 the physician checked the patient’s SMBG 
values and then increased the dose of insulin.  A prior move was made 7 days previous to 
the current visit this suggests that the physician was computing delayed effects 
determining that additional medications were required to reach goal.  This action suggests 
that the physician used a feedforward decision making strategy when performing case 2. 

Feedforward: Physician 4003 brought the patient to a final A1c of 10.9% in 21 
days over the course of 3 visits.  On visit 3 the physician checked the patient’s SMBG 
values and then increased the dose of insulin.  A prior move was made 7 days previous to 
the current visit this suggests that the physician was computing delayed effects 
determining that additional medications were required to reach goal.  This action suggests 
that the physician used a feedforward decision making strategy when performing case 2. 

Feedforward: Physician 4013 brought the patient to a final A1c of 11.6% in 95 
days over the course of 6 visits.  On visit 4 the physician checked the patient’s SMBG 
values and then increased the dose of glipizide.  A prior move was made 7 days previous 
to the current visit this suggests that either the physician was: (1) making a move based 
on an ANT computation or (2) computing delayed effects determining that additional 
medications were required to reach goal.  This action suggests that the physician used a 
feedforward decision making strategy when performing case 2. 

Feedforward: Physician 4011 brought the patient to a final A1c of 14.5% in 244 
days over the course of 10 visits.  On visits 2 and 5 the physician checked the patient’s 
SMBG values and then increased the dose of insulin.  On each visit a prior move was 
made 7 days previous to the current visit this suggests that the physician was computing 
delayed effects determining that additional medications were required to reach goal.  This 
action suggests that the physician used a feedforward decision making strategy when 
performing case 2. 

Physicians 4005, 4006, 4007, 4008, 4010, 4012, 4015, 4016, 4018, 4019, 4020, 4021, 
and 4024 did not present any evidence suggesting the use of a feedforward strategy when 
performing the case. 
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Case 3 
 

Feedforward: Physician 4007 brought the patient to a final A1c of 8.2% in 91 
days over the course of 5 visits.  On visit 2 the physician checked the patient’s SMBG 
values and then increased the dose of metformin and rosiglitazone; the making of two 
moves suggests that an ANT was computed.  This action suggests that the physician used 
a feedforward decision making strategy when performing case 3. 

Feedforward: Physician 4016 brought the patient to a final A1c of 8.6% in 95 
days over the course of 5 visits.  On visit 3 the physician checked the patient’s SMBG 
values and then increased the dose of rosiglitazone.  A prior (oral) move was made 21 
days previous to the current visit this suggests that either the physician was: (1) making a 
move based on an ANT computation or (2) computing delayed effects determining that 
additional medications were required to reach goal.  This action suggests that the 
physician used a feedforward decision making strategy when performing case 3. 

Feedforward: Physician 4022 brought the patient to a final A1c of 8.9% in 44 
days over the course of 4 visits.  On visits 2 and 3 the physician checked the patient’s 
SMBG values and then increased the dose of insulin.  On each visit a prior move was 
made 7 days previous to the current visit this suggests that the physician was computing 
delayed effects determining that additional medications were required to reach goal.  This 
action suggests that the physician used a feedforward decision making strategy when 
performing case 3. 

Physicians 4005, 4006, 4007, 4008, 4010, 4011, 4013, 4015, 4017, 4018, 4019, 4021, 
4023, and 4024 did not present any evidence suggesting the use of a feedforward strategy 
when performing the case. 

Expert 
 

Case 1 – Feedforward: A final A1c of 7.1% was achieved in 91 days over the 
course of 7 visits.  On visits 2 and 3 the physician checked SMBG values and then 
increased the dose of metformin, 7 days had passed between visits.  This action suggests 
that the expert had either computed an ANT or was adding delayed effects to determine 
that additional medication moves needed to be made. 

Case 2 – Feedforward: A final A1c of 6.3% was achieved in 70 days over the 
course of 12 visits.  On visits 4, 5, 6, and 10 the expert checked SMBG values and then 
increased the dose of insulin. On all of the identified visits 7 or fewer days had passed 
since the prior move.  This action suggests that the expert was adding delayed effects to 
determine that additional medication moves needed to be made. 
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Case 3 – Feedforward: A final A1c of 7.3% was achieved in 108 days over the 
course of 11 visits.  On visits 2 through 5 the expert checked SMBG values and then 
increased the dose of insulin. On all of the identified visits 7 or fewer days had passed 
since the prior move.  This action suggests that the expert was adding delayed effects to 
determine that additional medication moves needed to be made. 
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Appendix 3: Modeling Set 
 
This appendix presents the results of modeling physicians in the modeling set listed in the 
table below.  The expert was modeled on all cases. 
 

 Case 1 Case 2 Case 3 

Feedback    

Best 4010 (8.1: none) 4020 (8.5: V3) 4011 (7.0: V5) 

Worst 4015 (7.8: E1,E5,V3) 4019 (9.2:E3,E8,V1,V2) 4007 (7.4: E7,E8,E9,V5) 

Random 4024 (7.5: E12) 4008 (5.5:E8,E9) 4008 (7.1:E7,E8,E9,E11,V5) 

Feedforward    

Best 4017 (7.8: none) 4023 (7.2:V3,V5) 4022 (8.9: E11,V3) 

Worst 4019 (8.0: E5,V1,V3) 4003 (10.9:E8,E9,V2,V4) 4016 (8.6:E6,E7,E8,E9,E11,V2,V3) 

Random 4023 (7.0: E5,V3) * * 

Table 85: The modeling set of physicians selected for each case.  Physicians were 
selected based on the errors committed and final A1c achieved.  An asterisk (*) 
indicates physicians were not drawn at random for feedforward modeling on cases 2 
and 3 because of the small pool of physicians (4 for case 2 and 3 for case 3). 

Physicians and models within the modeling set were evaluated for a goodness-of-fit by 
comparing errors, final A1c values, and final doses of prescribed blood glucose 
medications. 
 
Errors committed by the model were evaluated by comparing whether errors occurred in 
the same half of total visits scheduled as when the physician committed the error.  If there 
were an odd number of visits the middle visit was grouped with the first half of total 
visits.  For example, if a physician committed error E1 on visits 1 and 2 out of a total of 6 
visits and the model of the physician committed error on visits 2 and 3 then both 
physician and model would have been scored as committing an E1 error in the first half 
of the visits used to treat the patient.   
 
Scheduling and information seeking behavior were not scored for errors nor do have they 
have bugs associated with them. In cases where a physician and model scheduled visits 
with the patient differently the simulation was repeated controlling for scheduling and 
information seeking.  These “controlled for” simulations were run to test whether 
mismatches in A1c, errors, and medications were due to differences in the scheduling of 
visits and information seeking, or if differences could be attributed to modeled treatment 
behavior.  The “controlled for” simulations are labeled Model* . 
 

Moves (medication, information seeking, and scheduling) and errors were examined 
on a visit by visit basis.  In the modeling set bugs were developed as sources of errors.  
Models of individual physicians were run with perturbations introduced in competence 
model processes as hypothesized for generating errors a physician committed.  The 
modeling process was used to determine the form (for example, threshold values) that 
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perturbations needed to take in order to generate errors observed in a physician’s process 
trace. 
 

Results of the modeling runs are summarized in graphs showing A1c as a function of 
time.  Solid icons indicate visits where blood glucose medication moves were made; 
hollow icons indicate visits where no blood glucose medication move was made.   
 

Process traces are summarized in a format referred to as a decision graph.  Decision 
graphs are tabular summaries where rows show patient states and moves made by the 
models and physicians, columns report values as of a given visit.   

Decision graphs are composed of four sections: lab and referral orders, med orders, 
patient state, and scheduling.  The presence of a lab or referral order is denoted as ‘X’ 
and absence of a lab order is denoted as ‘--‘.   Lab orders show information seeking 
moves that were made for a visit.  Orders for A1c, lipid, and creatinine values simulate 
laboratory tests where results were available on the next visit.  Orders for systolic blood 
pressure (abbreviated SBP, measured in the office at the start of every visit) and SMBG 
values (patient self-reported blood glucose measures) simulated information available on 
a current visit.  Referrals were orders made to send the patient to a healthcare 
professional.  The physician and model could only have access to patient state 
information for computing moves by making necessary information seeking moves.  Med 
orders show medication prescriptions as of the conclusion of the displayed visit.  
Medication orders were prescribed for patients to take on a daily basis. The scheduling 
section shows the scheduling move made on a current visit for days until the next visit; 
also elapsed days in treatment are shown. 

The manner in which physicians titrated oral blood glucose medications is specified 
at the end of each physician’s model presentation.  The frequency of medication doses 
refers to the number of times per day a tablet of medication is taken by a patient.  Doses 
shown in decision graph represent the total daily dose the patient took.  The frequency 
abbreviations are q.d. (once per day), b.i.d. (twice per day), t.i.d. (thrice per day), and 
q.i.d. (four times per day).  The way in which physicians increment doses is given 
because it significantly affects the trajectory of blood glucose traces.  
 

Decision strategies that physicians have been identified as using on a case are 
represented by the two letter designators of FB (feedback) and FF (feedforward).  The 
feedback competence model was used to create physicians models for those physicians 
identified as using a feedback strategy, similarly the feedforward competence model was 
used to create models of physicians identified as using a feedforward strategy. 

 
Table 86 below provides a summary of final medication doses prescribed by 

physicians and corresponding physician models.  The formulary of medications 
prescribed includes: metformin, M( ); glipizide, G( ); glyburide, GY( ); rosiglitazone,    
R( ); pioglitazone, P( ); and insulin, I( ).  Doses of medication given appear within the 
parentheses, all doses are in milligrams except for insulin which is given in units. 
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Modeling Set   Prescribed Blood Glucose Medications 

Case Phys. ID Strategy Physician Model Model * 

1 

4024 FB M(2000) M(2000) M(2000) 

4015 FB M(2000),GY(5) M(2000),GY(5) M(2000),GY(5) 

4010 FB M(2000) M(2000) M(2000) 

4023 FF M(2000),GY(5) M(2000),GY(5) M(2000),GY(5) 

Expert FF M(2000),G(5) M(2000),G(5) M(2000),G(5) 

4017 FF M(2550) M(2000) M(2550) 

4019 FF M(1500),GY(1.25) M(1500),GY(1.88) M(1500),GY(1.25) 

2 

4008 FB M(2000),I(135) M(2000),I(169) M(2000),I(169) 

4020 FB R(8),I(139) R(8),I(186) R(8),I(169) 

4019 FB M(1000),R(4),I(120) M(1000),R(4),I(237) M(1000),R(4),I(220) 

Expert FF P(45),I(160) R(8),I(203) P(30),I(271) 

4023 FF P(45),I(140) P(45),I(259) P(45),I(237) 

4003 FF M(1700),I(151) M(1700),I(169) M(1700),I(169) 

3 

4011 FB R(8),I(80) R(8),I(76) R(8),I(88) 

4008 FB M(2000),R(16) M(2000),R(16) M(2000),R(16) 

4007 FB M(2000),R(8),I(20) M(2000),R(8),I(27) M(2000),R(8),I(22) 

Expert FF R(8),I(90) R(8),I(76) R(8),I(100) 

4016 FF M(1700),R(16),I(10) M(1700),R(16),I(12) M(1700),R(16),I(12) 

4022 FF R(16),I(120) R(16),I(32) R(16),I(32) 

Table 86: Summary of final medications prescribed by physicians and physician 
models.  

 
The metric used to assess the correspondence between errors committed by a 

physician and a model is the minimum string distance (MSD) accuracy rate.  The MSD is 
a measure of differences between errors committed by the physician and the model.  
Errors on each visit are concatenated together to form an error string.  Visits where no 
errors were committed had a code entered to identify an error-free visit.  An MSD error 
rate was computed as: 

MSD Error Rate  = 234 �5,7�
89:�|5|,|7|� < =>>%     

where P and T are the physician generated error string and the model generated error 
string, |·| represents the length of the string.  MSD error rate ranges from 0 to 100%.  The 
MSD Accuracy Rate is defined as: 

MSD Accuracy Rate = 100% – MSD Error Rate    
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Table 87 below shows errors committed by physicians and models along with MSD 
accuracy rates.  Additionally, percent differences between physician and model final A1c 
values are given as (|physician final A1c – model final A1c|) / (physician final A1c). 
Results of modeling each physician in the modeling set follow Table 87. 
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Modeling Set   % Difference in A1c Errors Committed During 1st & 2nd Halves of Treatment 
MSD Accuracy 

Rate 

Case Phys. ID Strategy Model Model* Physician Model Model* Model Model* 

1 

4024 FB 0.01 0.01 E12/ E12/ E12/ 100 100 

4015 FB 0.13 0.01 E1/E5 E5/ E1/E5 60 100 

4010 FB 0.01 0.01 / / / -- -- 

4023 FF 0.04 0.01 /E5 / /E5 87 100 

Expert FF 0.12 0.02 / / / -- -- 

4017 FF 0.03 0.01 / / / -- -- 

4019 FF 0.01 0 /E5 /E5 /E5 100 100 

2 

4008 FB 0.16 0.16 E8,E9/ E8 E8,E9/E8 E8,E9/E8 100 100 

4020 FB 0 0.04 / / / -- -- 

4019 FB 0.03 0.04 E3,E8/E8 E3,E8/E8 E3,E8/E8 100 100 

Expert FF 0.1 0.11 / / / -- -- 

4023 FF 0.02 0.06 / / / -- -- 

4003 FF 0.01 0.01 E8,E9/ E8,E9/ E8,E9/ 33 33 

3 

4011 FB 0.03 0.02 / / / -- -- 

4008 FB 0.1 0.1 E7,E8,E9,E11/ E7,E8,E9,E11/ E7,E8,E9,E11/ 100 100 

4007 FB 0.05 0.06 E7,E8,E9/E8 E7,E8,E9/E8 E7,E8,E9/E8 60 60 

Expert FF 0.07 0.09 / / / -- -- 

4016 FF 0.03 0.01 
E6,E7,E8,E9,E11/ 
E8,E11 E6,E7,E8,E9,E11/E8,E11 

E6,E7,E8,E9,E11/E8, 
E11 62 62 

4022 FF 0.04 0.01 E11/E11 E11/E11 E11/E11 100 100 

Table 87: Summary of modeling outcomes using percent difference in final A1c values obtained by the physician and the 
model, scoring of errors for the first and second halves of the visits with the patient (when there were an odd number of 
visits the middle visit was included in the first half), and minimum string distance accuracy rate.  Percent difference in A1c 
is computed as the difference (absolute value) in final a1c values obtained by the physician and the specified model divided 
by the final A1c obtained by the physician.  
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Case 1 
 
Feedback 
 
4010 – Best 
 

 

Figure 17: A1c versus days in treatment graph for the feedback competence model, 
physician 4010, and model of physician 4010 performing Case 1. 

 
Comparison of Outcomes 
 

 Physician Model 
Final A1c 8.1 8.0 
Final Meds Prescribed M(2000) M(2000) 
Errors   
 Visits 1-2 none none 
 Visits 3-4 none none 

Table 88: Case 1 – Comparison of final A1c, doses of prescribed medications, and 
errors committed in the first and second halves of scheduled visits. 

MSD Accuracy Rate: 100% - no errors were committed. 
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Case 1 Visit Number 1 2 3 4 
Lab Orders         
  MNT X -- -- -- 
  Nurse Educator X -- -- -- 
  A1c order X X -- X 
  SMBG order X X X X 
  Creat Order X X -- X 
  Lipid Order X X -- X 
Med Orders         
  Glyburide 2.5 0  0  0  
  Metformin 0  1000 1500 2000 
  Simvastatin   10 10 10 
  Lisinopril   5 10 20 
Patient State         
  A1c 9.5 8.2 8.3 8.1 
  Avg SMBG 235 189 197 192 
  Creatinine 0.8 0.8 1.1 1.1 
  LDL 141 143 109 111 
  HDL 33 33 39 38 
  Triglyceride 187 190 175 174 
  Systolic BP 154 153 147 141 
  Weight 189 185 186 188 
  Depression 10 10 10 10 
  Adherence 0.9 1 0.9 0.9 
  Days to Next Visit 60 56 56   
  Day in Treatment 0 60 116 172 
Errors     --   --  -- -- 

Table 89: Decision graph for physician 4010 performing Case 1. 
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Case 1 Visit Number 1 2 3 4 
Lab Orders         
  MNT X -- -- -- 
  Nurse Educator X -- -- -- 
  A1c order X X X X 
  SMBG order X X X X 
  Creat Order X X X X 
  Lipid Order X X X X 
Med Orders         
  Glyburide 0 0 0 0 
  Metformin 500 1000 1500 2000 
  Simvastatin 5 10 20 40 
  Lisinopril 20 20 40 40 
Patient State         
  A1c 9.5 8.7 8.4 8 
  Avg SMBG 232 215 194 182 
  Creatinine 0.8 1.2 1.2 1.3 
  LDL 142 116 112 104 
  HDL 30 31 32 37 
  Triglyceride 189 186 180 164 
  Systolic BP 152 128 130 127 
  Weight 191 185 187 187 
  Depression 10 10 10 10 
  Adherence 0.9 1 0.9 0.9 
  Days to Next Visit 60 60 60 60 
  Day in Treatment 0 60 120 180 
Errors     --   --  -- -- 

Table 90: Decision graph for model 4010 performing Case 1. 

 
Physician 4010 and Model 4010 scheduled visits on approximately the same days in 

treatment, therefore an additional model run was not performed to control for the 
physician’s scheduling and information seeking.  
 

No errors were committed by this physician; however the physician’s A1c trace did 
not match the trace generated by the feedback competence model.  The difference 
between traces is due to the physician treating blood glucose with glyburide (2.5mg) on 
visit 1 and then switching to metformin (1000mg) on visit 2 and halting the use of 
glyburide.  It appears that glyburide was started until results from a creatinine test were 
obtained, when the results were a creatinine value below 1.5mg/dL then metformin was 
started.   
 
Oral Titration for Blood Glucose Medications: Physician 4010 on case 1 titrated oral 
medications by fixing the tablet size and then increasing the frequency of daily doses 
(q.d., b.i.d., t.i.d., q.i.d.) on visits when moves were made. 
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4015 – Worst 
 

 
 

Figure 18: A1c versus days in treatment graph for the feedback competence model, 
physician 4015, model of physician 4015, model of physician 4015 with the 
physician’s scheduling and glucose information seeking moves performing Case 1. 

 
 
Comparison of Outcomes 
 

 Physician Model Model - Controlled 
Final A1c 7.8 6.8 7.9 
Final Meds Prescribed M(2000), GY(5) M(2000), GY(5) M(2000), GY(5) 
Errors    
 Visits 1-3 E1 E5 E1 
 Visits 4-5 E5 -- E5 

Table 91: Case 1 – Comparison of final A1c, doses of prescribed medications, and 
errors committed in the first and second halves of scheduled visits. 

MSD Accuracy Rate: 60%; 100% (controlling for scheduling & information seeking) 
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Case 1 Visit Number 1 2 3 4 5 
Lab Orders             
  MNT -- -- -- -- -- 
  Nurse Educator X -- -- -- -- 
  A1c order -- X X X X 
  SMBG order -- X X -- X 
  Creat Order -- X X -- X 
  Lipid Order -- -- -- X -- 
Med Orders             
  Glyburide         5 
  Metformin 1000 1000 2000 2000 2000 
  Lisinopril     10 20 20 
Patient State             
  A1c 9.5 8.9 8.8 7.8 7.8 
  Avg SMBG 235 201 201 166 165 
  Creatinine 0.8 0.8 0.8 1.1 1.2 
  LDL 141 141 143 143 144 
  HDL 33 32 34 37 39 
  Triglyceride 187 189 191 194 199 
  Systolic BP 154 157 158 151 147 
  Weight 189 189 189 190 191 
  Depression 10 10 10 10 10 
  Adherence 0.9 1 0.9 0.9 0.9 
  Days to Next Visit 30 90 90 90   
  Day in Treatment 0 30 120 210 300 
Errors    -- E1  -- E5  -- 

Table 92: Decision graph for physician 4015 performing Case 1. 
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Case 1 Visit Number 1 2 3 4 5 
Lab Orders             
  MNT -- -- -- -- -- 
  Nurse Educator X -- -- -- -- 
  A1c order X X X X X 
  SMBG order X X X X X 
  Creat Order X X X X X 
  Lipid Order X X X X X 
Med Orders Med Orders           
  Glyburide 0 0 0 5 5 
  Metformin 1000 2000 2000 2000 2000 
  Lisinopril 10 20 40 60 60 
Patient State Patient State           
  A1c 9.5 8.8 7.9 7.9 6.8 
  Avg SMBG 232 202 158 160 107 
  Creatinine 0.8 1.1 1.1 1.2 1.2 
  LDL 142 144 145 147 146 
  HDL 29 27 26 27 27 
  Triglyceride 189 192 190 184 186 
  Systolic BP 151 141 136 132 125 
  Weight 191 189 190 191 192 
  Depression 10 10 10 10 10 
  Adherence 0.9 1 0.9 0.9 0.9 
  Days to Next Visit 60 60 60 60 90 
  Day in Treatment 0 60 120 180 240 
Errors    --  -- E5  --  -- 

Table 93: Decision graph for model 4015 performing Case 1. 
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Case 1 Visit Number 1 2 3 4 5 
Lab Orders           
  MNT -- -- -- -- -- 
  Nurse Educator X -- -- -- -- 
  A1c order -- X X X X 
  SMBG order -- X X -- X 
  Creat Order X X X X -- 
  Lipid Order X X X X -- 
Med Orders           
  Glyburide 0 0 0 0 5 
  Metformin 1000 1000 2000 2000 2000 
  Lisinopril 10 20 40 60 60 
Patient State           
  A1c 9.5 8.9 8.8 7.9 7.9 
  Avg SMBG 232 202 201 160 158 
  Creatinine 0.8 1.1 1.1 1.2 1.2 
  LDL 142 144 145 147 146 
  HDL 29 27 26 27 27 
  Triglyceride 189 192 190 184 186 
  Systolic BP 151 141 136 132 125 
  Weight 191 190 191 192 192 
  Depression 10 10 10 10 10 
  Adherence 0.9 1 0.9 0.9 0.9 
  Days to Next Visit 30 90 90 90   
  Day in Treatment 0 30 120 210 300 
Errors    -- E1  -- E5  -- 

Table 94: Decision graph for model 4015 performing Case 1 controlling for 
physician 4015’s scheduling and information seeking moves. 

Physician 4015 committed E1 (no glucose moves & average SMBG between 184 and 
207 mg/dL) and E5 (no glucose move & A1c between 7.5 and 8%) errors on visits 2 and 
4 respectively.  Bugs B1 and B5 were activated within the model.  Bug B1 increased the 
minimum time between moves from 60 days to 120 days.  Bug B5 increased the 
minimum time between moves from 60 days to 90 days.  The increased times between 
moves represent an increase in dose response times for oral medications.  This physician 
did not prescribe medical nutrition therapy (V3), therefore MNT was deactivated within 
the model.  When information seeking and scheduling were not controlled the model did 
not encounter the conditions (the model checked A1c & SMBG values, but used A1c 
values for computing moves; as a result the patient never satisfied the blood glucose 
conditions for causing the bug to generate the error) on visit 2 for generating an E1 error 
 
Oral Titration for Blood Glucose Medications: Physician 4015 on case 1 titrated oral 
medications by fixing the frequency of daily doses and then increasing tablet size (q.d., 
b.i.d.) on visits when moves were made. 
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4024 – Random 
 

 
 

Figure 19: A1c versus days in treatment graph for the feedback competence model, 
physician 4024, model of 4024, and model of 4024 where scheduling and glucose 
information seeking moves match those of physician 4024 when performing Case 1. 

 
Comparison of Outcomes 
 

 Physician Model Model - Controlled 
Final A1c 7.5 7.4 7.4 
Final Meds Prescribed M(2000) M(2000) M(2000) 
Errors    
 Visits 1-2 E12 E5, E12 E12 
 Visits 3-4 none none none 

Table 95: Case 1 – Comparison of final A1c, doses of prescribed medications, and 
errors committed in the first and second halves of scheduled visits. 

MSD Accuracy Rate: 100% 
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Case 1 Visit Number 1 2 3 4 
Lab Orders         
  MNT X X -- -- 
  Nurse Educator X -- -- -- 
  A1c order X -- -- X 
  SMBG order X X X X 
  Creat Order X X X X 
  Lipid Order X X X X 
Med Orders         
  Metformin 2000 2000 2000 2000 
  Atorvastatin     10 20 
  Lisinopril 5 10 10 10 
Patient State         
  A1c 9.5 7.4 7.2 7.5 
  Avg SMBG 235 158 161 170 
  Creatinine 0.8 1.1 1.2 1.1 
  LDL 141 142 143 105 
  HDL 33 35 35 42 
  Triglyceride 187 193 193 177 
  Systolic BP 154 149 134 134 
  Weight 189 186 186 187 
  Depression 10 10 10 10 
  Adherence 0.9 1 0.9 0.9 
  Days to Next Visit 42 42 42   
  Day in Treatment 0 42 84 126 
Errors   E12  --  --  -- 

Table 96: Decision graph for physician 4024 performing Case 1. 
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Case 1 Visit Number 1 2 3 4 
Lab Orders         
  MNT X -- -- -- 
  Nurse Educator X -- -- -- 
  A1c order X X X X 
  SMBG order X X X X 
  Creat Order X X X X 
  Lipid Order X X X X 
Med Orders         
  Metformin 2000 2000 2000 2000 
  Atorvastatin 5 10 20 20 
  Lisinopril 5 10 20 40 
Patient State         
  A1c 9.5 7.6 7.4 7.4 
  Avg SMBG 232 147 157 159 
  Creatinine 0.8 1.1 1.1 1.2 
  LDL 142 112 106 98 
  HDL 30 32 33 38 
  Triglyceride 189 185 177 159 
  Systolic BP 152 138 135 132 
  Weight 191 186 187 188 
  Depression 10 10 10 10 
  Adherence 0.9 1 0.9 0.9 
  Days to Next Visit 30 30 90 90 
  Day in Treatment 0 30 60 150 
Errors   E12 --  --  -- 

Table 97: Decision graph for model 4024 performing Case 1. 
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Case 1 Visit Number 1 2 3 4 
Lab Orders         
  MNT X -- -- -- 
  Nurse Educator X -- -- -- 
  A1c order X -- -- X 
  SMBG order X X X X 
  Creat Order X X X -- 
  Lipid Order X X X -- 
Med Orders         
  Metformin 2000 2000 2000 2000 
  Atorvastatin 5 10 20 20 
  Lisinopril 5 10 20 40 
Patient State         
  A1c 9.5 7.3 7.4 7.4 
  Avg SMBG 232 147 157 159 
  Creatinine 0.8 1.1 1.1 1.2 
  LDL 142 109 106 98 
  HDL 30 32 33 38 
  Triglyceride 189 184 177 160 
  Systolic BP 152 138 135 132 
  Weight 191 186 187 188 
  Depression 10 10 10 10 
  Adherence 0.9 1 0.9 0.9 
  Days to Next Visit 42 42 42   
  Day in Treatment 0 42 84 126 
Errors   E12  --  --  -- 

Table 98: Decision graph for model 4024 performing Case 1 controlling for 
physician 4024’s scheduling and information seeking moves. 

 
Physician 4024 committed an E12 (starting an oral medication at the maximum dose) 
error on visit 1.  Bug B12 was activated within the model setting the initial dose amount 
equal to the maximum dose.  
 
Oral Titration for Blood Glucose Medications: Physician 4024 on case 1 titrated the oral 
medication by fixing the tablet size and the frequency of the daily dose (b.i.d.), the 
maximum dose was given on the first move. 
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Feedforward 
 
Best – 4017 
 

 
 

Figure 20: A1c versus days in treatment graph for the feedforward competence 
model, physician 4017, model of 4017, and model of 4017 where scheduling and 
glucose information seeking moves match those of physician 4017 when performing 
Case 1. 

 
Comparison of Outcomes 
 

 Physician Model Model - Controlled 
Final A1c 7.8 8.1 7.8 
Final Meds Prescribed M(2550) M(2000) M(2000) 
Errors    
 Visits 1-2 none none none 
 Visits 3-4 none none none 

Table 99: Case 1 – Comparison of final A1c, doses of prescribed medications, and 
errors committed in the first and second halves of scheduled visits. 

MSD Accuracy Rate: 100% - no errors were committed. 
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Case 1 Visit Number 1 2 3 4 
Lab Orders         
  MNT -- -- X -- 
  Nurse Educator -- X -- -- 
  A1c order -- -- -- X 
  SMBG order X X X X 
  Creat Order -- -- X -- 
  Lipid Order -- -- -- -- 
Med Orders         
  Metformin 1000 2000 2000 2550 
  Lisinopril 5 10 20 20 
Patient State         
  A1c 9.5 9.1 8.2 7.8 
  Avg SMBG 235 201 151 152 
  Creatinine 0.8 1.1 1.1 1.2 
  LDL 141 143 143 143 
  HDL 33 32 33 34 
  Triglyceride 187 185 189 183 
  Systolic BP 154 151 146 140 
  Adherence 0.9 0.9 1 0.9 
  Days to Next Visit 21 21 14   
  Day in Treatment 0 21 42 56 
Errors    --  --  --  -- 

Table 100: Decision graph for physician 4017 performing Case 1. 

Case 1 Visit Number 1 2 3 4 
Lab Orders         
  MNT X -- -- -- 
  Nurse Educator X -- -- -- 
  A1c order -- -- -- -- 
  SMBG order X X X X 
  Creat Order X X X X 
  Lipid Order -- -- -- -- 
Med Orders         
  Metformin 500 1000 1500 2000 
  Lisinopril 20 20 20 40 
Patient State         
  A1c 9.5 9.2 8.9 8.1 
  Avg SMBG 232 218 196 185 
  Creatinine 0.8 1.2 1.2 1.2 
  LDL 141 142 142 143 
  HDL 30 29 30 35 
  Triglyceride 189 190 186 174 
  Systolic BP 152 129 128 130 
  Adherence 0.9 1 1 1 
  Days to Next Visit 7 7 28 28 
  Day in Treatment 0 7 14 42 
Errors    --  --  --  -- 

Table 101: Decision graph for model 4017 performing Case 1. 
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Case 1 Visit Number 1 2 3 4 
Lab Orders         
  MNT X -- -- -- 
  Nurse Educator X -- -- -- 
  A1c order -- -- -- X 
  SMBG order X X X X 
  Creat Order X X X X 
  Lipid Order -- -- -- -- 
Med Orders         
  Metformin 500 1000 1500 2000 
  Lisinopril 20 20 40 40 
Patient State         
  A1c 9.5 8.6 8.1 7.8 
  Avg SMBG 232 195 173 158 
  Creatinine 0.8 1.1 1.1 1.2 
  LDL 142 144 145 147 
  HDL 30 29 29 31 
  Triglyceride 189 192 190 184 
  Systolic BP 152 133 130 127 
  Adherence 0.9 1 0.9 0.9 
  Days to Next Visit 21 21 14   
  Day in Treatment 0 21 42 56 
Errors    --  --  --  -- 

Table 102: Decision graph for model 4017 performing Case 1 controlling for 
physician 4017’s scheduling and information seeking moves. 

 
Physician 4017 did not commit any errors and was modeled using the feedforward 
competence model. 
 
Oral Titration for Blood Glucose Medications: Physician 4017 on case 1 titrated oral 
medications by fixing the tablet size and then increasing the frequency of daily doses 
(q.d., b.i.d., t.i.d., q.i.d.) on visits when moves were made. 
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Worst – 4019 
 

 
 

Figure 21: A1c versus days in treatment graph for the feedforward competence 
model, physician 4019, model of 4019, and model of 4019 where scheduling and 
glucose information seeking moves match those of physician 4019 when performing 
Case 1. 

 
 
Comparison of Outcomes 
 

 Physician Model Model - Controlled 
Final A1c 8.0 7.9 8.0 
Final Meds Prescribed GY(1.25),M(1500) GY(1.875),M(1500) GY(1.25),M(1500) 
Errors    
 Visits 1-3 none none none 
 Visits 4-5 E5 E5 E5 

Table 103: Case 1 – Comparison of final A1c, doses of prescribed medications, and 
errors committed in the first and second halves of scheduled visits. 

MSD Accuracy Rate: 100% 
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Case 1 Visit Number 1 2 3 4 5 
Lab Orders           
  MNT -- -- -- -- -- 
  Nurse Educator X -- -- -- -- 
  A1c order -- -- -- -- X 
  SMBG order X X X X X 
  Creat Order X -- -- -- -- 
  Lipid Order X -- -- -- -- 
Med Orders           
  Glyburide     1.25 1.25 1.25 
  Metformin 1000 1500 1500 1500 1500 
  Simvastatin 5 5 5 5 5 
  Lisinopril 10 10 10 10 20 
Patient State           
  A1c 9.5 9.3 8.8 8.4 8 
  Avg SMBG 235 199 182 171 173 
  Creatinine 0.8 1.1 1.1 1.1 1.1 
  LDL 141 132 121 118 118 
  HDL 33 36 35 36 34 
  Triglyceride 187 184 186 189 195 
  Systolic BP 154 143 145 146 145 
  Weight 189 189 188 188 188 
  Depression 10 10 10 10 10 
  Adherence 0.9 1 0.9 0.9 0.9 
  Days to Next Visit 7 14 14 90   
  Day in Treatment 0 7 21 35 125 
Errors    --  --  --  -- E5 

Table 104: Decision graph for physician 4019 performing Case 1. 
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Case 1 Visit Number 1 2 3 4 5 
Lab Orders             
  MNT -- -- -- -- -- 
  Nurse Educator X -- -- -- -- 
  A1c order X X X X X 
  SMBG order X X X X X 
  Creat Order X X X X X 
  Lipid Order X X X X X 
Med Orders             
  Glyburide 0 0 1.25 1.875 1.875 
  Metformin 1000 1500 1500 1500 1500 
  Simvastatin 5 10 20 40 40 
  Lisinopril 10 20 40 60 60 
Patient State             
  A1c 9.5 8.9 8.6 8.2 7.9 
  Avg SMBG 232 202 185 167 154 
  Creatinine 0.8 1.1 1.1 1.2 1.2 
  LDL 142 119 113 105 94 
  HDL 29 29 29 33 34 
  Triglyceride 189 187 180 165 150 
  Systolic BP 151 141 136 132 125 
  Weight 191 190 191 191 192 
  Depression 10 10 10 10 10 
  Adherence 0.9 1 0.9 0.9 0.9 
  Days to Next Visit 28 28 28 28 28 
  Day in Treatment 0 28 56 84 112 
Errors    --  --  --  -- E5 

Table 105: Decision graph for model 4019 performing Case 1. 
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Case 1 Visit Number 1 2 3 4 5 
Lab Orders             
  MNT -- -- -- -- -- 
  Nurse Educator X -- -- -- -- 
  A1c order -- -- -- -- X 
  SMBG order X X X X X 
  Creat Order X X -- X -- 
  Lipid Order -- -- X X -- 
Med Orders             
  Glyburide 0 0 0 1.25 1.25 
  Metformin 1000 1500 1500 1500 1500 
  Simvastatin 5 5 10 20 40 
  Lisinopril 10 10 20 40 40 
Patient State             
  A1c 9.5 9.3 8.9 8.7 8 
  Avg SMBG 232 204 185 187 164 
  Creatinine 0.8 1.1 1.1 1.2 1.3 
  LDL 142 134 125 119 104 
  HDL 29 27 27 30 32 
  Triglyceride 189 190 186 176 167 
  Systolic BP 151 141 141 137 129 
  Weight 191 190 191 192 192 
  Depression 10 10 10 10 10 
  Adherence 0.9 1 0.9 0.9 0.9 
  Days to Next Visit 7 14 14 90   
  Day in Treatment 0 7 21 35 125 
Errors    --  --  --  -- E5 

Table 106: Decision graph for model 4019 performing Case 1 controlling for 
physician 4019’s scheduling and information seeking moves. 

 
Physician 4019 committed an E5 (no move and average SMBG > 162) error on visit 5.  
Bug B5 increased the minimum time between moves from 30 days to 90 days.  The 
increased times between moves represent an increase in dose response times for oral 
medications.  This physician was scored with variations in treatment of V1 
(polypharmacy) and V3 (not prescribing MNT), these were activated within the model. 
 
Oral Titration for Blood Glucose Medications: Physician 4019 on case 1 titrated oral 
medications by fixing the tablet size and then increasing the frequency of daily doses 
(b.i.d., t.i.d.) on visits when moves were made. 
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Random – 4023 
 

 
 
 
Zoom-in on 4023, days 1 to 100. 
 

 

Figure 22: A1c versus days in treatment graph for the feedforward competence 
model, physician 4023, model of 4023, and model of 4023 where scheduling and 
glucose information seeking moves match those of physician 4023 when performing 
Case 1. 

Comparison of Outcomes 
 Physician Model Model - Controlled 
Final A1c 7.0 6.7 6.9 
Final Meds Prescribed GY(5),M(2000) GY(5),M(2000) GY(5),M(2000) 
Errors     
 Visits 1-4 none none none 
 Visits 4-8 E5 none E5 

Table 107: Case 1 – Comparison of final A1c, doses of prescribed medications, and 
errors committed in the first and second halves of scheduled visits. 

MSD Accuracy Rate: 100%  
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Case 1 Visit Number 1 2 3 4 5 6 7 8 
Lab Orders                 
  MNT -- -- -- -- -- -- -- -- 
  Nurse Educator X -- -- -- -- -- -- -- 
  A1c order -- -- -- -- -- -- X -- 
  SMBG order -- -- X X -- X X -- 
  Creat Order -- -- -- X -- X X -- 
  Lipid Order -- -- -- -- -- -- X -- 
Med Orders                 
  Glyburide           5 5 5 
  Metformin 500 1000 2000 2000 2000 2000 2000 2000 
  Simvastatin       10 10 10 10 10 
  Lisinopril         10 20 20 20 
Patient State                 
  A1c 9.5 9.5 9.3 8.7 8.3 8.1 7.1 7 
  Avg SMBG 235 215 198 167 170 172 133 131 
  Creatinine 0.8 0.8 0.8 0.8 0.8 1.1 1.2 1.2 
  LDL 141 143 142 141 122 111 107 109 
  HDL 33 32 33 34 37 40 42 44 
  Triglyceride 187 185 190 187 186 178 173 169 
  Systolic BP 154 156 158 157 158 148 142 145 
  Weight 189 189 190 191 192 193 194 194 
  Depression 10 10 10 10 10 10 10 10 
  Adherence 0.9 1 0.9 0.9 0.9 0.9 0.9 0.9 
  Days to Next Visit 7 7 14 14 14 28 7   
  Day in Treatment 0 7 14 28 42 56 84 91 
Errors    --  --  --  -- E5  --  --  -- 

Table 108: Decision graph for physician 4023 performing Case 1. 
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Case 1 Visit Number 1 2 3 4 5 6 7 8 
Lab Orders                 
  MNT -- -- -- -- -- -- -- -- 
  Nurse Educator X -- -- -- -- -- -- -- 
  A1c order -- -- X -- X X X X 
  SMBG order X X X X X X X X 
  Creat Order X X X -- X X X X 
  Lipid Order -- -- X -- X X X X 
Med Orders                 
  Glyburide 0 0 0 5 5 5 5 5 
  Metformin 500 1000 2000 2000 2000 2000 2000 2000 
  Simvastatin 5 5 10 20 20 40 40 40 
  Lisinopril 10 10 20 40 40 40 40 40 
Patient State                 
  A1c 9.5 9.4 9.3 8.2 7.9 7 6.7 6.7 
  Avg SMBG 232 225 202 161 110 108 107 104 
  Creatinine 0.8 1.1 1.1 1.2 1.3 1.3 1.3 1.3 
  LDL 142 134 129 116 111 105 95 95 
  HDL 29 27 27 31 31 29 29 26 
  Triglyceride 189 190 187 175 173 170 146 142 
  Systolic BP 151 141 141 137 129 127 126 125 
  Weight 191 190 191 192 192 193 195 198 
  Depression 10 10 10 10 10 10 10 10 
  Adherence 0.9 1 0.9 0.9 0.9 0.9 0.9 0.9 
  Days to Next Visit 7 7 28 7 28 90 90 90 
  Day in Treatment 0 7 14 42 49 77 167 257 
Errors    --  --  --  --  --  --  --  -- 

Table 109: Decision graph for model 4023 performing Case 1. 
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Case 1 Visit Number 1 2 3 4 5 6 7 8 
Lab Orders                 
  MNT -- -- -- -- -- -- -- -- 
  Nurse Educator X -- -- -- -- -- -- -- 
  A1c order -- -- -- -- -- -- X -- 
  SMBG order -- -- X X -- X X -- 
  Creat Order X X X -- X X -- -- 
  Lipid Order -- -- X -- X X -- -- 
Med Orders                 
  Glyburide 0 0 0 0 0 5 5 5 
  Metformin 500 1000 2000 2000 2000 2000 2000 2000 
  Simvastatin 5 5 10 20 40 40 40 40 
  Lisinopril 10 10 20 40 40 40 40 40 
Patient State                 
  A1c 9.5 9.4 9.3 8.7 8.2 8 7.1 6.9 
  Avg SMBG 232 226 205 166 163 161 110 107 
  Creatinine 0.8 1.1 1.1 1.2 1.3 1.3 1.3 1.3 
  LDL 142 134 129 120 109 100 95 96 
  HDL 29 27 27 30 31 30 29 26 
  Triglyceride 189 190 187 176 171 159 147 143 
  Systolic BP 151 141 141 137 129 127 126 124 
  Weight 191 190 191 192 192 193 194 195 
  Depression 10 10 10 10 10 10 10 10 
  Adherence 0.9 1 0.9 0.9 0.9 0.9 0.9 0.9 
  Days to Next Visit 7 7 14 14 14 28 7   
  Day in Treatment 0 7 14 28 42 56 84 91 
Errors    --  --  --  -- E5  --  --  -- 

Table 110: Decision graph for model 4023 performing Case 1 controlling for 
physician 4023’s scheduling and information seeking moves. 

 
Physician 4023 committed an E5 (no move and average SMBG > 162) error on visit 5.  
Bug B5 increased the minimum time between moves from 30 days to 42 days.  The 
increased times between moves represent an increase in dose response times for oral 
medications.  This physician was scored with the variation in treatment V3 (not 
prescribing MNT), this was activated within the model. 
 
Oral Titration for Blood Glucose Medications: Physician 4023 on case 1 titrated oral 
medications by fixing the tablet size and then doubling the frequency of daily doses (q.d., 
b.i.d., q.i.d.) on visits when moves were made. 
 
When the model computed the scheduling of visits it was not able to generate the E5 
error.  When scheduling was controlled for in the model then the model committed the E5 
error on the same visit when the physician committed the error.  This suggests that the 
model is not able to explain how this physician scheduled visits. 
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Case 2 
 
Feedback 
 
Best – 4020 
 

 

Figure 23: A1c versus days in treatment graph for the feedback competence model, 
physician 4020, model of 4020, and model of 4020 where scheduling and glucose 
information seeking moves match those of physician 4020 when performing Case 2. 

 
Comparison of Outcomes 
 

 Physician Model Model - Controlled 
Final A1c 8.0 8.5 8.8 
Final Meds Prescribed R(8), I(139) R(8), I(186) R(8), I(169) 
Errors    
 Visits 1-2 none none none 
 Visits 3 none none none 

Table 111: Case 2 – Comparison of final A1c, doses of prescribed medications, and 
errors committed in the first and second halves of scheduled visits. 

MSD Accuracy Rate: 100% - no errors were committed. 
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Case 2 Visit Number 1 2 3 
Lab Orders       
  MNT -- -- -- 
  Psychologist X -- -- 
  Nurse Educator X -- -- 
  A1c order -- -- -- 
  SMBG order X X X 
  Creat Order X -- -- 
  Lipid Order X -- -- 
Med Orders       
  Rosiglitazone 8 8 8 
  Zoloft 50 50 50 
  Insulin 135 139 139 
  Atorvastatin 20 40 40 
  Gemfibrazol 1200 1200 1200 
  HCTZ 25 25 25 
  Lisinopril 10 10 10 
Patient State       
  A1c 10.5 9.6 8.5 
  Avg SMBG 258 223 176 
  Creatinine 1.5 1.8 1.9 
  LDL 157 143 125 
  HDL 29 34 41 
  Triglyceride 375 225 81 
  Systolic BP 149 132 118 
  Weight 291 292 293 
  Depression 60 15 1 
  Adherence 0.5 1 1 
  Days to Next Visit 30 14   
  Day in Treatment 0 30 44 
Errors    --  --  -- 

Table 112: Decision graph for physician 4020 performing Case 2. 
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Case 2 Visit Number 1 2 3 
Lab Orders       
  MNT -- -- -- 
  Psychologist X -- -- 
  Nurse Educator X -- -- 
  A1c order X X X 
  SMBG order X X X 
  Creat Order X X X 
  Lipid Order X X X 
Med Orders       
  Rosiglitazone 8 8 8 
  Zoloft 50 100 100 
  Insulin 152 169 186 
  Atorvastatin 20 40 80 
  Gemfibrazol 1200 1200 1200 
  HCTZ 25 25 25 
  Lisinopril 10 20 20 
Patient State       
  A1c 10.5 9.5 8.5 
  Avg SMBG 265 230 201 
  Creatinine 1.5 1.8 1.9 
  LDL 159 146 133 
  HDL 26 30 33 
  Triglyceride 379 237 192 
  Systolic BP 152 133 128 
  Weight 291 290 290 
  Depression 60 15 0 
  Adherence 0.5 1 1 
  Days to Next Visit 30 30 30 
  Day in Treatment 0 30 60 
Errors    --  --  -- 

Table 113: Decision graph for model 4020 performing Case 2. 
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Case 2 Visit Number 1 2 3 
Lab Orders       
  MNT -- -- -- 
  Psychologist X -- -- 
  Nurse Educator X -- -- 
  A1c order -- -- -- 
  SMBG order X X X 
  Creat Order X -- -- 
  Lipid Order X -- -- 
Med Orders       
  Rosiglitazone 8 8 8 
  Zoloft 50 100 150 
  Insulin 152 169 169 
  Atorvastatin 20 40 80 
  Gemfibrazol 1200 1200 1200 
  HCTZ 25 25 25 
  Lisinopril 10 20 20 
 Patient State       
  A1c 10.5 9.5 8.8 
  Avg SMBG 265 230 202 
  Creatinine 1.5 1.8 1.9 
  LDL 159 146 138 
  HDL 26 30 32 
  Triglyceride 379 237 205 
  Systolic BP 152 133 128 
  Weight 291 290 290 
  Depression 60 15 0 
  Adherence 0.5 1 1 
  Days to Next Visit 30 14   
  Day in Treatment 0 30 44 
Errors    --  --  -- 

Table 114: Decision graph for model 4020 performing Case 2 controlling for 
physician 4020’s scheduling and information seeking moves. 

 
This physician did not commit any errors.  Physician 4020 did not prescribe medical 
nutrition therapy (V3), therefore MNT was deactivated within the model. 
 
Oral Titration for Blood Glucose Medications: not applicable 
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Worst – 4019 
 

 

Figure 24: A1c versus days in treatment graph for the feedback competence model, 
physician 4019, model of 4019, and model of 4019 where scheduling and glucose 
information seeking moves match those of physician 4019 when performing Case 2. 

 
Comparison of Outcomes 
 

 Physician Model Model - Controlled 
Final A1c 9.2 9.5 9.7 
Final Meds Prescribed M(1000), R(4), I(120) M(1000), R(4), I(237) M(1000), R(4), I(220) 
Errors    
 Visits 1-5 E3, E8 E3, E8 E3, E8 
 Visits 6-9 E8 E8 E8 

Table 115: Case 2 – Comparison of final A1c, doses of prescribed medications, and 
errors committed in the first and second halves of scheduled visits. 

MSD Accuracy Rate: 100% 
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Case 2 Visit Number 1 2 3 4 5 6 7 8 9 
Lab Orders                   
  MNT X -- -- -- -- -- -- -- -- 
  Psychologist -- -- -- X -- -- -- -- -- 
  Nurse Educator X -- -- -- -- -- -- -- -- 
  A1c order -- -- X -- X -- -- X X 
  SMBG order -- X -- X X X X X X 
  Creat Order -- X -- -- -- -- -- -- -- 
  Lipid Order -- -- -- -- -- X -- -- -- 
Med Orders                   
  Metformin 1000 1000 1000 1000 1000 1000 1000 1000 1000 
  Rosiglitazone       4 4 4 4 4 4 
  Zoloft         50 100 100 100 100 
  Insulin 135 135 135 135 135 135 135 95 120 
  Atorvastatin 20 20 20 20 20 20 20 20 20 
  HCTZ 25 25 25 25 25 25 25     
  Atenolol                   
  Lisinopril 5 5 5 5 5 5 5 5 5 
Patient State                   
  A1c 10.5 11 11.1 12 11.9 10.7 10.3 8.6 9.2 
  Avg SMBG 262 253 251 251 232 177 140 127 147 
  Creatinine 1.5 1.6 1.6 1.6 1.7 1.8 1.9 2 2 
  LDL 158 159 161 161 154 142 138 131 129 
  HDL 30 30 30 32 34 38 40 43 42 
  Triglyceride 383 379 382 378 374 357 349 338 340 
  Systolic BP 151 144 146 146 138 125 114 113 125 
  Weight 290 288 289 290 290 289 289 290 289 
  Depression 60 60 60 60 30 9 0 0 0 
  Adherence 0.5 0.5 0.5 0.5 0.7 0.9 1 1 1 
  Days to Next Visit 30 7 60 30 30 7 90 90   
  Day in Treatment 0 30 37 97 127 157 164 254 344 
Errors   E8 E3,E8 E3,E8 E8 E8 E8 E8 E8 E8 

Table 116: Decision graph for physician 4019 performing Case 2. 
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Case 2 Visit Number 1 2 3 4 5 6 7 8 9 
Lab Orders                   
  MNT X -- -- -- -- -- -- -- -- 
  Psychologist -- -- -- X -- -- -- -- -- 
  Nurse Educator X -- -- -- -- -- -- -- -- 
  A1c order X X X X X X X X X 
  SMBG order X X X X X X X X X 
  Creat Order X X X X X X X X X 
  Lipid Order X X X X X X X X X 
Med Orders                   
  Metformin 1000 1000 1000 1000 1000 1000 1000 1000 1000 
  Rosiglitazone 0 0 0 4 4 4 4 4 4 
  Zoloft 0 0 0 0 100 150 200 200 200 
  Insulin 135 135 135 152 169 186 203 220 237 
  Atorvastatin 20 20 20 20 20 20 20 20 20 
  HCTZ 25 25 25 25 25 25 25 25 25 
  Lisinopril 10 20 40 60 60 60 60 60 60 
Patient State                   
  A1c 10.5 10.9 11.5 12.2 12 10.8 10.1 9.8 9.5 
  Avg SMBG 265 267 260 263 230 193 178 162 152 
  Creatinine 1.5 1.8 1.8 1.9 2 2 2 2 2 
  LDL 159 161 162 164 157 149 149 149 148 
  HDL 26 25 25 27 29 28 26 25 23 
  Triglyceride 379 382 380 374 366 354 349 346 344 
  Systolic BP 152 143 138 135 122 107 107 107 110 
  Depression 60 60 60 60 30 0 0 0 0 
  Adherence 0.5 0.5 0.5 0.5 0.7 1 1 1 1 
  Days to Next Visit 30 30 30 30 30 30 30 30 30 
  Day in Treatment 0 30 60 90 120 150 180 210 240 
Errors   E8 E3,E8 E3,E8 E8 E8 E8 E8 E8 E8 

Table 117: Decision graph for model 4019 performing Case 2. 
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Case 2 Visit Number 1 2 3 4 5 6 7 8 9 
Lab Orders                   
  MNT X -- -- -- -- -- -- -- -- 
  Psychologist X X X X -- -- -- -- -- 
  Nurse Educator X -- -- -- -- -- -- -- -- 
  A1c order -- -- X -- X -- -- X X 
  SMBG order -- X -- X X X X X X 
  Creat Order X -- X X X -- X X -- 
  Lipid Order X -- X X X -- X X -- 
Med Orders                   
  Metformin 1000 1000 1000 1000 1000 1000 1000 1000 1000 
  Rosiglitazone 0 0 0 4 4 4 4 4 4 
  Zoloft 0 0 0 0 100 150 200 200 200 
  Insulin 135 135 135 152 169 186 186 203 220 
  Atorvastatin 20 20 20 20 20 20 20 20 20 
  HCTZ 25 25 25 25 25 25 25 25 25 
  Lisinopril 10 20 20 40 40 40 40 40 40 
Patient State                   
  A1c 10.5 10.9 11.1 11.9 11.7 10.5 10.3 9.9 9.7 
  Avg SMBG 265 267 260 263 230 193 179 176 166 
  Creatinine 1.5 1.8 1.8 1.8 1.9 2 2 2 2 
  LDL 159 161 162 164 157 149 149 149 149 
  HDL 26 25 25 27 29 28 26 25 23 
  Triglyceride 379 382 380 374 366 354 350 346 345 
  Systolic BP 152 143 138 140 125 112 112 111 115 
  Depression 60 60 60 60 30 0 0 0 0 
  Adherence 0.5 0.5 0.5 0.5 0.7 1 1 1 1 
  Days to Next Visit 30 7 60 30 30 7 90 90   
  Day in Treatment 0 30 37 97 127 157 164 254 344 
Errors   E8 E3,E8 E3,E8 E8 E8 E8 E8 E8 E8 

Table 118: Decision graph for model 4019 performing Case 2 controlling for 
physician 4019’s scheduling and information seeking moves. 

 
Physician 4019 committed E3 (no move and A1c > 9.5%) and E8 (continued the use of 
metformin with creatinine >= 1.5mg/dL) errors.  On the first visit this physician treated 
blood glucose by prescribing medical nutrition therapy without making a medication 
move (V2).  Bugs B3 and B8 were activated in the model.  Bug B3 set the minimum time 
for making moves after initiating treatment to 90 days.  The increased time between 
moves represents an increase in the response time for initial treatment moves to show 
effects.  Bug B8 sets the threshold for creatinine to 1.5 mg/dL for titrating metformin, 
creatinine values at or above this threshold the model halts titrating metformin but the 
medication is not discontinued. 
 
Oral Titration for Blood Glucose Medications: Physician 4019 on case 2 titrated 
rosiglitazone by fixing the tablet size and the frequency of daily doses (q.d.) when a 
move was made. 
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Random – 4008 
 

 

Figure 25: A1c versus days in treatment graph for the feedback competence model, 
physician 4008, model of 4008, and model of 4008 where scheduling and glucose 
information seeking moves match those of physician 4008 when performing Case 2. 

 
Comparison of Outcomes 
 

 Physician Model Model - Controlled 
Final A1c 5.5 6.4 6.4 
Final Meds Prescribed M(2000),  I(135) M(2000), I(169) M(2000), I(169) 
Errors    
 Visits 1-2 E8, E9 E8, E9 E8, E9 
 Visits 3-4 E8 E8 E8 

Table 119: Case 2 – Comparison of final A1c, doses of prescribed medications, and 
errors committed in the first and second halves of scheduled visits. 

MSD Accuracy Rate: 100% 
  

5

6

7

8

9

10

11

12

0 100 200 300

A
1

c 
(%

)

Day in Treatment

Case 2 - Physician 4008 (FB)

FB Competence

Physician

Model

Model - controlled



323 
 

 
Case 2 Visit Number 1 2 3 4 
Lab Orders         
  MNT -- -- -- -- 
  Psychologist X -- -- -- 
  Nurse Educator X -- -- -- 
  A1c order X X X X 
  SMBG order X X -- -- 
  Creat Order -- -- -- X 
  Lipid Order X X X X 
Med Orders         
  Metformin 2000 2000 2000 2000 
  Zoloft 50 100 100 100 
  Insulin 135 135 135 135 
  Atorvastatin 40 40 80 80 
  Gemfibrazol 1200 1200 1200 1200 
  HCTZ 25 25 25 25 
  Atenolol 50 50 50 50 
Patient State         
  A1c 10.5 8.8 5.7 5.5 
  Avg SMBG 261 194 152 154 
  Creatinine 1.5 1.5 1.5 1.5 
  LDL 156 127 110 99 
  HDL 27 34 36 35 
  Triglyceride 386 178 -18 -24 
  Systolic BP 150 131 113 113 
  Weight 290 291 291 289 
  Depression 60 15 0 0 
  Adherence 0.5 1 1 1 
  Days to Next Visit 42 60 120   
  Day in Treatment 0 42 102 222 
Errors   E9 E8 E8 E8 

Table 120: Decision graph for physician 4008 performing Case 2. 
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Case 2 Visit Number 1 2 3 4 
Lab Orders         
  MNT -- -- -- -- 
  Psychologist X -- -- -- 
  Nurse Educator X -- -- -- 
  A1c order X X X X 
  SMBG order X X X X 
  Creat Order X X X X 
  Lipid Order X X X X 
Med Orders         
  Metformin 2000 2000 2000 2000 
  Zoloft 50 100 100 100 
  Insulin 152 169 169 169 
  Atorvastatin 20 40 80 80 
  Gemfibrazol 1200 1200 1200 1200 
  HCTZ 25 25 25 25 
  Atenolol 25 50 75 75 
Patient State         
  A1c 10.5 7.7 6.6 6.4 
  Avg SMBG 265 197 174 175 
  Creatinine 1.5 1.5 1.5 1.5 
  LDL 159 146 133 120 
  HDL 25 28 30 31 
  Triglyceride 379 237 192 183 
  Systolic BP 151 136 130 128 
  Weight 291 290 290 291 
  Depression 60 15 0 0 
  Adherence 0.5 1 1 1 
  Days to Next Visit 30 30 90 90 
  Day in Treatment 0 30 60 150 
Errors   E9 E8 E8 E8 

Table 121: Decision graph for model 4008 performing Case 2. 
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Case 2 Visit Number 1 2 3 4 
Lab Orders         
  MNT -- -- -- -- 
  Psychologist X -- -- -- 
  Nurse Educator X -- -- -- 
  A1c order X X X X 
  SMBG order X X X X 
  Creat Order X X X -- 
  Lipid Order X X X -- 
Med Orders         
  Metformin 2000 2000 2000 2000 
  Zoloft 50 50 100 100 
  Insulin 152 152 169 169 
  Atorvastatin 20 40 80 80 
  Gemfibrazol 1200 1200 1200 1200 
  HCTZ 25 25 25 25 
  Atenolol 25 50 75 75 
Patient State         
  A1c 10.5 7.2 7.6 6.4 
  Avg SMBG 265 197 213 179 
  Creatinine 1.5 1.5 1.5 1.5 
  LDL 159 145 136 120 
  HDL 25 28 25 31 
  Triglyceride 379 227 276 161 
  Systolic BP 151 136 135 128 
  Weight 291 289 290 291 
  Depression 60 15 15 0 
  Adherence 0.5 1 0.8 1 
  Days to Next Visit 42 60 120   
  Day in Treatment 0 42 102 222 
Errors   E9 E8 E8 E8 

Table 122: Decision graph for model 4008 performing Case 2 controlling for 
physician 4008’s scheduling and information seeking moves. 

 
Physician 4008 committed E8 (continued the use of metformin with creatinine >= 
1.5mg/dL) and E9 (increased the dose of metformin with creatinine >= 1.5mg/dL) errors.  
Bugs B8 and B9 were activated in the model resulting in metformin being prescribed at 
the maximum dose.  Physician 4008 did not prescribe medical nutrition therapy (V3), 
therefore MNT was deactivated within the model. 
 
The models reached goal (7.5%) on visit 2 as a result no moves were made on visit 2, but 
on visit 3 the patient’s A1c rose above goal and another insulin move was made.  When 
this patient was treated by the physician A1c did not rise after a single move was made 
on visit 1.  
 
Oral Titration for Blood Glucose Medications: Physician 4008 on case 2 titrated 
metformin by fixing the tablet size and then increasing the frequency of daily doses (q.d., 
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b.i.d.) when the move was made. 
Feedforward 
 
Best – 4023  

 

Figure 26: A1c versus days in treatment graph for the feedforward competence 
model, physician 4023, model of 4023, and model of 4023 where scheduling and 
glucose information seeking moves match those of physician 4023 when performing 
Case 2. 

 
Comparison of Outcomes 
 

 Physician Model Model - Controlled 
Final A1c 7.2 7.4 6.8 
Final Meds Prescribed P(45),  I(140) P(45), I(259) P(45), I(237) 
Errors     
 Visits 1-2 none none none 
 Visits 3-4 none none none 

Table 123: Case 2 – Comparison of final A1c, doses of prescribed medications, and 
errors committed in the first and second halves of scheduled visits. 

MSD Accuracy Rate: 100% - no errors were committed. 
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Case 2 Visit Number 1 2 3 4 5 6 7 8 
Lab Orders                 
  MNT -- -- -- -- -- -- -- -- 
  Psychologist -- -- -- -- -- -- -- -- 
  Nurse Educator -- -- -- -- -- X -- -- 
  A1c order -- -- -- -- -- -- X -- 
  SMBG order -- -- X X X X X X 
  Creat Order -- -- -- X -- -- X X 
  Lipid Order -- -- -- X -- -- X X 
Med Orders                 
  Pioglitazone       15 30 45 45 45 
  Zoloft 100 200 200 200 200 200 200 200 
  Insulin 135 135 120 120 120 120 130 140 
  Atorvastatin 20 20 20 20 20 20     
  HCTZ 25 25 25 25 25 25 25 25 
Patient State                 
  A1c 10.5 11 10.6 10.4 9.9 9 7.6 7.2 
  Avg SMBG 263 270 247 211 207 192 159 145 
  Creatinine 1.5 1.5 1.5 1.5 1.5 1.5 1.5 1.5 
  LDL 157 151 139 135 130 130 131 128 
  HDL 30 32 31 33 33 32 33 33 
  Triglyceride 376 364 337 334 332 333 336 323 
  Systolic BP 150 146 135 126 127 125 128 127 
  Weight 290 290 291 291 292 293 293 293 
  Depression 60 31 0 0 0 0 0 0 
  Adherence 0.5 0.7 1 1 1 1 1 1 
  Days to Next Visit 21 28 7 14 28 42 14   
  Day in Treatment 0 21 49 56 70 98 140 154 
Errors    --  --  --  --  --  --  --  -- 

Table 124: Decision graph for physician 4023 performing Case 2. 
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Case 2 Visit Number 1 2 3 4 5 6 7 8 
Lab Orders                 
  MNT -- -- -- -- -- -- -- -- 
  Psychologist X -- -- -- -- -- -- -- 
  Nurse Educator X -- -- -- -- -- -- -- 
  A1c order -- -- X -- X -- X -- 
  SMBG order X X X X X X X X 
  Creat Order -- -- X -- X -- X -- 
  Lipid Order -- -- X -- X -- X -- 
Med Orders                 
  Pioglitazone 15 15 15 30 30 45 45 45 
  Zoloft 50 100 150 200 200 200 200 200 
  Insulin 152 169 186 203 220 237 254 259 
  Atorvastatin 20 20 20 20 20 20 20 20 
  HCTZ 25 25 25 25 25 25 25 25 
Patient State                 
  A1c 10.5 10.3 9.9 9.7 9.2 8.8 7.9 7.4 
  Avg SMBG 265 279 253 243 217 201 164 132 
  Creatinine 1.5 1.5 1.5 1.5 1.5 1.5 1.5 1.5 
  LDL 159 151 150 151 151 152 152 153 
  HDL 26 26 26 29 29 27 26 24 
  Triglyceride 379 365 359 353 355 358 354 351 
  Systolic BP 152 143 143 145 144 142 142 142 
  Weight 291 290 291 291 292 293 294 295 
  Depression 60 17 0 0 0 0 0 0 
  Adherence 0.5 1 1 1 1 1 1 1 
  Days to Next Visit 14 7 14 14 14 14 14 14 
  Day in Treatment 0 14 21 35 49 63 77 91 
Errors    --  --  --  --  --  --  --  -- 

Table 125: Decision graph for model 4023 performing Case 2. 
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Case 2 Visit Number 1 2 3 4 5 6 7 8 
Lab Orders                 
  MNT -- -- -- -- -- -- -- -- 
  Psychologist X -- -- -- -- -- -- -- 
  Nurse Educator X -- -- -- -- -- -- -- 
  A1c order -- -- -- -- -- -- X -- 
  SMBG order -- -- X X X X X X 
  Creat Order -- X -- -- X X -- -- 
  Lipid Order -- X -- -- X X -- -- 
Med Orders                 
  Pioglitazone 15 15 30 30 30 45 45 45 
  Zoloft 50 100 150 200 200 200 200 200 
  Insulin 152 169 186 203 220 237 237 237 
  Atorvastatin 20 20 20 20 20 20 20 20 
  HCTZ 25 25 25 25 25 25 25 25 
Patient State                 
  A1c 10.5 10.3 9.3 9.1 8.7 8.1 6.9 6.8 
  Avg SMBG 265 278 251 237 214 200 151 146 
  Creatinine 1.5 1.5 1.5 1.5 1.5 1.5 1.5 1.5 
  LDL 159 148 146 148 148 148 149 150 
  HDL 26 26 27 29 30 28 26 25 
  Triglyceride 379 360 353 348 350 352 349 345 
  Systolic BP 152 143 143 145 144 142 143 142 
  Weight 291 290 291 291 292 293 295 296 
  Depression 60 16 0 0 0 0 0 0 
  Adherence 0.5 1 1 1 1 1 1 1 
  Days to Next Visit 21 28 7 14 28 42 14   
  Day in Treatment 0 21 49 56 70 98 140 154 
Errors    --  --  --  --  --  --  --  -- 

Table 126: Decision graph for model 4023 performing Case 2 controlling for 
physician 4023’s scheduling and information seeking moves. 

 
Physician 4023 did not commit any errors when performing Case 2.  This physician did 
not prescribe medical nutrition therapy (V3), therefore MNT was deactivated within the 
model.  This physician was scored for making medication moves when A1c (or 
equivalent average SMBG) values were below 7.5% (V5), therefore the A1c goal for the 
model was set at 7.0%. 
 
Oral Titration for Blood Glucose Medications: Physician 4023 on case 2 titrated 
pioglitazone by fixing the tablet size and then increasing the frequency of daily doses 
(q.d., b.i.d., t.i.d.) on visits when moves were made. 
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Worst – 4003 
 

 

Figure 27: A1c versus days in treatment graph for the feedforward competence 
model, physician 4003, model of 4003, and model of 4003 where scheduling and 
glucose information seeking moves match those of physician 4003 when performing 
Case 2. 

 
Comparison of Outcomes 
 

 Physician Model 
Final A1c 10.9 10.8 
Final Meds Prescribed M(1700),  I(151) M(1700), I(169) 
Errors   
 Visits 1-2 E8 E8, E9 
 Visits 3 E9 E8 

Table 127: Case 2 – Comparison of final A1c, doses of prescribed medications, and 
errors committed in the first and second halves of scheduled visits. 

MSD Accuracy Rate: 33% 
 

Both the physician and the model commit E8 and E9 errors but in different patterns.  
The physician on visit 2 makes an insulin move but maintains the dose of metformin, this 
results in an E8 error. On visit 3 the physician then makes an insulin move and an oral 
move which results in an E9 error.  The model titrates metformin and insulin on visit 2 
resulting in an E9 error.  On visit 3 since metformin is at the model’s maximum dose only 
insulin is titrated resulting in an E8 error.  The different titration patterns result in the 
reduced MSD accuracy rate. 
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Case 2 Visit Number 1 2 3 
Lab Orders       
  MNT X -- -- 
  Psychologist -- -- X 
  Nurse Educator X -- -- 
  A1c order -- X X 
  SMBG order X X X 
  Creat Order X -- -- 
  Lipid Order -- X X 
Med Orders       
  Metformin 1000 1000 1700 
  Insulin 135 143 151 
  Atorvastatin 40 40 40 
Patient State       
  A1c 10.5 10.7 10.9 
  Avg SMBG 270 258 263 
  Creatinine 1.5 1.5 1.5 
  LDL 157 148 145 
  HDL 29 30 29 
  Triglyceride 380 363 363 
  Systolic BP 150 147 142 
  Weight 291 290 290 
  Depression 60 60 60 
  Adherence 0.5 0.5 0.5 
  Days to Next Visit 14 7   
  Day in Treatment 0 14 21 
Errors   E8 E8 E9 

Table 128: Decision graph for physician 4003 performing Case 2. 
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Case 2 Visit Number 1 2 3 
Lab Orders       
  MNT X -- -- 
  Psychologist -- -- X 
  Nurse Educator X -- -- 
  A1c order -- -- X 
  SMBG order X X X 
  Creat Order -- X -- 
  Lipid Order -- -- X 
Med Orders       
  Metformin 1000 1700 1700 
  Insulin 135 152 169 
  Atorvastatin 40 80 80 
Patient State       
  A1c 10.5 10.7 10.8 
  Avg SMBG 265 267 241 
  Creatinine 1.5 1.5 1.5 
  LDL 159 151 145 
  HDL 26 26 27 
  Triglyceride 379 366 340 
  Systolic BP 152 146 143 
  Weight 291 289 289 
  Depression 60 60 60 
  Adherence 0.5 0.5 0.5 
  Days to Next Visit 14 7 14 
  Day in Treatment 0 14 21 
Errors   E8 E9 E8 

Table 129: Decision graph for model 4003 performing Case 2, note the model and 
physician scheduled visits on the same days. 

 
Physician 4003 committed E8 (continued the use of metformin with creatinine >= 
1.5mg/dL) and E9 (increased the dose of metformin with creatinine >= 1.5mg/dL) errors.  
Bugs B8 and B9 were activated in the model resulting in metformin being prescribed at 
the maximum dose.  On the first visit this physician treated blood glucose by prescribing 
medical nutrition therapy without making a medication move (V2).  Physician 4003 
treated depression with a referral to the psychologist, but did not treat with an 
antidepressant (V4). 
 
Oral Titration for Blood Glucose Medications: Physician 4003 on case 2 titrated oral 
medications by fixing the frequency of daily doses and then increasing the tablet size 
(q.d., b.i.d.) on visits when moves were made. 
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Case 3 
 
Feedback 
 
Best – 4011 
 

 

Figure 28: A1c versus days in treatment graph for the feedback competence model, 
physician 4011, model of 4011, and model of 4011 where scheduling and glucose 
information seeking moves match those of physician 4011 when performing Case 3. 

 
Comparison of Outcomes 
 

 Physician Model Model - Controlled 
Final A1c 7.0 6.8 6.9 
Final Meds Prescribed R(8),  I(80) R(8), I(76) R(8), I(88) 
Errors    
 Visits 1-6 none none none 
 Visits 7-12 none none none 

Table 130: Case 3 – Comparison of final A1c, doses of prescribed medications, and 
errors committed in the first and second halves of scheduled visits. 

MSD Accuracy Rate: 100% - no errors were committed. 
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Case 3 Visit Number 1 2 3 4 5 6 7 8 9 10 11 12 
Lab Orders                         
  MNT -- X -- -- -- -- -- -- -- -- -- -- 
  Nurse Educator X -- -- -- -- -- -- -- -- -- -- -- 
  A1c order X -- -- X X X -- X X -- X -- 
  SMBG order X -- X X X X X X X X X X 
  Creat Order -- -- -- -- -- -- -- -- -- -- -- -- 
  Lipid Order X -- -- -- -- -- -- -- -- -- -- -- 
Med Orders                         
  Rosiglitazone 8 8 8 8 8 8 8 8 8 8 8 8 
  Insulin 15 15 22 30 35 40 50 55 60 65 70 80 
  Atorvastatin 5 5 5 5 5 5 5 5 5 5 5 5 
Patient State                         
  A1c 9.8 8.8 8.6 8.5 8.4 8.2 8.1 7.9 7.7 7.5 7.3 7 
  Avg SMBG 238 205 177 168 159 160 158 150 145 138 133 131 
  Creatinine 1.5 1.5 1.5 1.5 1.5 1.5 1.5 1.5 1.5 1.5 1.5 1.5 
  LDL 120 92 91 93 94 95 95 97 98 98 98 98 
  HDL 38 39 40 39 41 44 45 46 46 47 46 44 
  Triglyceride 522 503 498 496 499 505 510 505 505 501 506 502 
  Systolic BP 133 137 139 139 142 142 146 147 140 137 136 138 
  Weight 261 262 259 260 260 261 263 262 263 264 264 263 
  Depression 10 10 10 10 10 10 10 10 10 10 10 10 
  Adherence 0.9 1 0.9 0.9 0.9 0.9 0.9 0.9 0.9 0.9 0.9 0.9 
  Days to Next Visit 56 84 56 14 56 56 90 56 56 56 84   
  Day in Treatment 0 56 140 196 210 266 322 412 468 524 580 664 
Errors    -- -- -- -- -- -- -- -- -- -- -- -- 

Table 131: Decision graph for physician 4011 performing Case 3. 
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Case 3 Visit Number 1 2 3 4 5 6 7 8 9 10 11 12 
Lab Orders                         
  MNT X -- -- -- -- -- -- -- -- -- -- -- 
  Nurse Educator X -- -- -- -- -- -- -- -- -- -- -- 
  A1c order X X X X X X X X X X X X 
  SMBG order X X X X X X X X X X X X 
  Creat Order -- -- -- -- -- -- -- -- X -- -- -- 
  Lipid Order X -- -- -- -- -- -- -- X -- -- -- 
Med Orders                         
  Rosiglitazone 8 8 8 8 8 8 8 8 8 8 8 8 
  Insulin 12 22 32 42 52 64 76 76 76 76 76 76 
  Atorvastatin 5 5 5 5 5 5 5 5 5 5 5 5 
  Lisinopril 20 20 20 20 20 20 20 20 20 20 20 20 
Patient State                         
  A1c 9.8 8.9 8.3 8 7.8 7.5 7.2 6.8 6.7 6.7 6.8 6.8 
  Avg SMBG 242 215 190 179 164 145 137 126 129 134 133 130 
  Creatinine 1.5 1.9 1.9 1.9 1.9 1.9 1.9 1.9 1.9 1.9 1.9 1.9 
  LDL 121 95 93 93 92 91 91 91 89 88 87 87 
  HDL 33 35 35 37 38 36 34 33 31 31 33 33 
  Triglyceride 519 503 499 493 496 498 494 491 489 486 491 495 
  Systolic BP 132 108 108 110 109 108 108 108 112 114 116 119 
  Weight 261 256 257 257 258 258 260 262 262 264 262 260 
  Depression 10 10 10 10 10 10 10 10 10 10 10 10 
  Adherence 0.9 1 1 1 1 1 1 1 1 1 1 1 
  Days to Next Visit 30 30 30 30 30 30 30 90 90 90 90 90 
  Day in Treatment 0 30 60 90 120 150 180 210 300 390 480 570 
Errors    -- -- -- -- -- -- -- -- -- -- -- -- 

Table 132: Decision graph for model 4011 performing Case 3. 
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Case 3 Visit Number 1 2 3 4 5 6 7 8 9 10 11 12 
Lab Orders                         
  MNT X -- -- -- -- -- -- -- -- -- -- -- 
  Nurse Educator X -- -- -- -- -- -- -- -- -- -- -- 
  A1c order X -- -- X X X -- X X -- X -- 
  SMBG order X -- X X X X X X X X X X 
  Creat Order X X X -- X X X X X X X -- 
  Lipid Order X X X -- X X X X X X X -- 
Med Orders                         
  Rosiglitazone 8 8 8 8 8 8 8 8 8 8 8 8 
  Insulin 12 22 32 42 42 52 64 76 88 88 88 88 
  Atorvastatin 5 5 5 5 5 5 5 5 5 5 5 5 
  Lisinopril 0 0 0 0 0 0 0 0 0 0 0 0 
Patient State                         
  A1c 9.8 8.7 8.5 8.3 8.2 8.1 7.8 7.5 7.2 6.9 6.9 6.9 
  Avg SMBG 242 229 213 204 189 189 171 161 157 155 152 147 
  Creatinine 1.5 1.5 1.5 1.5 1.5 1.5 1.5 1.5 1.5 1.5 1.5 1.5 
  LDL 122 94 97 98 98 99 100 100 99 100 99 101 
  HDL 32 33 32 33 33 30 27 24 22 21 22 21 
  Triglyceride 519 501 501 495 497 500 496 493 491 488 493 497 
  Systolic BP 131 121 121 122 119 118 117 117 120 120 121 122 
  Weight 261 255 257 257 258 259 261 264 264 265 265 263 
  Depression 10 10 10 10 10 10 10 10 10 10 10 10 
  Adherence 0.9 1 0.9 0.9 0.9 0.9 0.9 0.9 0.9 0.9 0.9 0.9 
  Days to Next Visit 56 84 56 14 56 56 90 56 56 56 84   
  Day in Treatment 0 56 140 196 210 266 322 412 468 524 580 664 
Errors    -- -- -- -- -- -- -- -- -- -- -- -- 

Table 133: Decision graph for model 4011 performing Case 3 controlling for 
physician 4011’s scheduling and information seeking moves. 

 
Physician 4011 did not commit any errors when performing Case 3.  The feedback 
competence model was used to model this physician.  This physician was scored for 
making medication moves when A1c (or equivalent average SMBG) values were below 
7.5% (V5), therefore the A1c goal for the model was set at 7.0%. 
 
Oral Titration for Blood Glucose Medications: not applicable 
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Worst – 4007 
 

 

Figure 29: A1c versus days in treatment graph for the feedback competence model, 
physician 4007, model of 4007, and model of 4007 where scheduling and glucose 
information seeking moves match those of physician 4007 when performing Case 3. 

 
Comparison of Outcomes 
 

 Physician Model Model - Controlled 
Final A1c 7.4 7.0 7.0 
Final Meds Prescribed M(2000), R(8), I(20) M(2000), R(8), I(27) M(2000), R(8), I(22) 
Errors    
 Visits 1-3 E7, E8, E9 E7, E8, E9 E7, E8, E9 
 Visits 4-5 E8 E8 E8 

Table 134: Case 3 – Comparison of final A1c, doses of prescribed medications, and 
errors committed in the first and second halves of scheduled visits. 

MSD Accuracy Rate: 60% 
 

The physician and model both make E7, E8, E9 errors but in different patterns.  The 
physician and model on visit 1 initiate metformin resulting in an E7 error.  On visit 2 the 
physician initiates insulin but maintains the dose of metformin which results in an E8 
error.  On visit 3 the physician increases the dose of metformin which results in an E9 
error.  The model titrates orals (metformin) to a maximum dose before initiating insulin, 
this action results in errors E7 and E9 being committed on visits 1 and 2 respectively.  On 
visit 3 with metformin is at a maximum dose then the model initiates insulin and 
maintains metformin which results in error E8.  The error patterns do not match because 
the physician does not titrate orals to a maximum dose before starting insulin but 
interleaves the titration of orals and insulin, whereas the model titrates orals to a 
maximum dose and then starts titrating insulin. 
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Case 3 Visit Number 1 2 3 4 5 
Lab Orders           
  MNT X -- -- -- -- 
  Nurse Educator -- -- -- -- -- 
  A1c order X X -- X -- 
  SMBG order -- X X X X 
  Creat Order -- -- -- -- X 
  Lipid Order X X -- X -- 
Med Orders           
  Metformin 1000 1000 2000 2000 2000 
  Rosiglitazone 8 8 8 8 8 
  Insulin   10 15 15 20 
  Atorvastatin   10 10 10 10 
  Gemfibrazol 1200 1200 1200 1200 1200 
Patient State           
  A1c 9.8 8.8 8.4 7.6 7.4 
  Avg SMBG 249 205 190 147 145 
  Creatinine 1.5 1.5 1.5 1.5 1.5 
  LDL 120 122 88 89 89 
  HDL 34 42 46 46 45 
  Triglyceride 525 342 305 311 308 
  Systolic BP 131 135 138 140 141 
  Weight 260 256 258 258 258 
  Depression 10 10 10 10 10 
  Adherence 0.9 0.9 0.9 0.9 0.9 
  Days to Next Visit 90 90 30 60   
  Day in Treatment 0 90 180 210 270 
Errors   E7 E8 E9 E8 E8 

Table 135: Decision graph for physician 4007 performing Case 3. 
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Case 3 Visit Number 1 2 3 4 5 
Lab Orders           
  MNT X -- -- -- -- 
  Nurse Educator X -- -- -- -- 
  A1c order X X X X X 
  SMBG order X X X X X 
  Creat Order X X X X X 
  Lipid Order X X X X X 
Med Orders           
  Metformin 1000 2000 2000 2000 2000 
  Rosiglitazone 8 8 8 8 8 
  Insulin 0 0 12 22 27 
  Atorvastatin 0 5 5 5 5 
  Gemfibrazol 1200 1200 1200 1200 1200 
Patient State           
  A1c 9.8 8.4 7.7 7.4 7 
  Avg SMBG 242 198 166 151 131 
  Creatinine 1.5 1.8 1.8 1.8 1.8 
  LDL 122 124 97 99 98 
  HDL 32 35 31 33 32 
  Triglyceride 519 341 445 440 442 
  Systolic BP 131 111 112 113 111 
  Weight 261 255 256 257 258 
  Depression 10 10 10 10 10 
  Adherence 0.9 1 0.9 0.9 0.9 
  Days to Next Visit 60 60 60 30 30 
  Day in Treatment 0 60 120 180 210 
Errors   E7 E9 E8 E8 E8 

Table 136: Decision graph for model 4007 performing Case 3. 
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Case 3 Visit Number 1 2 3 4 5 
Lab Orders           
  MNT X -- -- -- -- 
  Nurse Educator X -- -- -- -- 
  A1c order X X -- X -- 
  SMBG order -- X X X X 
  Creat Order X X X X -- 
  Lipid Order X X X X -- 
Med Orders           
  Metformin 1000 2000 2000 2000 2000 
  Rosiglitazone 8 8 8 8 8 
  Insulin 0 0 12 22 22 
  Atorvastatin 0 5 5 5 5 
  Gemfibrazol 1200 1200 1200 1200 1200 
Patient State           
  A1c 9.8 8.4 7.7 7.4 7 
  Avg SMBG 242 198 166 151 131 
  Creatinine 1.5 1.8 1.8 1.8 1.8 
  LDL 122 124 97 99 98 
  HDL 32 35 31 33 32 
  Triglyceride 519 340 445 439 441 
  Systolic BP 131 111 112 113 111 
  Weight 261 254 256 256 257 
  Depression 10 10 10 10 10 
  Adherence 0.9 1 0.9 0.9 0.9 
  Days to Next Visit 90 90 30 60   
  Day in Treatment 0 90 180 210 270 
Errors   E7 E9 E8 E8 E8 

Table 137: Decision graph for model 4007 performing Case 3 controlling for 
physician 4007’s scheduling and information seeking moves. 

 
Physician 4007 committed E7 (initated metformin when creatinine >= 1.5mg/dL), E8 
(continued the use of metformin with creatinine >= 1.5mg/dL), and E9 (increased the 
dose of metformin with creatinine >= 1.5mg/dL) errors.  Bugs B7, B8, and B9 were 
activated in the model resulting in metformin being initiated prescribed at the maximum 
dose.  This physician was scored for making medication moves when A1c (or equivalent 
average SMBG) values were below 7.5% (V5), therefore the A1c goal for the model was 
set at 7.0%. 
 
Oral Titration for Blood Glucose Medications: Physician 4007 on case 3 titrated oral 
medications by fixing the frequency of daily doses and then increasing the tablet size 
(q.d., b.i.d.) on visits when moves were made. 
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Random – 4008 
 

 

Figure 30: A1c versus days in treatment graph for the feedback competence model, 
physician 4008, model of 4008, and model of 4008 where scheduling and glucose 
information seeking moves match those of physician 4008 when performing Case 3. 

 
Comparison of Outcomes 
 

 Physician Model Model - Controlled 
Final A1c 7.1 7.7 7.7 
Final Meds Prescribed M(2000), R(16) M(2000), R(16) M(2000), R(16) 
Errors    
 Visits 1-2 E7, E9 E7, E9 E7, E9 
 Visits 3 E8, E11 E8, E11 E8, E11 

Table 138: Case 3 – Comparison of final A1c, doses of prescribed medications, and 
errors committed in the first and second halves of scheduled visits. 

MSD Accuracy Rate: 100% 
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Case 3 Visit Number 1 2 3 
Lab Orders       
  MNT X -- -- 
  Nurse Educator X -- -- 
  A1c order X X X 
  SMBG order -- -- X 
  Creat Order X -- X 
  Lipid Order X X X 
Med Orders       
  Metformin 850 2000 2000 
  Rosiglitazone 8 8 16 
  Simvastatin   80 80 
  Gemfibrazol 1200 1200 1200 
Patient State       
  A1c 9.8 8.7 7.1 
  Avg SMBG 239 201 152 
  Creatinine 1.5 1.5 1.5 
  LDL 122 122 55 
  HDL 34 35 45 
  Triglyceride 527 344 28 
  Systolic BP 131 120 117 
  Weight 260 257 257 
  Depression 10 0 0 
  Adherence 0.9 1 1 
  Days to Next Visit 60 60   
  Day in Treatment 0 60 120 
Errors   E7 E9 E8,E11 

Table 139: Decision graph for physician 4008 performing Case 3. 
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Case 3 Visit Number 1 2 3 
Lab Orders       
  MNT X -- -- 
  Nurse Educator X -- -- 
  A1c order X X X 
  SMBG order X X X 
  Creat Order X X X 
  Lipid Order X X X 
Med Orders       
  Metformin 850 2000 2000 
  Rosiglitazone 8 8 16 
  Simvastatin 0 5 10 
  Gemfibrazol 1200 1200 1200 
Patient State       
  A1c 9.8 8.5 7.7 
  Avg SMBG 242 201 160 
  Creatinine 1.5 1.5 1.5 
  LDL 122 124 103 
  HDL 32 35 30 
  Triglyceride 519 341 448 
  Systolic BP 131 121 121 
  Weight 261 255 256 
  Depression 10 10 10 
  Adherence 0.9 1 0.9 
  Days to Next Visit 60 60 60 
  Day in Treatment 0 60 120 
Errors   E7 E9 E8,E11 

Table 140: Decision graph for model 4008 performing Case 3. 
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Case 3 Visit Number 1 2 3 
Lab Orders       
  MNT X -- -- 
  Nurse Educator X -- -- 
  A1c order X X X 
  SMBG order -- -- X 
  Creat Order X X X 
  Lipid Order X X X 
Med Orders       
  Metformin 850 2000 2000 
  Rosiglitazone 8 8 16 
  Simvastatin 0 5 10 
  Gemfibrazol 1200 1200 1200 
Patient State       
  A1c 9.8 8.5 7.7 
  Avg SMBG 242 201 160 
  Creatinine 1.5 1.5 1.5 
  LDL 122 124 103 
  HDL 32 35 30 
  Triglyceride 519 341 448 
  Systolic BP 131 121 121 
  Weight 261 255 256 
  Depression 10 10 10 
  Adherence 0.9 1 0.9 
  Days to Next Visit 60 60 60 
  Day in Treatment 0 60 120 
Errors   E7 E9 E8,E11 

Table 141: Decision graph for model 4008 performing Case 3 controlling for 
physician 4008’s scheduling and information seeking moves. 

 
Physician 4008 committed E7 (initated metformin when creatinine >= 1.5mg/dL), E8 
(continued the use of metformin with creatinine >= 1.5mg/dL), E9 (increased the dose of 
metformin with creatinine >= 1.5mg/dL), and E11 (exceeded the maximum dose of a 
medication) errors.  Bugs B7, B8, B9, B11 were activated in the model resulting in 
metformin being initiated and prescribed at the maximum dose, and rosiglitazone being 
titrated to 16mg.  This physician was scored for making medication moves when A1c (or 
equivalent average SMBG) values were below 7.5% (V5), therefore the A1c goal for the 
model was set at 7.0%. 
 
Oral Titration for Blood Glucose Medications: Physician 4008 on case 3 titrated oral 
medications by simultaneously increasing the frequency of daily doses and tablet sizes 
(q.d., b.i.d.) on visits when moves were made. 
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Feedforward 
 
Best – 4022 
 

 

Figure 31: A1c versus days in treatment graph for the feedforward competence 
model, physician 4022, model of 4022, and model of 4022 where scheduling and 
glucose information seeking moves match those of physician 4022 when performing 
Case 3. 

 
Comparison of Outcomes 
 

 Physician Model Model - Controlled 
Final A1c 8.9 9.3 9.0 
Final Meds Prescribed R(16),  I(120) R(16), I(32) R(16), I(32) 
Errors    
 Visits 1-2 E11 E11 E11 
 Visits 3-4 E11 E11 E11 

Table 142: Case 3 – Comparison of final A1c, doses of prescribed medications, and 
errors committed in the first and second halves of scheduled visits. 

MSD Accuracy Rate: 100% 
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Case 3 Visit Number 1 2 3 4 
Lab Orders         
  MNT -- -- -- -- 
  Nurse Educator X X -- -- 
  A1c order X -- -- -- 
  SMBG order -- X X X 
  Creat Order X -- -- -- 
  Lipid Order X -- -- -- 
Med Orders         
  Rosiglitazone 16 16 16 16 
  Insulin   12 15 120 
  Atorvastatin       10 
Patient State         
  A1c 9.8 9.7 9.4 8.9 
  Avg SMBG 238 225 212 197 
  Creatinine 1.5 1.5 1.5 1.5 
  LDL 119 121 121 121 
  HDL 34 34 36 39 
  Triglyceride 526 529 525 531 
  Systolic BP 130 133 133 132 
  Weight 260 261 261 261 
  Depression 10 10 10 10 
  Adherence 0.9 1 1 0.9 
  Days to Next Visit 7 7 30   
  Day in Treatment 0 7 14 44 
Errors   E11 E11 E11 E11 

Table 143: Decision graph for physician 4022 performing Case 3. 
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Case 3 Visit Number 1 2 3 4 
Lab Orders         
  MNT -- -- -- -- 
  Nurse Educator X -- -- -- 
  A1c order -- -- X -- 
  SMBG order X X X X 
  Creat Order -- -- X -- 
  Lipid Order -- -- X -- 
Med Orders         
  Rosiglitazone 16 16 16 16 
  Insulin 0 12 22 32 
  Atorvastatin 5 5 10 10 
Patient State         
  A1c 9.8 9.8 9.6 9.3 
  Avg SMBG 242 244 217 203 
  Creatinine 1.5 1.5 1.5 1.5 
  LDL 122 114 108 99 
  HDL 32 31 31 34 
  Triglyceride 519 515 508 486 
  Systolic BP 131 131 130 131 
  Weight 261 260 261 262 
  Depression 10 10 10 10 
  Adherence 0.9 1 0.9 0.9 
  Days to Next Visit 7 7 14 7 
  Day in Treatment 0 7 14 28 
Errors   E11 E11 E11 E11 

Table 144: Decision graph for model 4022 performing Case 3. 
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Case 3 Visit Number 1 2 3 4 
Lab Orders         
  MNT -- -- -- -- 
  Nurse Educator X -- -- -- 
  A1c order X -- -- -- 
  SMBG order -- X X X 
  Creat Order -- -- X -- 
  Lipid Order -- -- X -- 
Med Orders         
  Rosiglitazone 16 16 16 16 
  Insulin 0 12 22 32 
  Atorvastatin 5 5 10 10 
Patient State         
  A1c 9.8 9.8 9.6 9 
  Avg SMBG 242 244 217 203 
  Creatinine 1.5 1.5 1.5 1.5 
  LDL 122 114 108 95 
  HDL 32 31 31 35 
  Triglyceride 519 515 508 479 
  Systolic BP 131 131 130 131 
  Weight 261 260 261 262 
  Depression 10 10 10 10 
  Adherence 0.9 1 0.9 0.9 
  Days to Next Visit 7 7 30   
  Day in Treatment 0 7 14 44 
Errors   E11 E11 E11 E11 

Table 145: Decision graph for model 4022 performing Case 3 controlling for 
physician 4022’s scheduling and information seeking moves. 

 
Physician 4022 committed an E11 (exceeded the maximum dose of a medication) error.  
Bug B11 was activated in the model setting the maximum dose for rosiglitazone to twice 
the maximum clinically effective dose, resulting in rosiglitazone being titrated to 16mg.  
Physician 4022 did not prescribe medical nutrition therapy (V3), therefore MNT was 
deactivated within the model. 
 
Oral Titration for Blood Glucose Medications: Physician 4022 on case 3 titrated the oral 
medication by fixing the tablet size and then increasing the frequency of daily doses (q.d., 
b.i.d.) on the visit when a move was made. 
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Worst – 4016 
 

 

Figure 32: A1c versus days in treatment graph for the feedforward competence 
model, physician 4016, model of 4016, and model of 4016 where scheduling and 
glucose information seeking moves match those of physician 4016 when performing 
Case 3. 

 
Comparison of Outcomes 
 

 Physician Model Model - Controlled 
Final A1c 8.6 8.8 8.5 
Final Meds Prescribed M(1700), R(16),  I(10) M(1700), R(16), I(12) M(1700), R(16), I(12) 
Errors    
 Visits 1-3 E6, E7, E8, E11 E6, E7, E9 E6, E7, E9 
 Visits 4-5 E8, E9, E11 E8, E11 E8, E11 

Table 146: Case 3 – Comparison of final A1c, doses of prescribed medications, and 
errors committed in the first and second halves of scheduled visits. 

MSD Accuracy Rate: 62% 
 
The physician and model committed E8, E9, and E11 errors but in a different pattern.  
The physician interleaved titrating rosiglitazone and metformin, that is, the physician 
started metformin, then titrated rosiglitazone, and then returned to titrating metformin. On 
visit 3 rosiglitazone was titrated while the dose of metformin was maintained resulting in 
the E11 and E8 errors, the model does not interleave titrating medications.  On visit 3 the 
model titrated metformin resulting in the E9 error, on the next visit since metformin was 
at the maximum dose that it was going to prescribe it titrated rosiglitazone (to 16mg) and 
maintained the metformin dose resulting in the E8 and E11 errors. 
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Case 3 Visit Number 1 2 3 4 5 
Lab Orders           
  MNT -- -- -- -- -- 
  Nurse Educator X -- -- -- X 
  A1c order -- -- X -- -- 
  SMBG order X X X X X 
  Creat Order -- X X X -- 
  Lipid Order -- -- X -- -- 
Med Orders           
  Metformin   1000 1000 1700 1700 
  Rosiglitazone 8 8 16 16 16 
  Insulin         10 
  Simvastatin   20 20 20 20 
  Atenolol 50 50 50 50 50 
Patient State           
  A1c 9.8 9.7 9.3 9 8.6 
  Avg SMBG 242 234 204 209 187 
  Creatinine 1.5 1.5 1.5 1.5 1.5 
  LDL 120 120 90 84 84 
  HDL 36 38 44 43 43 
  Triglyceride 515 511 464 461 462 
  Systolic BP 130 123 126 126 129 
  Weight 261 260 260 260 260 
  Depression 10 10 10 10 10 
  Adherence 0.9 1 0.9 0.9 0.9 
  Days to Next Visit 14 21 30 30   
  Day in Treatment 0 14 35 65 95 
Errors   E6 E7 E8,E11 E9,E11 E8,E11 

Table 147: Decision graph for physician 4016 performing Case 3. 
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Case 3 Visit Number 1 2 3 4 5 
Lab Orders           
  MNT -- -- -- -- -- 
  Nurse Educator X -- -- -- -- 
  A1c order -- -- X -- X 
  SMBG order X X X X X 
  Creat Order -- X X -- X 
  Lipid Order -- -- X -- X 
Med Orders           
  Metformin 0 1000 1700 1700 1700 
  Rosiglitazone 8 8 8 16 16 
  Insulin 0 0 0 0 12 
  Simvastatin 5 5 10 10 10 
  Atenolol 25 25 25 25 25 
Patient State           
  A1c 9.8 9.8 9.6 8.9 8.8 
  Avg SMBG 242 244 210 192 186 
  Creatinine 1.5 1.5 1.5 1.5 1.5 
  LDL 122 116 111 100 99 
  HDL 32 30 30 34 33 
  Triglyceride 519 516 511 488 490 
  Systolic BP 131 126 126 126 124 
  Adherence 0.9 1 0.9 0.9 0.9 
  Days to Next Visit 7 7 28 7 28 
  Day in Treatment 0 7 14 42 49 
Errors   E6 E7 E9 E8,E11 E8,E11 

Table 148: Decision graph for model 4016 performing Case 3. 
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Case 3 Visit Number 1 2 3 4 5 
Lab Orders           
  MNT -- -- -- -- -- 
  Nurse Educator X -- -- -- -- 
  A1c order -- -- X -- -- 
  SMBG order X X X X X 
  Creat Order -- X X X -- 
  Lipid Order -- X X X -- 
Med Orders           
  Metformin 0 1000 1700 1700 1700 
  Rosiglitazone 8 8 8 16 16 
  Insulin 0 0 0 0 12 
  Simvastatin 5 10 10 10 10 
  Atenolol 25 25 25 25 25 
Patient State           
  A1c 9.8 9.7 9.4 8.8 8.5 
  Avg SMBG 242 242 209 190 180 
  Creatinine 1.5 1.5 1.5 1.5 1.5 
  LDL 122 109 100 99 99 
  HDL 32 31 32 34 33 
  Triglyceride 519 512 496 487 489 
  Systolic BP 131 126 126 126 124 
  Adherence 0.9 1 0.9 0.9 0.9 
  Days to Next Visit 14 21 30 30   
  Day in Treatment 0 14 35 65 95 
Errors   E6 E7 E9 E8,E11 E8,E11 

Table 149: Decision graph for model 4016 performing Case 3 controlling for 
physician 4016’s scheduling and information seeking moves. 

 
Physician 4016 committed E7 (initated metformin when creatinine >= 1.5mg/dL), E8 
(continued the use of metformin with creatinine >= 1.5mg/dL), E9 (increased the dose of 
metformin with creatinine >= 1.5mg/dL), and E11 (exceeded the maximum dose of a 
medication) errors.  Bugs B7, B8, B9, B11 were activated in the model resulting in 
metformin being initiated and prescribed at the maximum dose, and rosiglitazone being 
titrated to 16mg.  On the first visit this physician treated blood glucose by prescribing 
medical nutrition therapy without making a medication move (V2). 
 
Oral Titration for Blood Glucose Medications: Physician 4016 on case 3 titrated oral 
medications by fixing the frequency of daily doses and then increasing the tablet size 
(q.d., b.i.d.) on visits when moves were made. 
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Modeling the Expert 
 
The expert was scored as using a feedforward strategy on all cases and did not commit 
errors.  For the 3 cases the expert was scored (V5) as having made medication moves 
when blood glucose values were below 7.5%, therefore the A1c goal in the model was set 
at 7.0%.  Feedforward competence models were used to model the expert performing the 
three cases.  Model runs were repeated controlling for the expert’s scheduling of visits 
and seeking of blood glucose information. 
 
Case 1 
 

 

Figure 33: A1c versus days in treatment graph for the feedforward competence 
model, expert, and model of the expert where scheduling and glucose information 
seeking moves match those of the expert when performing Case 1. 

 
MSD Accuracy Rate: 100% - no errors were committed. 
 
Comparison of Outcomes 
 

 Physician Model – FF Competence Model - Controlled 
Final A1c 7.1 6.2 7.0 
Final Meds Prescribed M(2000), G(5) M(2000), G(5) M(2000), G(5) 
Errors    
 Visits 1-4 none none none 
 Visits 5-7 none  none  none  

Table 150: Case 1 – Comparison of final A1c, doses of prescribed medications, and 
errors committed in the first and second halves of scheduled visits. 
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Case 1 Visit Number 1 2 3 4 5 6 7 
Lab Orders               
  MNT -- -- X -- -- -- -- 
  Psychologist -- -- -- -- -- -- -- 
  Nurse Educator -- -- X -- -- -- -- 
  A1c order -- -- -- X X -- X 
  SMBG order -- X X X X X -- 
  Creat Order X -- X X X -- -- 
  Lipid Order -- -- -- X X -- X 
Med Orders               
  Glipizide       2.5 2.5 5 5 
  Metformin 500 1000 1500 1500 2000 2000 2000 
  Atorvastatin     10 10 20 20 20 
  Lisinopril 10 10 20 20 20 20 20 
Patient State               
  A1c 9.5 9.5 9.3 8.8 7.9 7.3 7.1 
  Avg SMBG 235 216 195 164 156 144 132 
  Creatinine 0.8 1.1 1.1 1.2 1.2 1.2 1.2 
  LDL 141 143 143 130 106 94 92 
  HDL 33 32 33 37 41 44 46 
  Triglyceride 187 185 189 182 179 164 159 
  Systolic BP 154 147 147 130 129 130 130 
  Weight 189 189 189 188 186 187 187 
  Depression 10 10 10 10 10 10 10 
  Adherence 0.9 0.9 0.9 1 0.9 0.9 0.9 
  Days to Next Visit 7 7 7 28 28 14   
  Day in Treatment 0 7 14 21 49 77 91 
Errors    --  --  --  --  --  --  -- 

Table 151: Decision graph for the expert performing Case 1. 
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Case 1 Visit Number 1 2 3 4 5 6 7 
Lab Orders               
  MNT X -- -- -- -- -- -- 
  Psychologist -- -- -- -- -- -- -- 
  Nurse Educator X -- -- -- -- -- -- 
  A1c order -- -- -- X X -- X 
  SMBG order -- X X X X X -- 
  Creat Order X X X X X -- -- 
  Lipid Order -- -- -- X X -- -- 
Med Orders               
  Glipizide 0 0 0 0 2.5 5 5 
  Metformin 500 1000 1500 2000 2000 2000 2000 
  Atorvastatin 5 5 10 10 20 20 20 
  Lisinopril 10 10 20 20 40 40 40 
Patient State               
  A1c 9.5 9.2 8.9 8.7 7.7 7.2 7 
  Avg SMBG 232 216 196 183 155 142 126 
  Creatinine 0.8 1.1 1.1 1.2 1.2 1.3 1.3 
  LDL 142 132 125 119 109 100 100 
  HDL 30 30 31 34 36 36 35 
  Triglyceride 189 189 185 176 173 166 161 
  Systolic BP 152 134 135 132 130 124 124 
  Weight 191 189 189 189 189 189 190 
  Depression 10 10 10 10 10 10 10 
  Adherence 0.9 1 0.9 0.9 0.9 0.9 0.9 
  Days to Next Visit 7 7 7 28 28 14   
  Day in Treatment 0 7 14 21 49 77 91 
Errors    --  --  --  --  --  --  -- 

Table 152: Decision graph for the feedforward competence model performing Case 
1 controlling for the expert’s scheduling and information seeking moves. 

 
Oral Titration for Blood Glucose Medications: The expert on case 1 titrated oral 
medications by fixing the tablet size and then increasing the frequency of daily doses 
(q.d., b.i.d., t.i.d., q.i.d.) on visits when moves were made. 
 
  



356 
 

 

 
 

Figure 34: A1c versus days in treatment graph for the feedforward competence 
model, expert, and model of the expert where scheduling and glucose information 
seeking moves match those of the expert when performing Case 2. 

 
Comparison of Outcomes 
 

 Physician Model – FF Competence Model - Controlled 
Final A1c 6.3 6.6 7.0 
Final Meds Prescribed P(45), I(160) P(30), I(203) P(30), I(271) 
Errors    
 Visits 1-4 none none none 
 Visits 5-7 none  none  none  

Table 153: Case 2 – Comparison of final A1c, doses of prescribed medications, and 
errors committed in the first and second halves of scheduled visits. 
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Case 2 Visit Number 1 2 3 4 5 6 7 8 9 10 11 12 
Lab Orders                         

  MNT -- X -- -- -- -- -- -- -- -- -- -- 

  Psychologist -- X -- -- -- -- -- -- -- -- -- -- 

  Nurse Educator X -- -- -- -- -- -- -- -- -- -- -- 

  A1c order -- -- -- -- X -- -- -- -- -- X -- 

  SMBG order X -- X X X X X X X X X X 

  Creat Order -- -- -- -- X -- -- -- -- -- X -- 

  Lipid Order -- -- -- -- X -- -- -- -- -- X -- 

Med Orders                         

  Pioglitazone 15 15 15 15 15 15 30 30 30 30 45 45 
  Zoloft     50 50 50 50 100 100 100 100 100 100 
  Insulin 150 150 175 175 190 200 200 190 175 185 190 160 
  Atorvastatin 40 40 40 40 40 40 80 80 80 80 80 80 
  HCTZ 25 25 25 25 25 25 25 25 25 25 25 25 
  Lisinopril                         
Patient State                         

  A1c 10.5 10.6 10.4 10.3 10.2 9.9 9.4 8.7 8.5 8 7.3 6.3 
  Avg SMBG 261 253 259 201 194 177 151 124 125 144 127 101 
  Creatinine 1.5 1.5 1.5 1.5 1.5 1.5 1.5 1.5 1.5 1.5 1.5 1.5 
  LDL 159 156 150 147 144 142 138 130 129 123 118 116 
  HDL 28 30 30 34 32 31 34 34 36 37 36 35 
  Triglyceride 383 375 354 350 341 328 313 301 298 286 278 278 
  Systolic BP 153 153 140 136 131 128 127 125 124 121 123 122 
  Weight 291 291 291 291 291 291 291 291 291 291 291 291 
  Depression 60 60 30 24 18 13 6 0 0 0 0 0 
  Adherence 0.5 0.5 0.7 0.8 0.8 0.9 0.9 1 1 1 1 1 
  Days to Next Visit 3 7 3 3 3 7 7 2 7 14 14   
  Day in Treatment 0 3 10 13 16 19 26 33 35 42 56 70 
Errors    --  --  --  --  --  --  --  --  --  --  --  -- 

Table 154: Decision graph for the expert performing Case 2. 
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Case 2 Visit Number 1 2 3 4 5 6 7 8 9 10 11 12 
Lab Orders                         

  MNT X -- -- -- -- -- -- -- -- -- -- -- 
  Psychologist X -- X -- -- -- -- -- -- -- -- -- 

  Nurse Educator X -- -- -- -- -- -- -- -- -- -- -- 

  A1c order -- -- -- -- X -- -- -- -- -- X -- 

  SMBG order X -- X X X X X X X X X X 

  A1c order -- -- -- -- X -- -- -- -- -- X -- 

  SMBG order X -- X X X X X X X X X X 

  Creat Order -- -- -- -- -- -- X -- -- -- X -- 

  Lipid Order -- -- -- -- -- -- X -- -- -- X -- 

Med Orders                         

  Pioglitazone 15 15 15 15 15 15 15 30 30 30 30 30 
  Zoloft 0 0 0 50 50 50 50 100 100 150 150 150 
  Insulin 152 169 186 203 220 237 254 271 271 271 271 271 
  Atorvastatin 40 40 40 40 80 80 80 80 80 80 80 80 
  HCTZ 25 25 25 25 25 25 25 25 25 25 25 25 
Patient State                         

  A1c 10.5 10.1 9.7 9.6 9.4 9.2 8.7 8.4 8.2 7.8 7.3 7 
  Avg SMBG 265 269 250 240 223 210 195 172 160 159 149 142 
  Creatinine 1.5 1.5 1.5 1.5 1.5 1.5 1.5 1.5 1.5 1.5 1.5 1.5 
  LDL 159 156 151 150 148 145 138 134 133 131 129 130 
  HDL 25 23 23 25 25 22 20 17 15 14 15 14 
  Triglyceride 379 368 352 339 335 332 320 313 311 306 310 313 
  Systolic BP 151 136 139 132 129 126 125 124 125 125 125 126 
  Weight 291 290 290 290 290 290 291 292 292 293 292 292 
  Depression 60 30 30 0 0 0 0 0 0 0 0 0 
  Adherence 0.5 1 0.7 1 1 1 1 1 1 1 1 1 
  Days to Next Visit 3 7 3 3 3 7 7 2 7 14 14   
  Day in Treatment 0 3 10 13 16 19 26 33 35 42 56 70 

Errors    --  --  --  --  --  --  --  --  --  --  --  -- 

Table 155: Decision graph for the feedforward competence model performing Case 
2 controlling for the expert’s scheduling and information seeking moves. 

 
Oral Titration for Blood Glucose Medications: The expert on case 2 titrated the oral 
medication by fixing the tablet size and then increasing the frequency of daily doses (q.d., 
b.i.d., t.i.d.) on visits when moves were made. 
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Figure 35: A1c versus days in treatment graph for the feedforward competence 
model, expert, and model of the expert where scheduling and glucose information 
seeking moves match those of the expert when performing Case 3. 

 
Comparison of Outcomes 
 

 Physician Model – FF Competence Model - Controlled 
Final A1c 7.3 6.8 6.6 
Final Meds Prescribed R(8), I(90) R(8), I(76) R(8), I(100) 
Errors    
 Visits 1-4 none none none 
 Visits 5-7 none  none  none  

Table 156: Case 3 – Comparison of final A1c, doses of prescribed medications, and 
errors committed in the first and second halves of scheduled visits. 
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Case 3 Visit Number 1 2 3 4 5 6 7 8 9 10 11 
Lab Orders                       
  MNT -- X -- -- -- -- -- -- -- -- -- 
  Nurse Educator X -- -- -- -- -- -- -- -- -- -- 
  A1c order -- -- -- -- X -- -- X -- -- -- 
  SMBG order X X X X X X X -- X X -- 
  Creat Order -- -- -- -- -- -- -- X -- -- -- 
  Lipid Order -- -- -- -- X -- -- X -- -- -- 
Med Orders                       
  Rosiglitazone 8 8 8 8 8 8 8 8 8 8 8 
  Insulin 10 20 30 50 60 70 80 80 85 90 90 
  Atorvastatin 10 10 10 10 10 10 10 10 10 10 10 
  Lisinopril             5 5 5 5 5 
Patient State                       
  A1c 9.8 9.7 9.3 9 8.8 8.5 8 7.5 7.4 7.3 7.3 
  Avg SMBG 236 202 180 168 153 146 142 128 128 124 121 
  Creatinine 1.5 1.5 1.5 1.5 1.5 1.5 1.5 1.8 1.8 1.8 1.8 
  LDL 122 118 108 102 99 95 94 94 96 95 97 
  HDL 37 39 41 41 41 42 45 47 50 50 49 
  Triglyceride 519 514 497 493 485 480 375 316 303 308 302 
  Systolic BP 130 129 129 129 131 130 131 128 128 126 125 
  Adherence 0.9 1 0.9 0.9 0.9 0.9 0.9 0.9 0.9 0.9 0.9 
  Days to Next Visit 3 7 7 7 7 14 21 14 14 14   
  Day in Treatment 0 3 10 17 24 31 45 66 80 94 108 
Errors    --  --  --  --  --  --  --  --  --  --  -- 

Table 157: Decision graph for the expert performing Case 3. 
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Case 3 Visit Number 1 2 3 4 5 6 7 8 9 10 11 
Lab Orders                       
  MNT X -- -- -- -- -- -- -- -- -- -- 
  Nurse Educator X -- -- -- -- -- -- -- -- -- -- 
  A1c order -- -- -- -- X -- -- X -- -- -- 
  SMBG order X X X X X X X -- X X -- 
  Creat Order -- -- -- -- X -- X -- X -- -- 
  Lipid Order -- -- -- -- X -- X -- X -- -- 
Med Orders                       
  Rosiglitazone 8 8 8 8 8 8 8 8 8 8 8 
  Insulin 12 22 32 42 52 64 76 88 100 100 100 
  Atorvastatin 5 5 5 10 10 10 10 10 10 10 10 
  Lisinopril 10 10 10 10 10 10 10 10 10 10 10 
Patient State                       
  A1c 9.8 9.6 9.2 9 8.8 8.5 8 7.4 7.1 6.8 6.6 
  Avg SMBG 242 236 212 206 192 175 167 158 154 151 149 
  Creatinine 1.5 1.8 1.8 1.8 1.8 1.8 1.8 1.8 1.8 1.8 1.8 
  LDL 122 119 112 108 102 99 96 96 95 95 95 
  HDL 32 30 30 32 33 30 29 26 24 23 24 
  Triglyceride 519 518 511 501 495 491 481 476 474 471 475 
  Systolic BP 131 116 112 113 110 108 107 105 107 107 107 
  Adherence 0.9 1 0.9 0.9 0.9 0.9 0.9 0.9 0.9 0.9 0.9 
  Days to Next Visit 3 7 7 7 7 14 21 14 14 14   
  Day in Treatment 0 3 10 17 24 31 45 66 80 94 108 
Errors    --  --  --  --  --  --  --  --  --  --  -- 

Table 158: Decision graph for the feedforward competence model performing Case 
3 controlling for the expert’s scheduling and information seeking moves. 

 
Oral Titration for Blood Glucose Medications: not applicable. 
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Appendix 4: Hold-out Set 
 
This appendix presents the results of running performance models for the physicians in 
the hold-out set (see Table 159 below). 
 

Case 1 Case 2 Case 3 

4018 (7.1: E4,V3) 4021 (5.8: E8,E9) 4024 (7.3: E4,E10,V1,V5) 

4011 (7.5: E1,E4,V3) 4024 (6.6: V1) 4017 (7.6: E11) 

4006 (7.8: E1,E5,V3) 4016 (6.7: E8,V5) 4019 (7.7: --) 

4021 (7.9: E1) 4006 (6.9: E8,V5) 4023 (7.7: E6) 

4020 (8.1: V3) 4005 (10.5: E8,V2,V3) 4010 (7.8: E6,V3) 

4008 (8.3: E2,V1,V3) 4018 (13.5: V3) 4006 (7.9: --) 

4005 (8.4: --) 4022 (8.9: E12,V3) FF 4013 (7.9: E1,E11) 

4012 (8.9: --) 4017 (10.7: V3,V4) FF 4018 (8.1: V3, 

4013 (7.3: E5) FF   4015 (8.5: E11,V3) 

4022 (8: ) FF   4021 (8.6: E2,E3,E7,E8) 

4016 (8.1: V2) FF   4005 (9.3: V2) 

4003 (8.2: V1) FF   4003 (8.2: E7,E8,E9,E11) FF 

4007 (8.7: V1) FF     

Table 159: Hold-out set.  Final A1c values achieved on a case are given in 
parentheses followed by errors committed on the case.  Physicians scored as using a 
feedforward strategy on a case are identified an “FF”, all other physicians were 
identified as using a feedback strategy.  

On case 2 physicians that never treated depression are excluded from the hold-out set 
because the models are not intended to explain behavior generated by these physicians 
(4007, 4010, 4011, 4012, 4013, and 4015). 

 
Results of the modeling runs are summarized in graphs showing A1c as a function of 

time and in process traces showing moves.  On the graphs solid icons indicate visits 
where blood glucose medication moves were made; hollow icons indicate visits where no 
blood glucose medication move was made.   
 

Process traces are summarized in a format referred to as a decision graph.  Decision 
graphs are tabular summaries where rows show patient states and moves made by the 
physicians and physician models; columns report values as of a given visit.   

Decision graphs are composed of four sections: lab and referral orders, med orders, 
patient state, and scheduling.  The presence of a lab or referral order is denoted as ‘X’ 
and absence of a lab order is denoted as ‘--‘.   Lab orders show information seeking 
moves that were made for a visit.  Orders for A1c, lipid, and creatinine values simulate 
laboratory tests where results are available for the physician and model on the next visit.  
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Orders for systolic blood pressure (abbreviated SBP, measured in the office at the start of 
every visit) and SMBG values (patient self-reported blood glucose measures) simulate 
information available on a current visit.  Referrals are orders made to send the patient to a 
healthcare professional.  The physician and model can only have access to patient state 
information for computing moves by making necessary information seeking moves.  Med 
orders show medication prescriptions as of the conclusion of the displayed visit.  
Medication orders are prescribed for patients to take on a daily basis. The scheduling 
section shows the scheduling move made on a current visit for days until the next visit; 
also elapsed days in treatment are shown. 

Decision strategies that physicians have been identified as using on a case are 
represented by the two letter designators of FB (feedback) and FF (feedforward).  Table 
155, Table 156, and Table 157 show parameter settings for each of the modeled 
physicians. 

 
Table 160, Table 161, and Table 162 present the parameter settings that were used in 

the performance models. 
 
Outcomes from running the models of physicians in the hold-out set are summarized 

below in Table 163 through Table 165. Simulation runs that were controlled for physician 
scheduling and information seeking are identified in the tables below by the label 
Model* . 
 
Results of modeling each physician in the modeling set follow. 
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Strategy 

Phys 

ID 

Bug & Variation 

Settings Oral Medications Titration Policy  

Other Medication 

Therapies 

FB 4005 -- M(2000) B: BID lisinopril, simvastatin 

FB 4006 B1, B5, V3 M(1700) B: BID lisinopril, atorvastatin 

FB 4008 B2, V1, V3 G(10), M(850) A: QD, BID 

atenolol, lisinopril, 

simvastatin 

FB 4011 B1, B4, V3 M(2000) B: BID 

lisinopril, 

atorvastatin, hctz 

FB 4012 -- M(1000) B: BID lisinopril, atorvastatin 

FB 4018 B4, V3 M(2000),G(5) B: BID lisinopril, atorvastatin 

FB 4020 V3 M(500), GY(10) A: QD, BID lisinopril 

FB 4021 B1 M(2000) B: BID lisinopril 

FF 4003 V1 M(500), G(10) B: BID -- 

FF 4007 V1 M(1500), G(5) A: BID, TID lisinopril, atorvastatin 

FF 4013 B5 M(2550) C: BID, TID 

lisinopril, hctz, 

amlodipine, 

simvastatin 

FF 4016 V2 M(1700), GY(10) B: BID lisinopril, simvastatin 

FF 4022 -- M(1700) B: BID atorvastatin, lisinopril 

 
 

Oral Titration Policy Key: Dose Frequency Key: 

A – fix tablet size, change daily freq QD – one time per day 

B – fix daily freq, change table size only BID – two times per day 

C – change daily freq 1st, then tab size TID – three times per day 

D – change daily freq & tab size simultaneously QID – four times per day 

E – change tab size, then daily freq  

Table 160: Errors, bugs, and medications for physicians in the hold-out set on Case 
1 – initiation of treatment.  The “Titration Policy ” column specifies the titration 
policy that was followed by the physician when performing the case. 
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Strategy 

Phys 

ID 

Bug & Variation 

Settings 

Oral 

Medications Titration Policy  

Other Medication 

Therapies 

FB 4005 B8, V2, V3 M(1000) 

did not titrate 

metformin  

atorvastatin, 

lisinopril 

FB 4006 B8, V5 M(1000),R(4) 

did not titrate 

metformin, A:QD atorvastatin 

FB 4016 B8, V5 M(1000) 

did not titrate 

metformin atenolol 

FB 4018 V3 -- -- 

amlodipine, 

atorvastatin 

FB 4021 B8, B9 M(2000) B: BID  -- 

FB 4024 V1 G(10),R(8) B: BID 

atenolol, 

atorvastatin 

FF 4017 V3, V4 -- -- lisinopril 

FF 4022 E12, V3 G(20) B:BID 

lisinopril, 

atorvastatin  

 
Oral Titration Policy Key: Dose Frequency Key: 

A – fix tablet size, change daily freq QD – one time per day 

B – fix daily freq, change table size only BID – two times per day 

C – change daily freq 1st, then tab size TID – three times per day 

D – change daily freq & tab size simultaneously QID – four times per day 

E – change tab size, then daily freq  

Table 161: Errors, bugs, and medications for physicians in the hold-out set on Case 
2 – treatment of depression and removal of a contraindicated medication.  The 
“Titration Policy” column specifies the titration p olicy that was followed by the 
physician when performing the case. 
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Strategy 

Phys 

ID 

Bug & Variation 

Settings Oral Medications 

Titration 

Policy 

Other Medication 

Therapies 

FB 4005 V2 R(8) -- 

atorvastatin, 

gemfibrazol 

FB 4006 -- R(8) -- atorvastatin 

FB 4010 B6, V3 R(8) -- 

atorvastatin, 

gemfibrazol 

FB 4013 B1, B11 R(16) B: BID atorvastatin, lisinopril 

FB 4015 B11, V3 R(16) B: BID gemfibrazol 

FB 4017 B11 R(8) -- -- 

FB 4018 V3 R(8) -- 

atorvastatin, 

gemfibrazol 

FB 4019 -- R(8) -- 

atorvastatin, 

gemfibrazol 

FB 4021 B2, B3, B7, B8 M(1000),R(8) B: BID lisinopril 

FB 4023 B6 R(8) -- fenofibrate 

FB 4024 B4, B10, V1, V5 G(10),R(8) B: QD 

gemfibrazol, 

atorvastatin 

FF 4003 B7, B8, B9, B11 M(2000),R(16) B: BID 

atorvastatin, 

gemfibrazol 

 
 

Oral Titration Policy Key: Dose Frequency Key: 

A – fix tablet size, change daily freq QD – one time per day 

B – fix daily freq, change table size only BID – two times per day 

C – change daily freq 1st, then tab size TID – three times per day 

D – change daily freq & tab size simultaneously QID – four times per day 

E – change tab size, then daily freq  

 

Table 162: Errors, bugs, and medications for physicians in the hold-out set on Case 
3 – initiation of insulin.  The “Titration Policy” column specifies the titration policy 
that was followed by the physician when performing the case. 
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Hold-Out Set   Prescribed Blood Glucose Medications 

Case Phys.  ID Strategy Physician Model Model * 

1 

4018 FB M(2000),G(5) M(2000),G(5) M(2000),G(5) 
4011 FB M(2000) M(2000),G(5) M(2000),G(5) 
4006 FB M(1700) M(1700) M(1700) 
4021 FB M(2000) M(1700) M(2000) 
4020 FB M(500),GY(10) M(500),GY(10) M(500),GY(10) 
4008 FB M(850),G(10) M(1000),G(10),P(15) M(1000),G(10) 
4005 FB M(2000) M(2000) M(2000) 
4012 FB M(1000) M(2000) M(1000) 
4013 FF M(2550) M(2550) M(2550) 
4022 FF M(1700),R(8) M(1700),R(8) M(1700),R(8) 
4016 FF M(1700),GY(10) M(1700),GY(10) M(1700),GY(10) 
4003 FF M(500),G(10) M(1700),G(10) M(1700),G(10) 
4007 FF M(1500),G(5) M(1500) M(1500) 

2 

4021 FB M(2000),I(160) M(2000),I(152) M(2000),I(152) 
4024 FB G(10),R(8),I(155) G(10),I(169) G(10),I(169) 
4016 FB M(1000),I(210) M(1000),I(186) M(1000),I(203) 
4006 FB M(1000),I(175) M(1000),I(186) M(1000),I(220) 
4005 FB M(1000),I(167) M(1000),I(203) M(1000),I(203) 
4018 FB I(100) I(203) I(203) 
4022 FF G(20),I(125) G(20),I(186) G(20),I(186) 
4017 FF I(217) I(203) I(203) 

3 

4024 FB G(10),R(8),I(38) G(10),R(8),I(37) G(10),R(8),I(37) 
4017 FB R(16),I(73) R(16),I(42) R(16),I(42) 
4023 FB R(8),I(98) R(8),I(64) R(8),I(64) 
4019 FB R(8),I(75) R(8),I(64) R(8),I(64) 
4010 FB R(8),I(65) R(8),I(32) R(8),I(32) 
4006 FB R(8),I(68) R(8),I(76) R(8),I(88) 
4013 FB R(16),I(44) R(16),I(32) R(16),I(32) 
4018 FB R(8),I(105) R(8),I(76) R(8),I(64) 
4015 FB R(16),I(48) R(16),I(42) R(16),I(42) 
4021 FB M(1000),R(8) M(1000),R(8),I(55) M(1000),R(8),I(22) 
4005 FB R(8),I(24) R(8),I(12) R(8),I(12) 
4003 FF M(2000),R(16),I(4) M(2000),R(16),I(12) M(2000),R(16),I(12) 

 

Table 163: Summary of final medications prescribed by physicians and physician 
models.  Percent difference in A1c is computed as the difference (absolute value) in 
final a1c values obtained by the physician and the specified model divided by the 
final A1c obtained by the physician. 
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Hold-Out Set   % Difference in A1c MSD Accuracy Rate Errors Committed During 1st & 2nd Halves of Treatment 

Case Physician ID Strategy Model Model* Model Model* Physician Model Model* 

1 

4018 FB 0.01 0.01 80 100 E4/ / E4/ 

4011 FB 0.03 0.05 0 78 E1,E4/E1 / E1,E4/E1 

4006 FB 0 0 100 100 /E1,E5 /E1,E5 /E1,E5 

4021 FB 0.06 0 20 50 /E1 E1/ E1 E1/ 

4020 FB 0.01 0 -- -- / / / 

4008 FB 0.06 0.01 67 50 E2/E2 E2/ E2/E2 

4005 FB 0.01 0.01 100 100 / / / 

4012 FB 0.06 0 -- -- / / / 

4013 FF 0.01 0.02 62 75 /E5 E5,/E5 /E5 

4022 FF 0 0.01 -- -- / / / 

4016 FF 0 0 -- -- / / / 

4003 FF 0.06 0.05 -- -- / / / 

4007 FF 0.02 0.03 -- -- / / / 

2 

4021 FB 0.29 0.32 33 33 E8,E9/ E8,E9/ E8,E9/ 

4024 FB 0.04 0 -- -- / / / 

4016 FB 0.02 0.05 100 100 E8,E8 E8,E8 E8,E8 

4006 FB 0 0.02 100 100 E8,E8 E8,E8 E8,E8 

4005 FB 0.16 0.14 100 100 E8,E8 E8,E8 E8,E8 

4018 FB 0.11 0.09 -- -- / / / 

4022 FF 0.01 0.02 100 100 E12/ E12/ E12/ 

4017 FF 0.04 0.01 -- -- / / / 

Table 164: Case 1 and 2 – Summary of modeling outcomes using percent difference in final A1c values obtained by the 
physician and the model, scoring of errors for the first and second halves of the visits with the patient (when there were an 
odd number of visits the middle visit was included in the first half), and minimum string distance accuracy rate.  Percent 
difference in A1c is computed as the difference (absolute value) in final a1c values obtained by the physician and the 
specified model divided by the final A1c obtained by the physician.  Accuracy rates with “--“ entries indicate that no errors 
were committed by the physician or model. 
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Hold-Out Set   % Difference in A1c MSD Accuracy Rate Errors Committed During 1st & 2nd Halves of Treatment 

Case Physician ID Strategy Model Model* Model Model* Physician Model Model* 

3 

4024 FB 0.01 0.02 83 83 E4,E10/E10 E10/E10 E10/E10 

4017 FB 0.07 0.08 100 100 E11/E11 E11/E11 E11/E11 

4023 FB 0.08 0.09 100 100 / / / 

4019 FB 0.03 0.01 -- -- E6/ E6/ E6/ 

4010 FB 0.15 0.15 100 100 E6/ E6/ E6/ 

4006 FB 0.14 0.08 -- -- / / / 

4013 FB 0.03 0.05 71 85 E11/E1,E11 E1,E11/E1,E11 E1,E11/E1,E11 

4018 FB 0.02 0.02 -- -- / / / 

4015 FB 0.02 0.03 60 60 E11/E11 E11/ E11 E11/E11 

4021 FB 0.14 0.05 54 62 E2,E3,E7,E8/E2,E8 E7,E8/E8 E3,E7,E8/E8 

4005 FB 0.01 0.01 100 100 / / / 

4003 FF 0.04 0.06 67 67 E7,E8,E9,E11/E8,E11 E7,E9,E11/E8,E11 E7,E9,E11/E8,E11 

 

Table 165: Case 3 – Summary of modeling outcomes using percent difference in final A1c values obtained by the physician 
and the model, scoring of errors for the first and second halves of the visits with the patient (when there were an odd 
number of visits the middle visit was included in the first half), and minimum string distance accuracy rate.  Percent 
difference in A1c is computed as the difference (absolute value) in final a1c values obtained by the physician and the 
specified model divided by the final A1c obtained by the physician.  Accuracy rates with “--“ entries indicate that no errors 
were committed by the physician or model. 
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Case 1 
 
Feedback 
Physician 4018 
 

 
 

Figure 36: A1c versus days in treatment graph for the feedback competence model, 
physician 4018, model of physician 4018, model of physician 4018 with the 
physician’s scheduling and glucose information seeking moves performing Case 1. 
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Case 1 Visit Number 1 2 3 4 5 
Lab Orders           
  MNT -- -- -- -- -- 
  Nurse Educator X -- -- -- -- 
  A1c order -- X X X X 
  SMBG order X -- -- -- X 
  Creat Order -- -- -- X -- 
  Lipid Order -- -- X X X 
Med Orders           
  Glipizide       5 5 
  Metformin 1000 1000 2000 2000 2000 
  Atorvastatin       10 10 
  Lisinopril       5 5 
Patient State           
  A1c 9.5 8.7 8.7 7.8 7.1 
  Avg SMBG 235 201 201 166 141 
  Creatinine 0.8 0.8 0.8 0.8 1.1 
  LDL 141 141 143 143 103 
  HDL 33 32 34 37 44 
  Triglyceride 187 189 191 194 185 
  Systolic BP 154 158 158 161 157 
  Adherence 0.9 1 0.9 0.9 0.9 
  Days to Next Visit 90 14 90 90   
  Day in Treatment 0 90 104 194 284 
Errors    -- E4  --  --  -- 

Table 166: Decision graph for physician 4018 performing Case 1. 
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Case 1 Visit Number 1 2 3 4 5 
Lab Orders           
  MNT -- -- -- -- -- 
  Nurse Educator X -- -- -- -- 
  A1c order X X X X X 
  SMBG order X X X X X 
  Creat Order X X X X X 
  Lipid Order X X X X X 
Med Orders           
  Glipizide 0 0 5 5 5 
  Metformin 1000 2000 2000 2000 2000 
  Atorvastatin 5 10 20 20 20 
  Lisinopril 10 20 40 60 60 
Patient State           
  A1c 9.5 8.8 7.9 7.2 7.2 
  Avg SMBG 232 202 158 128 126 
  Creatinine 0.8 1.1 1.1 1.2 1.2 
  LDL 142 109 105 97 97 
  HDL 29 30 30 34 33 
  Triglyceride 189 184 176 159 162 
  Systolic BP 151 141 136 132 125 
  Adherence 0.9 1 0.9 0.9 0.9 
  Days to Next Visit 60 60 60 60 60 
  Day in Treatment 0 60 120 180 240 
Errors    --  --  --  --  -- 

Table 167: Decision graph for model 4018 performing Case 1. 
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Case 1 Visit Number 1 2 3 4 5 
Lab Orders           
  MNT -- -- -- -- -- 
  Nurse Educator X -- -- -- -- 
  A1c order -- X X X X 
  SMBG order X -- -- -- X 
  Creat Order X -- X X -- 
  Lipid Order X -- X X -- 
Med Orders           
  Glipizide 0 0 0 5 5 
  Metformin 1000 1000 2000 2000 2000 
  Atorvastatin 5 10 20 20 20 
  Lisinopril 10 20 40 60 60 
Patient State           
  A1c 9.5 8.7 8.8 7.9 7.2 
  Avg SMBG 232 202 201 160 126 
  Creatinine 0.8 1.1 1.1 1.2 1.2 
  LDL 142 108 107 97 97 
  HDL 29 30 30 34 33 
  Triglyceride 189 184 179 159 161 
  Systolic BP 151 141 136 132 125 
  Adherence 0.9 1 0.9 0.9 0.9 
  Days to Next Visit 90 14 90 90   
  Day in Treatment 0 90 104 194 284 
Errors    -- E4  --  --  -- 

Table 168: Decision graph for model 4018 performing Case 1 controlling for 
physician 4018’s scheduling and information seeking moves. 
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Figure 37: A1c versus days in treatment graph for the feedback competence model, 
physician 4011, model of physician 4011, model of physician 4011 with the 
physician’s scheduling and glucose information seeking moves performing Case 1. 

Case 1 Visit Number 1 2 3 4 5 6 7 8 9 
Lab Orders                   
  MNT X -- -- -- -- -- -- -- -- 
  Nurse Educator X -- -- -- -- -- -- -- -- 
  A1c order -- -- X -- -- -- -- X -- 
  SMBG order -- -- -- -- -- -- -- -- -- 
  Creat Order -- -- X X -- -- -- -- -- 
  Lipid Order -- -- -- -- -- X -- X -- 
Med Orders                   
  Glipizide                   
  Metformin 1000 1000 1000 2000 2000 2000 2000 2000 2000 
  Atorvastatin 5 5 5 5 5 5 10 10 10 
  HCTZ       25 25 25 25 25 25 
  Lisinopril 10 10 20 20 20 20 20 20 20 
Patient State                   
  A1c 9.5 8.6 8.4 8.4 7.7 7.5 7.5 7.5 7.5 
  Avg SMBG 235 191 191 191 156 159 158 157 158 
  Creatinine 0.8 1.1 1.1 1.2 1.2 1.2 1.2 1.2 1.2 
  LDL 141 110 108 108 110 109 108 103 103 
  HDL 33 35 37 40 42 44 46 50 50 
  Triglyceride 187 182 183 186 191 186 182 171 176 
  Systolic BP 154 147 147 144 131 130 131 134 132 
  Adherence 0.9 1 0.9 0.9 0.9 0.9 0.9 0.9 0.9 
  Days to Next Visit 28 84 28 28 28 56 56 1   
  Day in Treatment 0 28 112 140 168 196 252 308 309 
Errors    -- E4 E4  -- E1 E1 E1 E1  -- 

Table 169: Decision graph for physician 4011 performing Case 1 
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Case 1 Visit Number 1 2 3 4 5 6 7 8 9 
Lab Orders                   
  MNT -- -- -- -- -- -- -- -- -- 
  Nurse Educator X -- -- -- -- -- -- -- -- 
  A1c order X X X X X X X X X 
  SMBG order X X X X X X X X X 
  Creat Order X X X X X X X X X 
  Lipid Order X X X X X X X X X 
Med Orders                   
  Glipizide 0 0 5 5 5 5 5 5 5 
  Metformin 1000 2000 2000 2000 2000 2000 2000 2000 2000 
  Atorvastatin 5 10 20 20 20 20 20 20 20 
  HCTZ 0 0 0 0 0 0 0 0 0 
  Lisinopril 10 20 40 60 60 60 60 60 60 
Patient State                   
  A1c 9.5 8.8 7.9 7.2 7.2 7.2 7.2 7.2 7.3 
  Avg SMBG 232 202 158 128 126 126 125 122 124 
  Creatinine 0.8 1.1 1.1 1.2 1.2 1.2 1.2 1.2 1.2 
  LDL 142 109 105 97 97 98 98 99 98 
  HDL 29 30 30 34 33 30 28 25 23 
  Triglyceride 189 184 176 159 162 164 160 157 155 
  Systolic BP 151 141 136 132 125 124 123 123 126 
  Adherence 0.9 1 0.9 0.9 0.9 0.9 0.9 0.9 0.9 
  Days to Next Visit 60 60 60 90 90 90 90 90 90 
  Day in Treatment 0 60 120 180 270 360 450 540 630 
Errors    --  --  --  --  --  --  --  --  -- 

Table 170: Decision graph for model 4011 performing Case 1 
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Case 1 Visit Number 1 2 3 4 5 6 7 8 9 
Lab Orders                   
  MNT -- -- -- -- -- -- -- -- -- 
  Nurse Educator X -- -- -- -- -- -- -- -- 
  A1c order -- -- X -- -- -- -- X -- 
  SMBG order -- -- -- -- -- -- -- -- -- 
  Creat Order X X X -- X X X -- -- 
  Lipid Order -- X -- X X X X -- -- 
Med Orders                   
  Glipizide 0 0 0 0 0 0 0 5 5 
  Metformin 1000 1000 2000 2000 2000 2000 2000 2000 2000 
  Atorvastatin 5 10 20 40 40 40 40 40 40 
  HCTZ 0 0 0 0 25 25 25 25 25 
  Lisinopril 10 20 40 60 60 60 60 60 60 
Patient State                   
  A1c 9.5 8.9 8.8 8.1 7.9 7.9 7.9 7.9 7.9 
  Avg SMBG 232 205 204 167 165 165 164 160 163 
  Creatinine 0.8 1.1 1.1 1.2 1.2 1.2 1.2 1.2 1.2 
  LDL 142 112 106 99 89 89 89 90 89 
  HDL 30 31 33 38 40 38 37 35 34 
  Triglyceride 189 185 176 161 141 142 138 135 133 
  Systolic BP 152 143 139 136 130 115 115 115 118 
  Adherence 0.9 1 0.9 0.9 0.9 0.9 0.9 0.9 0.9 
  Days to Next Visit 28 84 28 28 28 56 56 1   
  Day in Treatment 0 28 112 140 168 196 252 308 309 
Errors    -- E4  -- E1 E1 E1 E1 --  -- 

Table 171: Decision graph for model 4011 performing Case 1 controlling for 
physician 4011’s scheduling and information seeking moves. 

 
Analysis of Differences between Physician Errors and Model Errors 
 
When the model computed visits E1 and E4 errors were not generate when Bugs B1 and 
B4 were turned on.  The scheduling of visits was such that previously made medication 
moves did not cause the patient to satisfy the conditions needed for buggy behavior to 
occur.  When scheduling was controlled for in the model E4 and E1 errors occurred.  The 
form of the B4 bug was moves would be made every 90 days when the patient was not at 
goal and A1c was between 9.0 and 9.5%.  This bug generated the first E4 error, but on 
visit three 90 days had lapsed and the model made a move which kept the second E4 
error from being generated.   
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Figure 38: Case 1 – A1c versus days in treatment graph for the feedback 
competence model, physician 4006, model of physician 4006, and model of physician 
4006 with MNT prescribed on visit 2. 

 
Case 1 Visit Number 1 2 3 4 
Lab Orders         
  Nurse Educator -- -- X -- 
  A1c order X X X X 
  SMBG order X X -- X 
  Creat Order X X -- -- 
  Lipid Order X -- X X 
Med Orders         
  Metformin 1000 1700 1700 1700 
  Atorvastatin 10 10 10 10 
  Lisinopril 5 10 10 10 
Patient State         
  A1c 9.5 9 8.2 7.8 
  Avg SMBG 235 201 167 154 
  Creatinine 0.8 1.1 1.1 1.1 
  LDL 141 106 103 101 
  HDL 33 36 37 40 
  Triglyceride 187 172 175 176 
  Systolic BP 154 151 147 148 
  Adherence 0.9 0.9 0.9 1 
  Days to Next Visit 30 30 30   
  Day in Treatment 0 30 60 90 
Errors    --  -- E1 E5 

Table 172: Decision graph for physician 4006 performing Case 1. 
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Case 1 Visit Number 1 2 3 4 
Lab Orders         
  Nurse Educator -- -- X -- 
  A1c order X X X X 
  SMBG order X X X X 
  Creat Order X X X X 
  Lipid Order X X X X 
Med Orders         
  Metformin 1000 1700 1700 1700 
  Atorvastatin 5 10 20 40 
  Lisinopril 10 20 40 60 
Patient State         
  A1c 9.5 9 8.2 7.8 
  Avg SMBG 232 206 168 157 
  Creatinine 0.8 1.1 1.2 1.3 
  LDL 142 121 113 103 
  HDL 29 28 29 33 
  Triglyceride 189 187 180 163 
  Systolic BP 151 142 136 131 
  Adherence 0.9 0.9 0.9 1 
  Days to Next Visit 30 30 30 30 
  Day in Treatment 0 30 60 90 
Errors    --  -- E1 E5 

Table 173: Decision graph for model 4006 performing Case 1. 
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Figure 39: A1c versus days in treatment graph for the feedback competence model, 
physician 4021, and model of physician 4021 performing Case 1. 

 
Case 1 Visit Number 1 2 3 4 
Lab Orders         
  MNT X -- -- -- 
  Nurse Educator X -- -- -- 
  A1c order X -- -- X 
  SMBG order X X -- -- 
  Creat Order -- -- -- X 
  Lipid Order -- -- -- -- 
Med Orders         
  Metformin 1000 1700 2000 2000 
  Lisinopril   5 5 5 
Patient State         
  A1c 9.5 8.4 8.1 7.9 
  Avg SMBG 235 198 187 182 
  Creatinine 0.8 0.8 1.1 1 
  LDL 141 142 143 144 
  HDL 33 33 31 31 
  Triglyceride 187 189 193 191 
  Systolic BP 154 154 152 154 
  Adherence 0.9 1 0.9 0.9 
  Days to Next Visit 60 60 60   
  Day in Treatment 0 60 120 180 
Errors    --  --  -- E1 

Table 174: Decision graph for physician 4021 performing Case 1. 
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Case 1 Visit Number 1 2 3 4 
Lab Orders         
  MNT X -- -- -- 
  Nurse Educator X -- -- -- 
  A1c order X X X X 
  SMBG order X X X X 
  Creat Order X X X X 
  Lipid Order X X X X 
Med Orders         
  Metformin 1000 1000 1000 1700 
  Lisinopril 10 20 20 20 
Patient State         
  A1c 9.5 8.3 8.4 8.4 
  Avg SMBG 232 192 192 194 
  Creatinine 0.8 1.1 1.1 1.1 
  LDL 142 144 145 147 
  HDL 29 27 26 27 
  Triglyceride 189 192 190 184 
  Systolic BP 151 131 127 128 
  Weight 191 185 187 187 
  Depression 10 10 10 10 
  Adherence 0.9 1 0.9 0.9 
  Days to Next Visit 60 60 60 60 
  Day in Treatment 0 60 120 180 
Errors   -- E1 E1 -- 

Table 175: Decision graph for model 4021 performing Case 1. 
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Case 1 Visit Number 1 2 3 4 
Lab Orders         
  MNT X -- -- -- 
  Nurse Educator X -- -- -- 
  A1c order X -- -- X 
  SMBG order X X -- -- 
  Creat Order X X X X 
  Lipid Order X X X -- 
Med Orders         
  Metformin 1000 1000 1700 2000 
  Lisinopril 10 20 20 20 
Patient State         
  A1c 9.5 8.3 8.4 7.9 
  Avg SMBG 232 192 192 170 
  Creatinine 0.8 1.1 1.1 1.1 
  LDL 142 144 145 147 
  HDL 29 27 26 27 
  Triglyceride 189 192 190 184 
  Systolic BP 151 131 127 128 
  Weight 191 185 187 187 
  Depression 10 10 10 10 
  Adherence 0.9 1 0.9 0.9 
  Days to Next Visit 60 60 60   
  Day in Treatment 0 60 120 180 
Errors    -- E1  --  -- 

Table 176: Decision graph for model 4021 performing Case 1 controlling for 
physician 4021’s scheduling and information seeking moves. 

 
Analysis of Differences between Physician Errors and Model Errors 
 
The model generated E1 errors on visits 2 and 3 while the physician only committed the 
error on visit 4.  Bug B1, which generates E1 errors, constrains the model to not making 
medication moves within 120 days of a prior move when A1c values are between 8.0 and 
8.5%.   
 
Notice that the physician obtained current blood glucose information on visit 2 but did 
not obtain current information on visits 3 or 4.  It was this A1c value that was used to 
score the E1 error, which resulted in Bug B1 causing medication moves not to be made 
on visits 2 and 3 when the model treated the patient. 
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Figure 40: A1c versus days in treatment graph for the feedback competence model, 
physician 4020, model of physician 4020, model of physician 4020 with the 
physician’s scheduling and glucose information seeking moves performing Case 1. 

 
Case 1 Visit Number 1 2 3 
Lab Orders       
  MNT -- -- -- 
  Nurse Educator X -- -- 
  A1c order -- X -- 
  SMBG order X X X 
  Creat Order X -- -- 
  Lipid Order -- -- -- 
Med Orders       
  Glyburide 5 10 10 
  Metformin     500 
  Lisinopril 5 10 20 
Patient State       
  A1c 9.5 8.7 8.1 
  Avg SMBG 235 184 172 
  Creatinine 0.8 1.1 1.2 
  LDL 141 141 142 
  HDL 33 35 35 
  Triglyceride 187 186 186 
  Systolic BP 154 148 142 
  Adherence 0.9 1 0.9 
  Days to Next Visit 28 60   
  Day in Treatment 0 28 88 
Errors    --  --  -- 

Table 177: Decision graph for physician 4020 performing Case 1. 
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Case 1 Visit Number 1 2 3 
Lab Orders       
  MNT -- -- -- 
  Nurse Educator X -- -- 
  A1c order X X X 
  SMBG order X X X 
  Creat Order X X X 
  Lipid Order X X X 
Med Orders       
  Glyburide 5 10 10 
  Metformin 0 0 500 
  Lisinopril 10 20 40 
Patient State       
  A1c 9.5 8.6 8.2 
  Avg SMBG 232 184 168 
  Creatinine 0.8 1.1 1.1 
  LDL 142 144 145 
  HDL 29 27 26 
  Triglyceride 189 192 190 
  Systolic BP 151 141 136 
  Adherence 0.9 1 0.9 
  Days to Next Visit 30 30 30 
  Day in Treatment 0 30 60 
Errors    --  --  -- 

Table 178: Decision graph for model 4020 performing Case 1. 
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Case 1 Visit Number 1 2 3 
Lab Orders       
  MNT -- -- -- 
  Nurse Educator X -- -- 
  A1c order -- X -- 
  SMBG order X X X 
  Creat Order -- X X 
  Lipid Order -- X -- 
Med Orders       
  Glyburide 5 10 10 
  Metformin 0 0 500 
  Lisinopril 10 20 40 
Patient State       
  A1c 9.5 8.7 8.1 
  Avg SMBG 232 184 168 
  Creatinine 0.8 1.1 1.1 
  LDL 142 144 145 
  HDL 29 27 26 
  Triglyceride 189 192 190 
  Systolic BP 151 141 136 
  Adherence 0.9 1 0.9 
  Days to Next Visit 28 60   
  Day in Treatment 0 28 88 
Errors    --  --  -- 

Table 179: Decision graph for model 4020 performing Case 1 controlling for 
physician 4020’s scheduling and information seeking moves. 
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Figure 41: A1c versus days in treatment graph for the feedback competence model, 
physician 4008, model of physician 4008, model of physician 4008 with the 
physician’s scheduling and glucose information seeking moves performing Case 1. 

Case 1 Visit Number 1 2 3 4 5 6 
Lab Orders             
  MNT -- -- -- -- -- -- 
  Nurse Educator X -- -- -- -- -- 
  A1c order X -- -- -- X X 
  SMBG order -- -- -- -- -- -- 
  Creat Order -- -- -- -- -- -- 
  Lipid Order X -- -- -- -- -- 
Med Orders             
  Glipizide 5 10 10 10 10 10 
  Metformin           850 
  Simvastatin 20 20 20 20 20 20 
  Atenolol 25 50 50 50 50 50 
  Lisinopril       5 10 10 
Patient State             
  A1c 9.5 8.5 8.1 8.2 8.3 8.3 
  Avg SMBG 235 198 183 185 186 184 
  Creatinine 0.8 0.8 0.8 0.8 1.1 1.1 
  LDL 141 93 94 95 99 98 
  HDL 33 39 37 39 42 40 
  Triglyceride 187 167 171 176 183 189 
  Systolic BP 154 148 146 149 146 143 
  Adherence 0.9 1 0.9 0.9 0.9 0.9 
  Days to Next Visit 60 90 90 60 60   
  Day in Treatment 0 60 150 240 300 360 
Errors    --  -- E2 E2 E2  -- 

Table 180: Decision graph for physician 4008 performing Case 1. 
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Case 1 Visit Number 1 2 3 4 5 6 
Lab Orders             

  MNT -- -- -- -- -- -- 
  Nurse Educator X -- -- -- -- -- 
  A1c order X X X X X X 
  SMBG order X X X X X X 
  Creat Order X X X X X X 
  Lipid Order X X X X X X 
Med Orders             
  Glipizide 5 5 10 10 10 10 
  Metformin 0 0 0 500 1000 1000 
  Pioglitazone 0 0 0 0 0 15 
  Simvastatin 5 10 20 40 40 40 
  Atenolol 25 50 75 100 100 100 
  Lisinopril 0 0 0 0 10 10 
Patient State             
  A1c 9.5 8.8 8.8 8.4 8.2 7.8 
  Avg SMBG 232 202 201 185 170 152 
  Creatinine 0.8 0.8 0.8 0.8 0.8 1.1 
  LDL 142 116 112 104 93 93 
  HDL 29 29 29 33 34 31 
  Triglyceride 189 186 180 164 147 150 
  Systolic BP 151 146 141 139 134 123 
  Weight 191 189 190 191 192 192 
  Depression 10 10 10 10 10 10 
  Adherence 0.9 1 0.9 0.9 0.9 0.9 
  Days to Next Visit 60 60 60 60 60 60 
  Day in Treatment 0 60 120 180 240 300 
Errors    -- E2  --  --  --  -- 

Table 181: Decision graph for model 4008 performing Case 1. 
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Case 1 Visit Number 1 2 3 4 5 6 
Lab Orders             
  MNT -- -- -- -- -- -- 
  Nurse Educator X -- -- -- -- -- 
  A1c order X -- -- -- X X 
  SMBG order -- -- -- -- -- -- 
  Creat Order X X X X X X 
  Lipid Order X X X X X -- 
Med Orders             
  Glipizide 5 5 10 10 10 10 
  Metformin 0 0 0 500 500 1000 
  Simvastatin 5 10 20 40 40 40 
  Atenolol 25 50 75 100 100 100 
  Lisinopril 0 0 0 0 10 10 
Patient State             
  A1c 9.5 8.8 8.8 8.4 8.2 8.2 
  Avg SMBG 232 202 201 185 170 171 
  Creatinine 0.8 0.8 0.8 0.8 0.8 1.1 
  LDL 142 116 112 103 93 93 
  HDL 29 29 29 33 34 31 
  Triglyceride 189 186 180 164 147 150 
  Systolic BP 151 146 141 139 134 123 
  Adherence 0.9 1 0.9 0.9 0.9 0.9 
  Days to Next Visit 60 90 90 60 60   
  Day in Treatment 0 60 150 240 300 360 
Errors    -- E2  --  -- E2  -- 

Table 182: Decision graph for model 4008 performing Case 1 controlling for 
physician 4008’s scheduling and information seeking moves. 

 
Analysis of Differences between Physician Errors and Model Errors 
 
Bug B2 caused the model to generate the E2 error on visit 2 because the patient’s A1c 
was 8.8 and 60 days had elapsed since the last move (the bug constrains med moves to 
every 90 days or more).  After the patient’s A1c was below 8.5% the bug did not affect 
the model, because the model obtained blood glucose measures each visit the E2 error 
only occurred on 1 visit.  When scheduling and information seeking were controlled for 
the model generated an E2 error on visit 5 because A1c information was not current. 
 
On visit 2 the physician made a med move but did not make med moves on visits 3 
through 5.  The physician did not obtain current blood glucose information every visit 
and waited 300 days between prescribing glipizide at 10mg and starting metformin at 850 
mg.  The modeled bug for error E2  
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Figure 42: A1c versus days in treatment graph for the feedback competence model, 
physician 4005, and model of physician 4005 performing Case 1. 

 
Case 1 Visit Number 1 2 
Lab Orders     
  MNT X -- 
  Nurse Educator X -- 
  A1c order X X 
  SMBG order X X 
  Creat Order -- X 
  Lipid Order X X 
Med Orders     
  Metformin 1000 2000 
  Simvastatin 10 20 
  Lisinopril 10 20 
Patient State     
  A1c 9.5 8.4 
  Avg SMBG 235 190 
  Creatinine 0.8 1.1 
  LDL 141 107 
  HDL 33 38 
  Triglyceride 187 177 
  Systolic BP 154 144 
  Adherence 0.9 1 
  Days to Next Visit 60   
  Day in Treatment 0 60 
Errors   -- -- 

Table 183: Decision graph for physician 4005 performing Case 1. 
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Case 1 Visit Number 1 2 
Lab Orders     
  MNT X -- 
  Nurse Educator X -- 
  A1c order X X 
  SMBG order X X 
  Creat Order X X 
  Lipid Order X X 
Med Orders     
  Metformin 1000 2000 
  Simvastatin 5 10 
  Lisinopril 10 20 
Patient State     
  A1c 9.5 8.3 
  Avg SMBG 232 192 
  Creatinine 0.8 1.1 
  LDL 142 116 
  HDL 29 29 
  Triglyceride 189 186 
  Systolic BP 151 131 
  Adherence 0.9 1 
  Days to Next Visit 60 60 
  Day in Treatment 0 60 
Errors   -- -- 

Table 184: Decision graph for model 4005 performing Case 1 controlling for 
physician 4005’s scheduling and information seeking moves. 
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Figure 43: A1c versus days in treatment graph for the feedback competence model, 
physician 4012, model of physician 4012, model of physician 4012 with the 
physician’s scheduling and glucose information seeking moves performing Case 1. 

Case 1 Visit Number 1 2 
Lab Orders     
  MNT X -- 
  Nurse Educator X -- 
  A1c order -- -- 
  SMBG order X X 
  Creat Order -- -- 
  Lipid Order -- -- 
Med Orders     
  Metformin 1000 1000 
  Atorvastatin   10 
  Lisinopril 5 10 
Patient State     
  A1c 9.5 8.9 
  Avg SMBG 235 188 
  Creatinine 0.8 1.1 
  LDL 141 141 
  HDL 33 35 
  Triglyceride 187 186 
  Systolic BP 154 148 
  Adherence 0.9 1 
  Days to Next Visit 10   
  Day in Treatment 0 10 
Errors    --  -- 

Table 185: Decision graph for physician 4012 performing Case 1. 
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Case 1 Visit Number 1 2 
Lab Orders     
  MNT X -- 
  Nurse Educator X -- 
  A1c order X X 
  SMBG order X X 
  Creat Order X X 
  Lipid Order X X 
Med Orders     
  Metformin 1000 2000 
  Atorvastatin 5 10 
  Lisinopril 10 20 
Patient State     
  A1c 9.5 8.5 
  Avg SMBG 232 192 
  Creatinine 0.8 1.1 
  LDL 142 112 
  HDL 29 30 
  Triglyceride 189 185 
  Systolic BP 151 131 
  Adherence 0.9 1 
  Days to Next Visit 30 30 
  Day in Treatment 0 30 
Errors    --  -- 

Table 186: Decision graph for model 4012 performing Case 1. 
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Case 1 Visit Number 1 2 
Lab Orders     
  MNT X -- 
  Nurse Educator X -- 
  A1c order -- -- 
  SMBG order X X 
  Creat Order X -- 
  Lipid Order -- -- 
Med Orders     
  Metformin 1000 1000 
  Atorvastatin 5 5 
  Lisinopril 10 10 
Patient State     
  A1c 9.5 8.9 
  Avg SMBG 232 192 
  Creatinine 0.8 1.1 
  LDL 142 127 
  HDL 29 28 
  Triglyceride 189 188 
  Systolic BP 151 131 
  Adherence 0.9 1 
  Days to Next Visit 10   
  Day in Treatment 0 10 
Errors    --  -- 

Table 187: Decision graph for model 4012 performing Case 1 controlling for 
physician 4012’s scheduling and information seeking moves. 
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FEEDFORWARD 
 

 

Figure 44: A1c versus days in treatment graph for the feedforward competence 
model, physician 4013, model of physician 4013, model of physician 4013 with the 
physician’s scheduling and glucose information seeking moves performing Case 1. 

 
Case 1 Visit Number 1 2 3 4 5 6 7 8 
Lab Orders                 
  MNT -- -- -- X -- -- -- -- 
  Nurse Educator X -- -- -- -- -- -- -- 
  A1c order -- -- -- -- -- X -- -- 
  SMBG order X -- X X X X X X 
  Creat Order -- -- X -- -- X -- X 
  Lipid Order -- -- -- -- -- X -- -- 
Med Orders                 
  Metformin 1000 1000 1500 2000 2550 2550 2550 2550 
  Simvastatin 10 10 10 10 10 10 20 20 
  HCTZ         25 25     
  Lisinopril 10 10 20 40 40 40 40 40 
Patient State                 
  A1c 9.5 9.5 9.2 8.6 7.7 7.5 7.5 7.3 
  Avg SMBG 235 219 202 188 162 163 162 151 
  Creatinine 0.8 0.9 1.1 1.2 1.3 1.3 1.3 1.3 
  LDL 141 139 121 110 110 109 108 102 
  HDL 33 33 37 40 41 43 44 47 
  Triglyceride 187 186 185 184 189 184 180 173 
  Systolic BP 154 149 147 144 139 125 125 136 
  Adherence 0.9 1 0.9 0.9 0.9 0.9 0.9 0.9 
  Days to Next Visit 1 14 30 30 30 1 14   
  Day in Treatment 0 1 15 45 75 105 106 120 
Errors    --  --  --  --  -- E5  --  -- 

Table 188: Decision graph for physician 4013 performing Case 1. 
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Case 1 Visit Number 1 2 3 4 5 6 7 8 
Lab Orders                 
  MNT X -- -- -- -- -- -- -- 
  Nurse Educator X -- -- -- -- -- -- -- 
  A1c order X X X -- X -- X X 
  SMBG order X X X X X X X X 
  Creat Order X X X -- X X X X 
  Lipid Order X X X -- X -- X X 
Med Orders                 
  Metformin 1000 1500 1700 1700 1700 2550 2550 2550 
  Simvastatin 5 10 20 40 40 40 40 40 
  HCTZ 0 0 0 0 0 0 0 0 
  Lisinopril 10 20 20 20 20 20 20 20 
Patient State                 
  A1c 9.5 8.5 8.1 7.9 7.9 7.8 7.7 7.2 
  Avg SMBG 232 192 176 171 168 169 136 131 
  Creatinine 0.8 1.1 1.1 1.1 1.1 1.1 1.1 1.1 
  LDL 142 119 113 105 101 95 95 95 
  HDL 29 29 29 33 33 31 29 26 
  Triglyceride 189 187 180 165 161 151 147 143 
  Systolic BP 151 131 127 128 125 123 122 121 
  Adherence 0.9 1 0.9 0.9 0.9 0.9 0.9 0.9 
  Days to Next Visit 28 28 28 7 28 7 28 28 
  Day in Treatment 0 28 56 84 91 119 126 154 
Errors    --  --  -- E5 E5  --  --  -- 

Table 189: Decision graph for model 4013 performing Case 1. 
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Case 1 Visit Number 1 2 3 4 5 6 7 8 
Lab Orders                 
  MNT X -- -- -- -- -- -- -- 
  Nurse Educator X -- -- -- -- -- -- -- 
  A1c order -- -- -- -- -- X -- -- 
  SMBG order X -- X X X X X X 
  Creat Order X -- X X X X -- -- 
  Lipid Order -- -- X X X -- -- -- 
Med Orders                 
  Metformin 1000 1000 1500 1700 1700 2550 2550 2550 
  Simvastatin 5 5 10 20 40 40 40 40 
  HCTZ 0 0 0 0 0 0 0 0 
  Lisinopril 10 10 20 20 20 20 20 20 
Patient State                 
  A1c 9.5 9.4 8.8 8.2 7.9 7.8 7.8 7.5 
  Avg SMBG 232 218 191 177 167 168 158 130 
  Creatinine 0.8 1 1.2 1.3 1.3 1.3 1.3 1.3 
  LDL 142 142 129 115 105 95 96 95 
  HDL 29 27 27 31 32 31 29 26 
  Triglyceride 189 191 186 174 168 152 148 143 
  Systolic BP 151 144 132 128 125 123 122 120 
  Adherence 0.9 1 0.9 0.9 0.9 0.9 0.9 0.9 
  Days to Next Visit 1 14 30 30 30 1 14   
  Day in Treatment 0 1 15 45 75 105 106 120 
Errors    --  --  --  -- E5  --  --  -- 

Table 190: Decision graph for model 4013 performing Case 1 controlling for 
physician 4013’s scheduling and information seeking moves. 

 
Analysis of Differences between Physician Errors and Model Errors 
 
The physician committed an E5 error on visit 6 because the average SMBG was 
163mg/dL and no blood glucose move was made.  Bug B5 generated this error via the 
model on visits 4 and 5 since the average SMBG was between 184 and 162mg/dL and the 
last move was made within 42 days of that visit.  When scheduling and information 
seeking were controlled for the model committed an E5 error on visit 5 while the 
physician committed the error on visit 6.  The physician and model differed in how they 
titrated medications which resulted in A1c values following different trajectories and 
errors occurring on different visits. 
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Figure 45: A1c versus days in treatment graph for the feedforward competence 
model, physician 4022, model of physician 4022, model of physician 4022 with the 
physician’s scheduling and glucose information seeking moves performing Case 1. 

Case 1 Visit Number 1 2 3 
Lab Orders       
  MNT X -- -- 
  Nurse Educator X -- -- 
  A1c order X -- X 
  SMBG order X -- X 
  Creat Order X -- -- 
  Lipid Order X -- X 
Med Orders       
  Metformin 1000 1700 1700 
  Rosiglitazone     8 
  Atorvastatin 10 10 10 
  Lisinopril   10 10 
Patient State       
  A1c 9.5 8.7 8 
  Avg SMBG 235 198 178 
  Creatinine 0.8 0.8 1.1 
  LDL 141 105 102 
  HDL 33 37 40 
  Triglyceride 187 176 176 
  Systolic BP 154 154 145 

Adherence 0.9 1 0.9 
  Days to Next Visit 28 60   
  Day in Treatment 0 28 88 
Errors    --  --  -- 

Table 191: Decision graph for physician 4022 performing Case 1. 
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Case 1 Visit Number 1 2 3 
Lab Orders       
  MNT X -- -- 
  Nurse Educator X -- -- 
  A1c order X X X 
  SMBG order X X X 
  Creat Order X X X 
  Lipid Order X X X 
Med Orders       
  Metformin 1000 1700 1700 
  Rosiglitazone 0 0 8 
  Atorvastatin 5 10 20 
  Lisinopril 10 20 20 
Patient State       
  A1c 9.5 8.5 8 
  Avg SMBG 232 192 168 
  Creatinine 0.8 1.1 1.1 
  LDL 142 112 107 
  HDL 29 29 30 
  Triglyceride 189 185 177 
  Systolic BP 151 131 127 
  Adherence 0.9 1 0.9 
  Days to Next Visit 28 28 28 
  Day in Treatment 0 28 56 
Errors    --  --  -- 

Table 192: Decision graph for model 4022 performing Case 1. 
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Case 1 Visit Number 1 2 3 
Lab Orders       
  MNT X -- -- 
  Nurse Educator X -- -- 
  A1c order X -- X 
  SMBG order X -- X 
  Creat Order X X -- 
  Lipid Order X X -- 
Med Orders       
  Metformin 1000 1700 1700 
  Rosiglitazone 0 0 8 
  Atorvastatin 5 10 20 
  Lisinopril 10 20 20 
Patient State       
  A1c 9.5 8.5 7.9 
  Avg SMBG 232 192 168 
  Creatinine 0.8 1.1 1.1 
  LDL 142 112 106 
  HDL 29 29 30 
  Triglyceride 189 185 176 
  Systolic BP 151 131 127 
  Adherence 0.9 1 0.9 
  Days to Next Visit 28 60   
  Day in Treatment 0 28 88 
Errors    --  --  -- 

Table 193: Decision graph for model 4022 performing Case 1 controlling for 
physician 4022’s scheduling and information seeking moves. 
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Figure 46: A1c versus days in treatment graph for the feedforward competence 
model, physician 4016, model of physician 4016, model of physician 4016 with the 
physician’s scheduling and glucose information seeking moves performing Case 1. 

 
Case 1 Visit Number 1 2 3 4 
Lab Orders         
  MNT -- -- X -- 
  Nurse Educator X -- -- X 
  A1c order -- -- X -- 
  SMBG order X X X X 
  Creat Order -- -- X X 
  Lipid Order -- -- -- -- 
Med Orders         
  Metformin 1000 1700 1700 1700 
  Glyburide       10 
  Simvastatin   20 20 20 
  Lisinopril 10 20 40 40 
Patient State         
  A1c 9.5 9.2 8.8 8.1 
  Avg SMBG 235 200 178 175 
  Creatinine 0.8 1.1 1.2 1.3 
  LDL 141 142 115 99 
  HDL 33 35 38 39 
  Triglyceride 187 193 181 175 
  Systolic BP 154 144 137 136 
  Adherence 0.9 1 0.9 0.9 
  Days to Next Visit 14 14 28   
  Day in Treatment 0 14 28 56 
Errors    --  --  --  -- 

Table 194: Decision graph for physician 4016 performing Case 1. 
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Case 1 Visit Number 1 2 3 4 
Lab Orders         
  MNT X -- -- -- 
  Nurse Educator X -- -- -- 
  A1c order -- -- X -- 
  SMBG order X X X X 
  Creat Order -- X X -- 
  Lipid Order -- -- X -- 
Med Orders         
  Metformin 0 0 0 10 
  Glyburide 0 1000 1700 1700 
  Simvastatin 5 5 10 20 
  Lisinopril 10 10 20 40 
Patient State         
  A1c 9.5 9.2 9 8.1 
  Avg SMBG 232 227 196 175 
  Creatinine 0.8 1.1 1.1 1.2 
  LDL 142 134 129 116 
  HDL 30 29 30 35 
  Triglyceride 189 190 187 175 
  Systolic BP 152 134 135 132 
  Adherence 0.9 1 0.9 0.9 
  Days to Next Visit 7 7 28 7 
  Day in Treatment 0 7 14 42 
Errors    --  --  --  -- 

Table 195: Decision graph for model 4016 performing Case 1. 
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Case 1 Visit Number 1 2 3 4 
Lab Orders         
  MNT X -- -- -- 
  Nurse Educator X -- -- -- 
  A1c order -- -- X -- 
  SMBG order X X X X 
  Creat Order -- X X -- 
  Lipid Order -- X X -- 
Med Orders         
  Metformin 0 0 0 10 
  Glyburide 0 1000 1700 1700 
  Simvastatin 5 10 20 40 
  Lisinopril 10 20 40 40 
Patient State         
  A1c 9.5 9.1 8.8 8.1 
  Avg SMBG 232 227 194 175 
  Creatinine 0.8 1.1 1.1 1.2 
  LDL 142 127 118 106 
  HDL 30 30 32 37 
  Triglyceride 189 188 182 165 
  Systolic BP 152 133 130 127 
  Adherence 0.9 1 0.9 0.9 
  Days to Next Visit 14 14 28   
  Day in Treatment 0 14 28 56 
Errors    --  --  --  -- 

Table 196: Decision graph for model 4016 performing Case 1 controlling for 
physician 4016’s scheduling and information seeking moves. 
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Figure 47: A1c versus days in treatment graph for the feedforward competence 
model, physician 4003, model of physician 4003, model of physician 4003 with the 
physician’s scheduling and glucose information seeking moves performing Case 1. 

 
 

Case 1 Visit Number 1 2 3 4 5 
Lab Orders           
  MNT X -- -- -- -- 
  Nurse Educator -- -- X -- -- 
  A1c order -- -- -- -- X 
  SMBG order X X X X X 
  Creat Order -- -- -- -- X 
  Lipid Order -- -- -- -- X 
Med Orders           
  Glipizide 5 10 10 10 10 
  Metformin         500 
Patient State           
  A1c 9.5 9.2 8.9 8.4 8.2 
  Avg SMBG 235 192 176 169 166 
  Creatinine 0.8 0.8 0.8 0.8 0.8 
  LDL 141 141 140 142 143 
  HDL 33 35 38 41 44 
  Triglyceride 187 186 185 183 181 
  Systolic BP 154 145 146 143 142 
  Adherence 0.9 0.9 0.9 1 0.9 
  Days to Next Visit 7 7 14 14   
  Day in Treatment 0 7 14 28 42 
Errors    --  --  --  --  -- 

Table 197: Decision graph for physician 4003 performing Case 1. 
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Case 1 Visit Number 1 2 3 4 5 
Lab Orders           
  MNT X -- -- -- -- 
  Nurse Educator X -- -- -- -- 
  A1c order X X X -- X 
  SMBG order X X X X X 
  Creat Order X X X X X 
  Lipid Order X X X -- X 
Med Orders           
  Glipizide 5 10 10 10 10 
  Metformin 0 0 500 1000 1700 
Patient State           
  A1c 9.5 8.5 8.1 7.8 7.7 
  Avg SMBG 232 192 174 164 143 
  Creatinine 0.8 0.8 0.8 0.8 0.8 
  LDL 142 144 145 147 146 
  HDL 29 27 26 27 27 
  Triglyceride 189 192 190 184 186 
  Systolic BP 151 141 141 142 139 
  Adherence 0.9 1 0.9 0.9 0.9 
  Days to Next Visit 28 28 28 7 28 
  Day in Treatment 0 28 56 84 91 
Errors    --  --  --  --  -- 

Table 198: Decision graph for model 4003 performing Case 1. 
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Case 1 Visit Number 1 2 3 4 5 
Lab Orders           
  MNT X -- -- -- -- 
  Nurse Educator X -- -- -- -- 
  A1c order -- -- -- -- X 
  SMBG order X X X X X 
  Creat Order -- -- X X X 
  Lipid Order -- -- X -- -- 
Med Orders           
  Glipizide 5 10 10 10 10 
  Metformin 0 0 500 1000 1700 
Patient State           
  A1c 9.5 9 8.8 8.2 7.8 
  Avg SMBG 232 194 175 164 142 
  Creatinine 0.8 0.8 0.8 0.8 0.8 
  LDL 142 144 145 147 146 
  HDL 29 27 26 27 27 
  Triglyceride 189 192 190 184 186 
  Systolic BP 151 142 141 142 139 
  Adherence 0.9 1 0.9 0.9 0.9 
  Days to Next Visit 7 7 14 14   
  Day in Treatment 0 7 14 28 42 
Errors    --  --  --  --  -- 

Table 199: Decision graph for model 4003 performing Case 1 controlling for 
physician 4003’s scheduling and information seeking moves. 
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Figure 48: A1c versus days in treatment graph for the feedforward competence 
model, physician 4007, model of physician 4007, model of physician 4007 with the 
physician’s scheduling and glucose information seeking moves performing Case 1. 

Case 1 Visit Number 1 2 
Lab Orders     
  MNT X -- 
  Nurse Educator -- -- 
  A1c order X -- 
  SMBG order X X 
  Creat Order -- X 
  Lipid Order X -- 
Med Orders     
  Glipizide   5 
  Metformin 1000 1500 
  Atorvastatin 10 20 
  Lisinopril 10 20 
Patient State     
  A1c 9.5 8.7 
  Avg SMBG 235 192 
  Creatinine 0.8 1.1 
  LDL 141 106 
  HDL 33 36 
  Triglyceride 187 172 
  Systolic BP 154 147 
  Adherence 0.9 0.9 
  Days to Next Visit 30   
  Day in Treatment 0 30 
Errors    --  -- 

Table 200: Decision graph for physician 4007 performing Case 1. 
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Case 1 Visit Number 1 2 
Lab Orders     
  MNT X -- 
  Nurse Educator X -- 
  A1c order X X 
  SMBG order X X 
  Creat Order X X 
  Lipid Order X X 

Med Orders     
  Glipizide 0 0 
  Metformin 1000 1500 
  Atorvastatin 5 10 
  Lisinopril 10 20 
Patient State     
  A1c 9.5 8.5 
  Avg SMBG 232 192 
  Creatinine 0.8 1.1 
  LDL 142 112 
  HDL 29 29 
  Triglyceride 189 185 
  Systolic BP 151 131 
  Adherence 0.9 1 
  Days to Next Visit 28 28 
  Day in Treatment 0 28 
Errors    --  -- 

Table 201: Decision graph for model 4007 performing Case 1. 
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Case 1 Visit Number 1 2 
Lab Orders     
  MNT X -- 
  Nurse Educator X -- 
  A1c order X -- 
  SMBG order X X 
  Creat Order X X 
  Lipid Order X -- 
Med Orders     
  Glipizide 0 0 
  Metformin 1000 1500 
  Atorvastatin 5 10 
  Lisinopril 10 20 
Patient State     
  A1c 9.5 8.5 
  Avg SMBG 232 192 
  Creatinine 0.8 1.1 
  LDL 142 112 
  HDL 29 30 
  Triglyceride 189 185 
  Systolic BP 151 131 
  Adherence 0.9 1 
  Days to Next Visit 30   
  Day in Treatment 0 30 
Errors    --  -- 

Table 202: Decision graph for model 4007 performing Case 1 controlling for 
physician 4007’s scheduling and information seeking moves. 
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CASE 2 
 
FEEDBACK 
 

 

Figure 49: A1c versus days in treatment graph for the feedback competence model, 
physician 4021, model of physician 4021, model of physician 4021 with the 
physician’s scheduling and glucose information seeking moves performing Case 2. 
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Case 2 Visit Number 1 2 3 
Lab Orders       
  MNT X -- X 
  Psychologist X -- -- 
  Nurse Educator X -- -- 
  A1c order X -- X 
  SMBG order X X X 
  Creat Order X -- X 
  Lipid Order -- -- -- 
Med Orders       
  Metformin 1000 2000 2000 
  Zoloft   50 50 
  Insulin 145 160 160 
  Atorvastatin 20 20 20 
  HCTZ 25 25 25 
Patient State       
  A1c 10.5 9.7 5.8 
  Avg SMBG 268 237 123 
  Creatinine 1.5 1.5 1.5 
  LDL 158 141 125 
  HDL 31 32 32 
  Triglyceride 378 358 327 
  Systolic BP 149 141 132 
  Weight 290 291 292 
  Depression 60 30 0 
  Adherence 0.5 1 1 
  Days to Next Visit 60 60   
  Day in Treatment 0 60 120 
Errors   E8 E9 E8 

Table 203: Decision graph for physician 4021 performing Case 2. 
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Case 2 Visit Number 1 2 3 
Lab Orders       
  MNT X -- -- 
  Psychologist X -- -- 
  Nurse Educator X -- -- 
  A1c order X X X 
  SMBG order X X X 
  Creat Order X X X 
  Lipid Order X X X 
Med Orders       
  Metformin 2000 2000 2000 
  Zoloft 50 50 50 
  Insulin 152 152 152 
  Atorvastatin 20 20 20 
  HCTZ 25 25 25 
Patient State       
  A1c 10.5 7.2 7.2 
  Avg SMBG 265 187 205 
  Creatinine 1.5 1.5 1.5 
  LDL 159 146 150 
  HDL 25 25 23 
  Triglyceride 379 357 361 
  Systolic BP 151 131 135 
  Weight 291 286 288 
  Depression 60 15 15 
  Adherence 0.5 1 0.8 
  Days to Next Visit 30 90 90 
  Day in Treatment 0 30 120 
Errors   E9 E8 E8 

Table 204: Decision graph for model 4021 performing Case 2. 
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Case 2 Visit Number 1 2 3 
Lab Orders       
  MNT X -- -- 
  Psychologist X -- -- 
  Nurse Educator X -- -- 
  A1c order X X X 
  SMBG order X X X 
  Creat Order X X -- 
  Lipid Order X X -- 
Med Orders       
  Metformin 2000 2000 2000 
  Zoloft 50 50 50 
  Insulin 152 152 152 
  Atorvastatin 20 20 20 
  HCTZ 25 25 25 
Patient State       
  A1c 10.5 6.4 7.1 
  Avg SMBG 265 187 205 
  Creatinine 1.5 1.5 1.5 
  LDL 159 145 150 
  HDL 25 25 23 
  Triglyceride 379 355 360 
  Systolic BP 151 131 135 
  Weight 291 285 286 
  Depression 60 15 15 
  Adherence 0.5 1 0.8 
  Days to Next Visit 60 60   
  Day in Treatment 0 60 120 
Errors   E9 E8 E8 

Table 205: Decision graph for model 4021 performing Case 2 controlling for 
physician 4021’s scheduling and information seeking moves. 

 
Analysis of Differences between Physician Errors and Model Errors 
 
The physician separated the referral to the psychologist and the initiation of Zoloft to 
separate visits.  The model titrates orals to a maximum dose and then starts insulin.  If a 
patient is taking bedtime and mealtime insulin and an insulin sensitizer (i.e., metformin, 
rosiglitazone, pioglitazone) has not been prescribed at a maximum dose then the model 
will simultaneously titrate oral and insulin doses.  The physician incremented the insulin 
dose on visit 1 but did not stop metformin, on visit 2 the physician then incremented 
metformin and insulin doses.  This is titration pattern that the models cannot generate, but 
the titration pattern created by the model generated the same type of errors as those of the 
physician.  
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Figure 50: A1c versus days in treatment graph for the feedback competence model, 
physician 4024, model of physician 4024, model of physician 4024 with the 
physician’s scheduling and glucose information seeking moves performing Case 2. 
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Case 2 Visit Number 1 2 3 
Lab Orders       
  MNT X -- -- 
  Psychologist X -- -- 
  Nurse Educator X -- -- 
  A1c order X -- -- 
  SMBG order X X X 
  Creat Order X -- -- 
  Lipid Order X -- -- 
Med Orders       
  Glipizide 10 10 10 
  Rosiglitazone     8 
  Zoloft 50 100 100 
  Insulin 145 145 155 
  Atorvastatin 40 80 80 
  HCTZ 25 25 25 
  Atenolol 50 50 50 
Patient State       
  A1c 10.5 9.2 6.6 
  Avg SMBG 259 215 164 
  Creatinine 1.5 1.5 1.5 
  LDL 156 127 97 
  HDL 27 30 33 
  Triglyceride 387 298 235 
  Systolic BP 151 124 106 
  Weight 290 287 285 
  Depression 60 15 0 
  Adherence 0.5 1 1 
  Days to Next Visit 42 70   
  Day in Treatment 0 42 112 
Errors    --  --  -- 

Table 206: Decision graph for physician 4024 performing Case 2. 
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Case 2 Visit Number 1 2 3 
Lab Orders       
  MNT X -- -- 
  Psychologist X -- -- 
  Nurse Educator X -- -- 
  A1c order X X X 
  SMBG order X X X 
  Creat Order X X X 
  Lipid Order X X X 
Med Orders       
  Glipizide 10 10 10 
  Rosiglitazone 0 0 0 
  Zoloft 50 100 100 
  Insulin 152 169 169 
  Atorvastatin 40 80 80 
  HCTZ 25 25 25 
  Atenolol 25 25 25 
Patient State       
  A1c 10.5 7.8 6.8 
  Avg SMBG 265 222 198 
  Creatinine 1.5 1.5 1.5 
  LDL 159 132 119 
  HDL 25 26 26 
  Triglyceride 379 302 294 
  Systolic BP 151 126 125 
  Weight 291 286 287 
  Depression 60 15 0 
  Adherence 0.5 1 1 
  Days to Next Visit 30 30 90 
  Day in Treatment 0 30 60 
Errors    --  --  -- 

Table 207: Decision graph for model 4024 performing Case 2. 
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Case 2 Visit Number 1 2 3 
Lab Orders       
  MNT X -- -- 
  Psychologist X -- -- 
  Nurse Educator X -- -- 
  A1c order X -- -- 
  SMBG order X X X 
  Creat Order X X -- 
  Lipid Order X X -- 
Med Orders       
  Glipizide 10 10 10 
  Rosiglitazone 0 0 0 
  Zoloft 50 100 100 
  Insulin 152 169 169 
  Atorvastatin 40 80 80 
  HCTZ 25 25 25 
  Atenolol 25 25 25 
Patient State       
  A1c 10.5 7.4 6.6 
  Avg SMBG 265 222 197 
  Creatinine 1.5 1.5 1.5 
  LDL 159 130 117 
  HDL 25 27 26 
  Triglyceride 379 297 293 
  Systolic BP 151 126 125 
  Weight 291 285 286 
  Depression 60 15 0 
  Adherence 0.5 1 1 
  Days to Next Visit 42 70   
  Day in Treatment 0 42 112 
Errors    --  --  -- 

Table 208: Decision graph for model 4024 performing Case 2 controlling for 
physician 4024’s scheduling and information seeking moves. 

 



416 
 

 

Figure 51: A1c versus days in treatment graph for the feedback competence model, 
physician 4016, model of physician 4016, model of physician 4016 with the 
physician’s scheduling and glucose information seeking moves performing Case 2. 
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Case 2 Visit Number 1 2 3 4 5 
Lab Orders           
  MNT -- X -- -- -- 
  Psychologist X -- -- -- -- 
  Nurse Educator X -- -- X -- 
  A1c order -- -- X -- -- 
  SMBG order X X X X X 
  Creat Order -- -- -- -- -- 
  Lipid Order -- -- X -- -- 
Med Orders           
  Metformin 1000 1000 1000 1000 1000 
  Zoloft 100 100 100 100 100 
  Insulin 155 180 195 210 210 
  Atorvastatin 20 20 20 40 40 
  HCTZ 25 25 25 25 25 
  Atenolol 25 25 25 25 25 
Patient State           
  A1c 10.5 10 7.5 6.9 6.7 
  Avg SMBG 256 225 137 131 110 
  Creatinine 1.5 1.5 1.5 1.5 1.5 
  LDL 159 150 136 136 122 
  HDL 28 29 32 34 39 
  Triglyceride 377 357 330 331 279 
  Systolic BP 149 136 124 122 124 
  Weight 290 290 287 287 286 
  Depression 60 4 0 0 0 
  Adherence 0.5 1 1 1 1 
  Days to Next Visit 14 30 30 60   
  Day in Treatment 0 14 44 74 134 
Errors   E8 E8 E8 E8 E8 

Table 209: Decision graph for physician 4016 performing Case 2. 
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Case 2 Visit Number 1 2 3 4 5 
Lab Orders           
  MNT X -- -- -- -- 
  Psychologist X -- -- -- -- 
  Nurse Educator X -- -- -- -- 
  A1c order X X X X X 
  SMBG order X X X X X 
  Creat Order X X X X X 
  Lipid Order X X X X X 
Med Orders           
  Metformin 1000 1000 1000 1000 1000 
  Zoloft 50 100 100 100 100 
  Insulin 152 169 186 186 186 
  Atorvastatin 40 80 80 80 80 
  HCTZ 25 25 25 25 25 
  Atenolol 25 25 25 25 25 
Patient State           
  A1c 10.5 8.1 7.2 6.9 6.8 
  Avg SMBG 265 240 215 206 202 
  Creatinine 1.5 1.5 1.5 1.5 1.5 
  LDL 159 132 119 119 119 
  HDL 25 26 26 27 27 
  Triglyceride 379 302 294 288 290 
  Systolic BP 151 126 125 125 124 
  Weight 291 286 287 287 288 
  Depression 60 15 0 0 0 
  Adherence 0.5 1 1 1 1 
  Days to Next Visit 30 30 30 90 90 
  Day in Treatment 0 30 60 90 180 
Errors   E8 E8 E8 E8 E8 

Table 210: Decision graph for model 4016 performing Case 2. 
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Case 2 Visit Number 1 2 3 4 5 
Lab Orders           
  MNT X -- -- -- -- 
  Psychologist X -- -- -- -- 
  Nurse Educator X -- -- -- -- 
  A1c order -- -- X -- -- 
  SMBG order X X X X X 
  Creat Order -- X X X -- 
  Lipid Order -- X X X -- 
Med Orders           
  Metformin 1000 1000 1000 1000 1000 
  Zoloft 50 100 100 100 100 
  Insulin 152 152 169 186 203 
  Atorvastatin 40 80 80 80 80 
  HCTZ 25 25 25 25 25 
  Atenolol 25 25 25 25 25 
Patient State           
  A1c 10.5 9 7.7 7.4 7 
  Avg SMBG 265 240 234 218 203 
  Creatinine 1.5 1.5 1.5 1.5 1.5 
  LDL 159 142 119 119 119 
  HDL 25 25 26 27 27 
  Triglyceride 379 329 299 292 294 
  Systolic BP 151 126 125 125 123 
  Weight 291 288 287 288 288 
  Depression 60 17 0 0 0 
  Adherence 0.5 1 1 1 1 
  Days to Next Visit 14 30 30 60   
  Day in Treatment 0 14 44 74 134 
Errors   E8 E8 E8 E8 E8 

Table 211: Decision graph for model 4016 performing Case 2 controlling for 
physician 4016’s scheduling and information seeking moves. 
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Figure 52: A1c versus days in treatment graph for the feedback competence model, 
physician 4006, model of physician 4006, model of physician 4006 with the 
physician’s scheduling and glucose information seeking moves performing Case 2. 
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Case 2 Visit Number 1 2 3 4 5 6 7 
Lab Orders               
  MNT X -- -- -- -- -- -- 
  Psychologist X -- -- -- -- -- -- 
  Nurse Educator X -- -- -- -- -- -- 
  A1c order X -- X X -- X X 
  SMBG order X X X X X X X 
  Creat Order X -- X -- -- -- X 
  Lipid Order X -- X -- -- -- X 
Med Orders               
  Metformin 1000 1000 1000 1000 1000 1000 1000 
  Rosiglitazone   4 4         
  Zoloft 50 50 50 50 50 50 50 
  Insulin 145 155 165 165 170 175 175 
  Atorvastatin 40 40 40 40 40 40 40 
  HCTZ 25 25 25 25 25 25 25 
Patient State               
  A1c 10.5 10 8.5 6.7 7 6.9 6.9 
  Avg SMBG 259 228 178 167 185 179 176 
  Creatinine 1.5 1.5 1.5 1.5 1.5 1.5 1.5 
  LDL 159 139 125 116 115 114 114 
  HDL 27 28 28 31 30 31 29 
  Triglyceride 381 334 286 260 257 254 253 
  Systolic BP 149 141 132 135 134 133 132 
  Weight 290 288 287 286 287 287 287 
  Depression 60 17 2 1 1 1 1 
  Adherence 0.5 1 1 1 1 1 1 
  Days to Next Visit 14 14 42 42 60 14   
  Day in Treatment 0 14 28 70 112 172 186 
Errors   E8 E8 E8 E8 E8 E8 E8 

Table 212: Decision graph for physician 4006 performing Case 2. 
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Case 2 Visit Number 1 2 3 4 5 6 7 
Lab Orders               
  MNT X -- -- -- -- -- -- 
  Psychologist X -- -- -- -- -- -- 
  Nurse Educator X -- -- -- -- -- -- 
  A1c order X X X X X X X 
  SMBG order X X X X X X X 
  Creat Order X X X X X X X 
  Lipid Order X X X X X X X 
Med Orders               
  Metformin 1000 1000 1000 1000 1000 1000 1000 
  Rosiglitazone 0 0 0 0 0 0 0 
  Zoloft 50 100 100 100 100 100 100 
  Insulin 152 169 186 186 186 186 186 
  Atorvastatin 40 80 80 80 80 80 80 
  HCTZ 25 25 25 25 25 25 25 
Patient State               
  A1c 10.5 8.1 7.2 6.9 6.8 6.9 6.9 
  Avg SMBG 265 240 215 206 202 204 201 
  Creatinine 1.5 1.5 1.5 1.5 1.5 1.5 1.5 
  LDL 159 132 119 119 119 119 120 
  HDL 25 26 26 27 27 24 21 
  Triglyceride 379 302 294 288 290 293 289 
  Systolic BP 151 131 130 130 129 128 128 
  Weight 291 286 287 287 288 289 292 
  Depression 60 15 0 0 0 0 0 
  Adherence 0.5 1 1 1 1 1 1 
  Days to Next Visit 30 30 30 90 90 90 90 
  Day in Treatment 0 30 60 90 180 270 360 
Errors   E8 E8 E8 E8 E8 E8 E8 

Table 213: Decision graph for model 4006 performing Case 2. 
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Case 2 Visit Number 1 2 3 4 5 6 7 
Lab Orders               
  MNT X -- -- -- -- -- -- 
  Psychologist X -- -- -- -- -- -- 
  Nurse Educator X -- -- -- -- -- -- 
  A1c order X -- X X -- X X 
  SMBG order X X X X X X X 
  Creat Order -- -- X X X -- -- 
  Lipid Order -- -- X X X -- -- 
Med Orders               
  Metformin 1000 1000 1000 1000 1000 1000 1000 
  Rosiglitazone 0 0 0 0 0 0 0 
  Zoloft 50 100 100 100 100 100 100 
  Insulin 152 152 169 186 203 220 220 
  Atorvastatin 40 80 80 80 80 80 80 
  HCTZ 25 25 25 25 25 25 25 
Patient State               
  A1c 10.5 9 8.2 7.8 7.5 7.2 7 
  Avg SMBG 265 240 234 218 203 191 177 
  Creatinine 1.5 1.5 1.5 1.5 1.5 1.5 1.5 
  LDL 159 142 126 121 121 122 122 
  HDL 25 25 25 27 27 24 21 
  Triglyceride 379 329 306 294 296 299 295 
  Systolic BP 151 131 130 130 128 127 125 
  Weight 291 288 287 288 288 289 290 
  Depression 60 17 0 0 0 0 0 
  Adherence 0.5 1 1 1 1 1 1 
  Days to Next Visit 14 14 42 42 60 14   
  Day in Treatment 0 14 28 70 112 172 186 
Errors   E8 E8 E8 E8 E8 E8 E8 

Table 214: Decision graph for model 4006 performing Case 2 controlling for 
physician 4006’s scheduling and information seeking moves. 
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Figure 53: A1c versus days in treatment graph for the feedback competence model, 
physician 4005, model of physician 4005, model of physician 4005 with the 
physician’s scheduling and glucose information seeking moves performing Case 2. 
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Case 2 Visit Number 1 2 3 4 5 
Lab Orders           
  MNT -- -- -- -- -- 
  Psychologist -- -- -- -- -- 
  Nurse Educator X -- -- -- -- 
  A1c order -- -- -- -- -- 
  SMBG order X X X X X 
  Creat Order X -- -- -- X 
  Lipid Order X -- -- -- X 
Med Orders           
  Metformin 1000 1000 1000 1000 1000 
  Zoloft 50 50 50 100 100 
  Insulin 135 145 155 155 167 
  Atorvastatin 40 40 40 40 40 
  HCTZ 25 25 25 25 25 
  Lisinopril 10 10 10 10 10 
Patient State           
  A1c 10.5 10.3 10 10.3 10.5 
  Avg SMBG 261 241 187 216 222 
  Creatinine 1.5 1.8 1.8 1.8 1.8 
  LDL 158 142 136 137 136 
  HDL 27 29 30 32 32 
  Triglyceride 384 347 332 330 328 
  Systolic BP 153 137 135 141 140 
  Weight 290 289 289 290 290 
  Depression 60 47 36 40 26 
  Adherence 0.5 0.8 0.6 0.6 0.7 
  Days to Next Visit 14 14 14 14   
  Day in Treatment 0 14 28 42 56 
Errors   E8 E8 E8 E8 E8 

Table 215: Decision graph for physician 4005 performing Case 2. 
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Case 2 Visit Number 1 2 3 4 5 
Lab Orders           
  MNT -- -- -- -- -- 
  Psychologist X -- -- -- -- 
  Nurse Educator X -- -- -- -- 
  A1c order X X X X X 
  SMBG order X X X X X 
  Creat Order X X X X X 
  Lipid Order X X X X X 
Med Orders           
  Metformin 1000 1000 1000 1000 1000 
  Zoloft 50 100 100 100 100 
  Insulin 135 152 169 186 203 
  Atorvastatin 40 80 80 80 80 
  HCTZ 25 25 25 25 25 
  Lisinopril 10 20 20 20 20 
Patient State           
  A1c 10.5 10.1 9.4 9.1 8.8 
  Avg SMBG 265 252 233 217 202 
  Creatinine 1.5 1.8 1.9 1.9 1.9 
  LDL 159 132 119 119 119 
  HDL 26 28 29 31 32 
  Triglyceride 379 302 294 288 290 
  Systolic BP 152 133 128 129 129 
  Weight 291 290 290 291 292 
  Depression 60 15 0 0 0 
  Adherence 0.5 1 1 1 1 
  Days to Next Visit 30 30 30 30 30 
  Day in Treatment 0 30 60 90 120 
Errors   E8 E8 E8 E8 E8 

Table 216: Decision graph for model 4005 performing Case 2. 
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Case 2 Visit Number 1 2 3 4 5 
Lab Orders           
  MNT -- -- -- -- -- 
  Psychologist X -- -- -- -- 
  Nurse Educator X -- -- -- -- 
  A1c order -- -- -- -- -- 
  SMBG order X X X X X 
  Creat Order -- -- X -- -- 
  Lipid Order -- -- X -- -- 
Med Orders           
  Metformin 1000 1000 1000 1000 1000 
  Zoloft 50 100 100 100 100 
  Insulin 135 152 169 186 203 
  Atorvastatin 40 80 80 80 80 
  HCTZ 25 25 25 25 25 
  Lisinopril 10 20 20 20 20 
Patient State           
  A1c 10.5 10.3 9.5 9.3 9 
  Avg SMBG 265 252 233 217 202 
  Creatinine 1.5 1.8 1.9 1.9 1.9 
  LDL 159 142 126 123 121 
  HDL 26 27 28 31 32 
  Triglyceride 379 329 306 296 297 
  Systolic BP 152 133 128 129 128 
  Weight 291 290 291 291 292 
  Depression 60 17 0 0 0 
  Adherence 0.5 1 1 1 1 
  Days to Next Visit 14 14 14 14   
  Day in Treatment 0 14 28 42 56 
Errors   E8 E8 E8 E8 E8 

Table 217: Decision graph for model 4005 performing Case 2 controlling for 
physician 4005’s scheduling and information seeking moves. 
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Figure 54: A1c versus days in treatment graph for the feedback competence model, 
physician 4018, model of physician 4018, model of physician 4018 with the 
physician’s scheduling and glucose information seeking moves performing Case 2. 
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Case 2 Visit Number 1 2 3 4 
Lab Orders         
  MNT -- -- -- -- 
  Psychologist -- -- X -- 
  Nurse Educator X -- -- -- 
  A1c order X X X -- 
  SMBG order X X X X 
  Creat Order X X X -- 
  Lipid Order -- X X -- 
Med Orders         
  Zoloft 0 0 100 100 
  Insulin 155 165 65 100 
  Atorvastatin 20 20 40 80 
  HCTZ 25 25 25 25 
  Lisinopril 5 0 0 0 
Patient State         
  A1c 10.5 11.3 12.2 13.5 
  Avg SMBG 266 277 283 314 
  Creatinine 1.5 1.6 1.5 1.5 
  LDL 157 156 156 126 
  HDL 29 32 34 37 
  Triglyceride 384 383 388 304 
  Systolic BP 153 149 148 132 
  Weight 291 291 290 292 
  Depression 60 60 60 0 
  Adherence 0.5 0.5 0.5 1 
  Days to Next Visit 30 60 60   
  Day in Treatment 0 30 90 150 
Errors    --  --  --  -- 

Table 218: Decision graph for physician 4018 performing Case 2. 
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Case 2 Visit Number 1 2 3 4 
Lab Orders         
  MNT -- -- -- -- 
  Psychologist -- -- X -- 
  Nurse Educator X -- -- -- 
  A1c order X X X X 
  SMBG order X X X X 
  Creat Order X X X X 
  Lipid Order X X X X 
Med Orders         
  Zoloft 0 0 50 100 
  Insulin 152 169 186 203 
  Atorvastatin 40 80 80 80 
  HCTZ 25 25 25 25 
  Lisinopril 0 0 0 0 
Patient State         
  A1c 10.5 11.3 11.9 12 
  Avg SMBG 265 284 268 265 
  Creatinine 1.5 1.5 1.5 1.5 
  LDL 159 147 133 125 
  HDL 26 27 29 31 
  Triglyceride 379 358 303 292 
  Systolic BP 152 151 148 136 
  Weight 291 290 290 291 
  Depression 60 60 60 15 
  Adherence 0.5 0.5 0.5 0.8 
  Days to Next Visit 30 30 30 30 
  Day in Treatment 0 30 60 90 
Errors    --  --  --  -- 

Table 219: Decision graph for model 4018 performing Case 2. 
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Case 2 Visit Number 1 2 3 4 
Lab Orders         
  MNT -- -- -- -- 
  Psychologist -- -- X -- 
  Nurse Educator X -- -- -- 
  A1c order X X X -- 
  SMBG order X X X X 
  Creat Order X X X -- 
  Lipid Order X X X -- 
Med Orders         
  Zoloft 0 0 50 100 
  Insulin 152 169 186 203 
  Atorvastatin 40 80 80 80 
  HCTZ 25 25 25 25 
  Lisinopril 0 0 0 0 
Patient State         
  A1c 10.5 11.3 12.1 12.3 
  Avg SMBG 265 284 268 265 
  Creatinine 1.5 1.5 1.5 1.5 
  LDL 159 147 132 124 
  HDL 26 27 29 32 
  Triglyceride 379 358 298 290 
  Systolic BP 152 151 148 136 
  Weight 291 290 291 291 
  Depression 60 60 60 15 
  Adherence 0.5 0.5 0.5 0.8 
  Days to Next Visit 30 60 60   
  Day in Treatment 0 30 90 150 
Errors    --  --  --  -- 

Table 220: Decision graph for model 4018 performing Case 2 controlling for 
physician 4018’s scheduling and information seeking moves. 
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FEEDFORWARD 
 

 

Figure 55: A1c versus days in treatment graph for the feedforward competence 
model, physician 4022, model of physician 4022, model of physician 4022 with the 
physician’s scheduling and glucose information seeking moves performing Case 2. 
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Case 2 Visit Number 1 2 3 
Lab Orders         
  MNT -- -- -- 
  Psychologist X -- -- 
  Nurse Educator X -- -- 
  A1c order -- X -- 
  SMBG order X X X 
  Creat Order -- X -- 
  Lipid Order -- X -- 
Med Orders         
  Glipizide 20 20 20 
  Zoloft 50 100 100 
  Insulin 135 115 125 
  Atorvastatin 40 40 40 
  HCTZ 25 25 25 
  Lisinopril 10 10 10 
Patient State         
  A1c 10.5 9.4 8.9 
  Avg SMBG 260 208 155 
  Creatinine 1.5 1.8 1.9 
  LDL 159 131 124 
  HDL 31 34 34 
  Triglyceride 378 301 286 
  Systolic BP 149 131 118 
  Weight 290 290 290 
  Depression 60 15 0 
  Adherence 0.5 1 1 
  Days to Next Visit 30 7   
  Day in Treatment 0 30 37 
Errors   E12  --  -- 

Table 221: Decision graph for physician 4022 performing Case 2. 
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Case 2 Visit Number 1 2 3 
Lab Orders         
  MNT -- -- -- 
  Psychologist X -- -- 
  Nurse Educator X -- -- 
  A1c order -- X -- 
  SMBG order X X X 
  Creat Order -- X -- 
  Lipid Order -- X -- 
Med Orders         
  Glipizide 20 20 20 
  Zoloft 50 100 100 
  Insulin 152 169 186 
  Atorvastatin 40 80 80 
  HCTZ 25 25 25 
  Lisinopril 10 20 20 
Patient State         
  A1c 10.5 9.9 8.8 
  Avg SMBG 265 224 200 
  Creatinine 1.5 1.8 1.9 
  LDL 159 142 126 
  HDL 26 27 28 
  Triglyceride 379 329 306 
  Systolic BP 152 133 128 
  Weight 291 290 291 
  Depression 60 17 0 
  Adherence 0.5 1 1 
  Days to Next Visit 14 14 14 
  Day in Treatment 0 14 28 
Errors   E12  --  -- 

Table 222: Decision graph for model 4022 performing Case 2. 
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Case 2 Visit Number 1 2 3 
Lab Orders         
  MNT -- -- -- 
  Psychologist X -- -- 
  Nurse Educator X -- -- 
  A1c order -- X -- 
  SMBG order X X X 
  Creat Order X -- -- 
  Lipid Order X -- -- 
Med Orders         
  Glipizide 20 20 20 
  Zoloft 50 100 100 
  Insulin 152 169 186 
  Atorvastatin 40 80 80 
  HCTZ 25 25 25 
  Lisinopril 10 20 20 
Patient State         
  A1c 10.5 9.5 9.1 
  Avg SMBG 265 224 200 
  Creatinine 1.5 1.8 1.9 
  LDL 159 132 127 
  HDL 26 28 29 
  Triglyceride 379 302 297 
  Systolic BP 152 133 128 
  Weight 291 290 290 
  Depression 60 15 0 
  Adherence 0.5 1 1 
  Days to Next Visit 30 7   
  Day in Treatment 0 30 37 
Errors   E12  --  -- 

Table 223: Decision graph for model 4022 performing Case 2 controlling for 
physician 4022’s scheduling and information seeking moves. 
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Figure 56: A1c versus days in treatment graph for the feedforward competence 
model, physician 4017, model of physician 4017, model of physician 4017 with the 
physician’s scheduling and glucose information seeking moves performing Case 2. 
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Case 2 Visit Number 1 2 3 4 
Lab Orders         
  MNT -- -- -- -- 
  Psychologist X -- -- -- 
  Nurse Educator -- -- -- -- 
  A1c order -- -- -- -- 
  SMBG order X X X X 
  Creat Order X -- X -- 
  Lipid Order -- -- -- -- 
Med Orders         
  Insulin 165 165 188 217 
  Atorvastatin 20 20 20 20 
  HCTZ 25 25 25 25 
  Lisinopril   10 10 10 
Patient State         
  A1c 10.5 10.8 10.7 10.7 
  Avg SMBG 264 269 235 228 
  Creatinine 1.5 1.5 1.8 1.8 
  LDL 159 154 151 150 
  HDL 29 31 30 32 
  Triglyceride 379 367 359 361 
  Systolic BP 153 148 138 139 
  Weight 291 292 292 293 
  Depression 60 30 30 30 
  Adherence 0.5 0.7 0.7 0.7 
  Days to Next Visit 14 7 7   
  Day in Treatment 0 14 21 28 
Errors    --  --  --  -- 

Table 224: Decision graph for physician 4017 performing Case 2. 
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Case 2 Visit Number 1 2 3 4 

Lab Orders         
  MNT -- -- -- -- 
  Psychologist X -- -- -- 
  Nurse Educator X -- -- -- 
  A1c order -- -- X -- 
  SMBG order X X X X 
  Creat Order -- -- X -- 
  Lipid Order -- -- X -- 
Med Orders         
  Insulin 152 169 186 203 
  Atorvastatin 20 20 20 20 
  HCTZ 25 25 25 25 
  Lisinopril 10 20 20 40 
Patient State         
  A1c 10.5 10.5 10.4 11.1 
  Avg SMBG 265 284 258 253 
  Creatinine 1.5 1.8 1.8 1.8 
  LDL 159 151 153 158 
  HDL 26 26 26 28 
  Triglyceride 379 365 364 365 
  Systolic BP 152 133 137 138 
  Weight 291 290 291 291 
  Depression 60 30 30 30 
  Adherence 0.5 1 0.7 0.7 
  Days to Next Visit 14 7 14 14 
  Day in Treatment 0 14 21 35 
Errors    --  --  --  -- 

Table 225: Decision graph for model 4017 performing Case 2. 
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Case 2 Visit Number 1 2 3 4 
Lab Orders         
  MNT -- -- -- -- 
  Psychologist X -- -- -- 
  Nurse Educator X -- -- -- 
  A1c order -- -- -- -- 
  SMBG order X X X X 
  Creat Order -- -- X -- 
  Lipid Order -- -- X -- 
Med Orders         
  Insulin 152 169 186 203 
  Atorvastatin 20 20 20 20 
  HCTZ 25 25 25 25 
  Lisinopril 10 20 20 40 
Patient State         
  A1c 10.5 10.5 10.4 10.8 
  Avg SMBG 265 284 258 253 
  Creatinine 1.5 1.8 1.8 1.8 
  LDL 159 151 153 157 
  HDL 26 26 26 28 
  Triglyceride 379 365 364 362 
  Systolic BP 152 133 137 138 
  Weight 291 290 291 291 
  Depression 60 30 30 30 
  Adherence 0.5 1 0.7 0.7 
  Days to Next Visit 14 7 7   
  Day in Treatment 0 14 21 28 
Errors    --  --  --  -- 

Table 226: Decision graph for model 4017 performing Case 2 controlling for 
physician 4017’s scheduling and information seeking moves. 
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CASE 3 
 
FEEDBACK 
 

 

Figure 57: A1c versus days in treatment graph for the feedback competence model, 
physician 4024, model of physician 4024, model of physician 4024 with the 
physician’s scheduling and glucose information seeking moves performing Case 3. 
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Case 3 Visit Number 1 2 3 4 5 
Lab Orders           
  MNT X -- -- -- -- 
  Nurse Educator X -- -- -- -- 
  A1c order -- X -- X -- 
  SMBG order X X X X X 
  Creat Order -- X -- X -- 
  Lipid Order -- X -- X -- 
Med Orders           
  Glipizide 10 10 10 10 10 
  Rosiglitazone 8 8 8 8 8 
  Insulin     20 29 38 
  Atorvastatin     10 10 10 
  Gemfibrazol 1200 1200 1200 1200 1200 
Patient State           
  A1c 9.8 8.5 8.2 7.6 7.3 
  Avg SMBG 242 189 193 173 161 
  Creatinine 1.5 1.5 1.5 1.5 1.5 
  LDL 121 123 123 90 89 
  HDL 37 40 41 48 47 
  Triglyceride 526 362 346 310 314 
  Systolic BP 130 122 123 123 123 
  Weight 260 257 257 258 259 
  Adherence 0.9 1 0.9 0.9 0.9 
  Days to Next Visit 28 42 42 42   
  Day in Treatment 0 28 70 112 154 
Errors   E10 E4,E10, E10 E10 E10 

Table 227: Decision graph for physician 4024 performing Case 3. 
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Case 3 Visit Number 1 2 3 4 5 
Lab Orders           
  MNT X -- -- -- -- 
  Nurse Educator X -- -- -- -- 
  A1c order X X X X X 
  SMBG order X X X X X 
  Creat Order X X X X X 
  Lipid Order X X X X X 
Med Orders           
  Glipizide 10 10 10 10 10 
  Rosiglitazone 8 8 8 8 8 
  Insulin 0 12 22 32 37 
  Atorvastatin 0 5 5 5 5 
  Gemfibrazol 1200 1200 1200 1200 1200 
Patient State           
  A1c 9.8 8 7.9 7.5 7.2 
  Avg SMBG 242 176 164 150 136 
  Creatinine 1.5 1.5 1.5 1.5 1.5 
  LDL 122 124 100 99 99 
  HDL 32 35 31 33 32 
  Triglyceride 519 341 435 442 444 
  Systolic BP 131 121 121 122 120 
  Weight 261 255 256 257 257 
  Adherence 0.9 1 0.9 0.9 0.9 
  Days to Next Visit 60 30 30 30 30 
  Day in Treatment 0 60 90 120 150 
Errors   E10 E10 E10 E10 E10 

Table 228: Decision graph for model 4024 performing Case 3. 
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Case 3 Visit Number 1 2 3 4 5 
Lab Orders           
  MNT X -- -- -- -- 
  Nurse Educator X -- -- -- -- 
  A1c order -- X -- X -- 
  SMBG order X X X X X 
  Creat Order -- X X X -- 
  Lipid Order -- X X X -- 
Med Orders           
  Glipizide 10 10 10 10 10 
  Rosiglitazone 8 8 8 8 8 
  Insulin 0 12 22 32 37 
  Atorvastatin 0 5 5 5 5 
  Gemfibrazol 1200 1200 1200 1200 1200 
Patient State           
  A1c 9.8 8.4 7.8 7.4 7.2 
  Avg SMBG 242 177 165 149 136 
  Creatinine 1.5 1.5 1.5 1.5 1.5 
  LDL 122 124 98 99 99 
  HDL 32 34 31 33 32 
  Triglyceride 519 361 455 453 455 
  Systolic BP 131 121 121 122 120 
  Weight 261 256 257 258 258 
  Adherence 0.9 1 0.9 0.9 0.9 
  Days to Next Visit 28 42 42 42   
  Day in Treatment 0 28 70 112 154 
Errors   E10 E10 E10 E10 E10 

Table 229: Decision graph for model 4024 performing Case 3 controlling for 
physician 4024’s scheduling and information seeking moves. 

 
Analysis of Differences between Physician Errors and Model Errors 
 
The physician committed an E4 error on visit 2, however the model was not able to 
generate the error.  Bug B4 was turned on but by visit 2 the patient’s A1c was below 
8.5% and the bug was not activated.  The difference in A1c values on visit 2 occurred 
because the model increased exercise as part of medical nutrition therapy (prescribed on 
visit 1) whereas the physician did not increase exercise.  An increase in exercise accounts 
for the difference in A1c values. 
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Figure 58: A1c versus days in treatment graph for the feedback competence model, 
physician 4017, model of physician 4017, model of physician 4017 with the 
physician’s scheduling and glucose information seeking moves performing Case 3. 

 
Case 3 Visit Number 1 2 3 4 5 
Lab Orders           
  MNT X -- -- -- -- 
  Nurse Educator X -- -- -- -- 
  A1c order -- -- -- -- -- 
  SMBG order X X X X X 
  Creat Order -- -- -- -- -- 
  Lipid Order -- -- -- -- X 
Med Orders           
  Rosiglitazone 16 16 16 16 16 
  Insulin   20 40 60 73 
Patient State           
  A1c 9.8 9.4 8.9 8.5 7.6 
  Avg SMBG 237 226 213 207 197 
  Creatinine 1.5 1.5 1.5 1.5 1.5 
  LDL 120 119 119 119 119 
  HDL 36 36 35 33 36 
  Triglyceride 517 514 513 512 511 
  Systolic BP 130 129 128 126 125 
  Weight 261 259 258 258 258 
  Adherence 0.9 1 0.9 0.9 0.9 
  Days to Next Visit 14 14 14 30   
  Day in Treatment 0 14 28 42 72 
Errors   E11 E11 E11 E11 E11 

Table 230: Decision graph for physician 4017 performing Case 3. 
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Case 3 Visit Number 1 2 3 4 5 
Lab Orders           
  MNT X -- -- -- -- 
  Nurse Educator X -- -- -- -- 
  A1c order X X X X X 
  SMBG order X X X X X 
  Creat Order X X X X X 
  Lipid Order X X X X X 
Med Orders           
  Rosiglitazone 16 16 16 16 16 
  Insulin 0 12 22 32 42 
Patient State           
  A1c 9.8 9.1 8.9 8.4 8.1 
  Avg SMBG 242 229 205 191 176 
  Creatinine 1.5 1.5 1.5 1.5 1.5 
  LDL 122 124 125 127 126 
  HDL 32 30 29 30 30 
  Triglyceride 519 522 520 514 516 
  Systolic BP 131 121 121 122 120 
  Weight 261 255 256 257 257 
  Adherence 0.9 1 0.9 0.9 0.9 
  Days to Next Visit 60 30 30 30 30 
  Day in Treatment 0 60 90 120 150 
Errors   E11 E11 E11 E11 E11 

Table 231: Decision graph for model 4017 performing Case 3. 
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Case 3 Visit Number 1 2 3 4 5 
Lab Orders           
  MNT X -- -- -- -- 
  Nurse Educator X -- -- -- -- 
  A1c order -- -- -- -- -- 
  SMBG order X X X X X 
  Creat Order -- -- X X -- 
  Lipid Order -- -- X X -- 
Med Orders           
  Rosiglitazone 16 16 16 16 16 
  Insulin 0 12 22 32 42 
Patient State           
  A1c 9.8 9.4 9.1 8.7 8.2 
  Avg SMBG 242 232 206 192 178 
  Creatinine 1.5 1.5 1.5 1.5 1.5 
  LDL 122 124 125 127 126 
  HDL 32 30 29 30 30 
  Triglyceride 519 522 520 514 516 
  Systolic BP 131 121 121 122 119 
  Weight 261 258 258 258 258 
  Adherence 0.9 1 0.9 0.9 0.9 
  Days to Next Visit 14 14 14 30   
  Day in Treatment 0 14 28 42 72 
Errors   E11 E11 E11 E11 E11 

Table 232: Decision graph for model 4017 performing Case 3 controlling for 
physician 4017’s scheduling and information seeking moves. 
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Figure 59: A1c versus days in treatment graph for the feedback competence model, 
physician 4019, and model of physician 4019 with the physician’s scheduling and 
glucose information seeking moves performing Case 3. 

 
Case 3 Visit Number 1 2 3 4 5 6 
Lab Orders             
  MNT X -- -- -- -- -- 
  Nurse Educator X -- -- -- -- -- 
  A1c order -- -- X X X -- 
  SMBG order X X X X X X 
  Creat Order X -- -- X -- -- 
  Lipid Order X -- -- X X -- 
Med Orders             
  Rosiglitazone 8 8 8 8 8 8 
  Insulin 30 30 45 50 70 75 
  Atorvastatin 10 10 10 10     
Patient State             
  A1c 9.8 9.3 8.4 8.1 8 7.7 
  Avg SMBG 236 199 194 184 172 157 
  Creatinine 1.5 1.5 1.5 1.5 1.5 1.5 
  LDL 121 110 89 89 89 115 
  HDL 36 36 38 40 40 36 
  Triglyceride 522 510 491 488 491 360 
  Systolic BP 133 134 133 134 136 139 
  Weight 261 260 258 259 261 262 
  Adherence 0.9 1 0.9 0.9 0.9 0.9 
  Days to Next Visit 7 30 30 90 90   
  Day in Treatment 0 7 37 67 157 247 
Errors    --  --  --  --  --  -- 

Table 233: Decision graph for physician 4019 performing Case 3. 
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Case 3 Visit Number 1 2 3 4 5 6 
Lab Orders             
  MNT X -- -- -- -- -- 
  Nurse Educator X -- -- -- -- -- 
  A1c order X X X X X X 
  SMBG order X X X X X X 
  Creat Order -- -- -- -- -- -- 
  Lipid Order X -- -- -- -- -- 
Med Orders             
  Rosiglitazone 8 8 8 8 8 8 
  Insulin 12 22 32 42 52 64 
  Atorvastatin 5 5 5 5 5 5 
Patient State             
  A1c 9.8 8.9 8.3 8 7.8 7.5 
  Avg SMBG 242 215 190 179 164 145 
  Creatinine 1.5 1.9 1.9 1.9 1.9 1.9 
  LDL 121 95 93 93 92 91 
  HDL 33 35 35 37 38 36 
  Triglyceride 519 503 499 493 496 498 
  Systolic BP 132 108 108 110 109 108 
  Weight 261 256 257 257 258 258 
  Adherence 0.9 1 1 1 1 1 
  Days to Next Visit 30 30 30 30 30 30 
  Day in Treatment 0 30 60 90 120 150 
Errors    --  --  --  --  --  -- 

Table 234: Decision graph for model 4019 performing Case 3. 
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Case 3 Visit Number 1 2 3 4 5 6 
Lab Orders             
  MNT X -- -- -- -- -- 
  Nurse Educator X -- -- -- -- -- 
  A1c order -- -- X X X -- 
  SMBG order X X X X X X 
  Creat Order -- X X X X -- 
  Lipid Order -- X X X X -- 
Med Orders             
  Rosiglitazone 8 8 8 8 8 8 
  Insulin 12 22 32 42 52 64 
  Atorvastatin 5 5 5 5 5 5 
Patient State             
  A1c 9.8 9.4 8.6 8.3 8.1 7.8 
  Avg SMBG 242 234 212 205 190 174 
  Creatinine 1.5 1.5 1.5 1.5 1.5 1.5 
  LDL 122 114 100 100 100 101 
  HDL 32 31 31 33 33 30 
  Triglyceride 519 515 502 496 498 500 
  Systolic BP 131 122 121 122 119 118 
  Weight 261 259 258 258 259 260 
  Adherence 0.9 1 0.9 0.9 0.9 0.9 
  Days to Next Visit 7 30 30 90 90   
  Day in Treatment 0 7 37 67 157 247 
Errors    --  --  --  --  --  -- 

Table 235: Decision graph for model 4019 performing Case 3 controlling for 
physician 4019’s scheduling and information seeking moves. 
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Figure 60: A1c versus days in treatment graph for the feedback competence model, 
physician 4023, model of physician 4023, model of physician 4023 with the 
physician’s scheduling and glucose information seeking moves performing Case 3. 

Case 3 Visit Number 1 2 3 4 5 6 7 
Lab Orders               
  MNT -- -- -- -- -- -- -- 
  Nurse Educator -- X -- -- -- -- -- 
  A1c order -- -- -- -- -- -- -- 
  SMBG order X X X X X X X 
  Creat Order -- -- -- -- -- X -- 
  Lipid Order -- -- X -- -- X -- 
Med Orders               
  Rosiglitazone 8 8 8 8 8 8 8 
  Insulin   10 20 41 60 76 98 
  Fenofibrate   67 67 67 134 134 200 
Patient State               
  A1c 9.8 9.8 9.6 9.1 8.7 8.3 7.7 
  Avg SMBG 240 241 216 203 185 164 149 
  Creatinine 1.5 1.5 1.5 1.5 1.5 1.5 1.5 
  LDL 120 120 118 117 117 118 119 
  HDL 35 35 39 40 41 43 43 
  Triglyceride 514 517 487 467 475 449 435 
  Systolic BP 130 129 128 130 131 130 131 
  Weight 261 262 263 263 261 260 260 
  Adherence 0.9 0.9 1 0.9 0.9 0.9 0.9 
  Days to Next Visit 7 14 28 14 14 28   
  Day in Treatment 0 7 21 49 63 77 105 
Errors   E6  --  --  --  --  --  -- 

Table 236: Decision graph for physician 4023 performing Case 3. 
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Case 3 Visit Number 1 2 3 4 5 6 7 
Lab Orders               
  MNT -- -- -- -- -- -- -- 
  Nurse Educator -- -- -- -- -- -- -- 
  A1c order X X X X X X X 
  SMBG order X X X X X X X 
  Creat Order X X X X X X X 
  Lipid Order X X X X X X X 
Med Orders               
  Rosiglitazone 8 8 8 8 8 8 8 
  Insulin 0 12 22 32 42 52 64 
  Fenofibrate 70 140 200 200 200 200 200 
Patient State               
  A1c 9.8 9.8 9.5 9.1 8.8 8.6 8.3 
  Avg SMBG 242 247 224 210 195 185 166 
  Creatinine 1.5 1.5 1.5 1.5 1.5 1.5 1.5 
  LDL 122 118 119 120 120 121 122 
  HDL 32 34 38 43 43 40 38 
  Triglyceride 519 473 431 363 360 363 359 
  Systolic BP 131 132 131 132 130 128 127 
  Weight 261 259 260 260 261 262 263 
  Adherence 0.9 0.9 0.9 0.9 0.9 0.9 0.9 
  Days to Next Visit 60 30 30 30 30 30 30 
  Day in Treatment 0 60 90 120 150 180 210 
Errors   E6  --  --  --  --  --  -- 

Table 237: Decision graph for model 4023 performing Case 3. 
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Case 3 Visit Number 1 2 3 4 5 6 7 
Lab Orders               
  MNT -- -- -- -- -- -- -- 
  Nurse Educator -- -- -- -- -- -- -- 
  A1c order -- -- -- -- -- -- -- 
  SMBG order X X X X X X X 
  Creat Order -- -- X -- -- X -- 
  Lipid Order -- -- X -- -- X -- 
Med Orders               
  Rosiglitazone 8 8 8 8 8 8 8 
  Insulin 0 12 22 32 42 52 64 
  Fenofibrate 70 70 140 200 200 200 200 
Patient State               
  A1c 9.8 9.8 9.6 9.1 8.9 8.7 8.3 
  Avg SMBG 242 247 224 210 195 185 166 
  Creatinine 1.5 1.5 1.5 1.5 1.5 1.5 1.5 
  LDL 122 122 121 121 120 121 122 
  HDL 32 31 33 39 41 40 38 
  Triglyceride 519 505 482 427 387 372 362 
  Systolic BP 131 131 130 131 129 127 126 
  Weight 261 260 261 262 262 263 264 
  Adherence 0.9 0.9 0.9 0.9 0.9 0.9 0.9 
  Days to Next Visit 7 14 28 14 14 28   
  Day in Treatment 0 7 21 49 63 77 105 
Errors   E6  --  --  --  --  --  -- 

Table 238: Decision graph for model 4023 performing Case 3 controlling for 
physician 4023’s scheduling and information seeking moves. 
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Figure 61: A1c versus days in treatment graph for the feedback competence model, 
physician 4010, model of physician 4010, and model of physician 4010 with the 
physician’s scheduling and glucose information seeking moves performing Case 3. 

Case 3 Visit Number 1 2 3 4 
Lab Orders         
  MNT -- -- -- -- 
  Nurse Educator X X -- -- 
  A1c order X X X X 
  SMBG order X X X X 
  Creat Order X -- X X 
  Lipid Order X X X X 
Med Orders         
  Rosiglitazone 8 8 8 8 
  Insulin   30 50 65 
  Atorvastatin   10 10 10 
  Gemfibrazol     600 600 
Patient State         
  A1c 9.8 9.3 8 7.8 
  Avg SMBG 244 225 193 175 
  Creatinine 1.5 1.5 1.5 1.5 
  LDL 122 122 86 86 
  HDL 36 38 45 52 
  Triglyceride 526 523 487 326 
  Systolic BP 133 134 136 135 
  Weight 260 261 262 263 
  Adherence 0.9 1 1 0.9 
  Days to Next Visit 56 90 28   
  Day in Treatment 0 56 146 174 
Errors   E6 -- -- -- 

Table 239: Decision graph for physician 4010 performing Case 3. 
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Case 3 Visit Number 1 2 3 4 
Lab Orders         
  MNT -- -- -- -- 
  Nurse Educator X -- -- -- 
  A1c order X X X X 
  SMBG order X X X X 
  Creat Order X X X X 
  Lipid Order X X X X 
Med Orders         
  Rosiglitazone 8 8 8 8 
  Insulin 0 12 22 32 
  Atorvastatin 5 5 5 5 
  Gemfibrazol 0 0 0 0 
Patient State         
  A1c 9.8 9.6 9.4 9.1 
  Avg SMBG 242 239 221 208 
  Creatinine 1.5 1.5 1.5 1.5 
  LDL 122 94 97 98 
  HDL 32 33 32 33 
  Triglyceride 519 501 501 495 
  Systolic BP 131 132 131 132 
  Weight 261 259 260 260 
  Adherence 0.9 1 0.9 0.9 
  Days to Next Visit 60 30 30 30 
  Day in Treatment 0 60 90 120 
Errors   E6 -- -- -- 

Table 240: Decision graph for model 4010 performing Case 3. 
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Case 3 Visit Number 1 2 3 4 
Lab Orders         
  MNT -- -- -- -- 
  Nurse Educator X -- -- -- 
  A1c order X X X X 
  SMBG order X X X X 
  Creat Order X X -- -- 
  Lipid Order X X X -- 
Med Orders         
  Rosiglitazone 8 8 8 8 
  Insulin 0 12 22 32 
  Atorvastatin 5 5 5 5 
  Gemfibrazol 0 0 0 0 
Patient State         
  A1c 9.8 9.6 9.4 9.1 
  Avg SMBG 242 239 222 208 
  Creatinine 1.5 1.5 1.5 1.5 
  LDL 122 94 97 98 
  HDL 32 33 32 33 
  Triglyceride 519 501 501 495 
  Systolic BP 131 132 132 133 
  Weight 261 259 260 261 
  Adherence 0.9 1 0.9 0.9 
  Days to Next Visit 56 90 28   
  Day in Treatment 0 56 146 174 
Errors   E6 -- -- -- 

Table 241: Decision graph for model 4010 performing Case 3 controlling for 
physician 4010’s scheduling and information seeking moves. 
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Figure 62: A1c versus days in treatment graph for the feedback competence model, 
physician 4006, model of physician 4006, model of physician 4006 with the 
physician’s scheduling and glucose information seeking moves performing Case 3. 
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Case 3 Visit Number 1 2 3 4 5 6 7 8 
Lab Orders                 
  MNT -- -- X -- -- -- -- -- 
  Nurse Educator X -- -- -- -- -- -- -- 
  A1c order X -- -- X -- X -- X 
  SMBG order X X X X X X X X 
  Creat Order X -- -- -- -- -- -- -- 
  Lipid Order X -- -- -- -- X -- -- 
Med Orders                 
  Rosiglitazone 8 8 8 8 8 8 8 8 
  Insulin 10 20 34 38 45 53 58 68 
  Atorvastatin 20 20 20 20 20 20 20 20 
Patient State                 
  A1c 9.8 9.4 9.1 8.5 8.4 8.3 8.2 7.9 
  Avg SMBG 232 209 191 191 190 180 176 169 
  Creatinine 1.5 1.5 1.5 1.5 1.5 1.5 1.5 1.5 
  LDL 120 91 80 76 75 76 75 75 
  HDL 35 37 41 43 44 44 45 46 
  Triglyceride 517 474 451 451 451 451 450 448 
  Systolic BP 133 132 131 132 135 133 132 132 
  Weight 261 262 262 259 259 259 259 260 
  Adherence 0.9 1 0.9 0.9 0.9 0.9 0.9 0.9 
  Days to Next Visit 14 14 28 14 14 14 30   
  Day in Treatment 0 14 28 56 70 84 98 128 
Errors    --  --  --  --  --  --  --  -- 

Table 242: Decision graph for physician 4006 performing Case 3. 
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Case 3 Visit Number 1 2 3 4 5 6 7 8 
Lab Orders                 
  MNT X -- -- -- -- -- -- -- 
  Nurse Educator X -- -- -- -- -- -- -- 
  A1c order X X X X X X X X 
  SMBG order X X X X X X X X 
  Creat Order -- -- -- -- -- -- -- -- 
  Lipid Order X -- -- -- -- -- -- -- 
Med Orders                 
  Rosiglitazone 8 8 8 8 8 8 8 8 
  Insulin 12 22 32 42 52 64 76 76 
  Atorvastatin 5 5 5 5 5 5 5 5 
Patient State                 
  A1c 9.8 8.9 8.3 8 7.8 7.5 7.2 6.8 
  Avg SMBG 242 215 190 179 164 145 137 126 
  Creatinine 1.5 1.9 1.9 1.9 1.9 1.9 1.9 1.9 
  LDL 121 95 93 93 92 91 91 91 
  HDL 33 35 35 37 38 36 34 33 
  Triglyceride 519 503 499 493 496 498 494 491 
  Systolic BP 132 108 108 110 109 108 108 108 
  Weight 261 256 257 257 258 258 260 262 
  Adherence 0.9 1 1 1 1 1 1 1 
  Days to Next Visit 30 30 30 30 30 30 30 90 
  Day in Treatment 0 30 60 90 120 150 180 210 
Errors    --  --  --  --  --  --  --  -- 

Table 243: Decision graph for model 4006 performing Case 3. 
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Case 3 Visit Number 1 2 3 4 5 6 7 8 
Lab Orders                 
  MNT X -- -- -- -- -- -- -- 
  Nurse Educator X -- -- -- -- -- -- -- 
  A1c order X -- -- X -- X -- X 
  SMBG order X X X X X X X X 
  Creat Order -- -- X -- -- X X -- 
  Lipid Order -- -- X -- X -- X -- 
Med Orders                 
  Rosiglitazone 8 8 8 8 8 8 8 8 
  Insulin 12 22 32 42 52 64 76 88 
  Atorvastatin 5 10 20 20 20 20 20 20 
Patient State                 
  A1c 9.8 9.1 8.8 8.4 8.2 8 7.8 7.3 
  Avg SMBG 242 232 211 206 191 175 167 157 
  Creatinine 1.5 1.5 1.5 1.5 1.5 1.5 1.5 1.5 
  LDL 122 105 97 86 85 86 86 87 
  HDL 32 32 32 37 36 33 31 28 
  Triglyceride 519 509 492 450 449 451 447 444 
  Systolic BP 131 121 121 122 119 117 116 115 
  Weight 261 258 258 258 258 259 260 262 
  Adherence 0.9 1 0.9 0.9 0.9 0.9 0.9 0.9 
  Days to Next Visit 14 14 28 14 14 14 30   
  Day in Treatment 0 14 28 56 70 84 98 128 
Errors    --  --  --  --  --  --  --  -- 

Table 244: Decision graph for model 4006 performing Case 3 controlling for 
physician 4006’s scheduling and information seeking moves. 
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Figure 63: A1c versus days in treatment graph for the feedback competence model, 
physician 4013, model of physician 4013, model of physician 4013 with the 
physician’s scheduling and glucose information seeking moves performing Case 3. 

Case 3 Visit Number 1 2 3 4 5 6 7 8 9 
Lab Orders                   
  MNT X -- -- -- -- -- -- -- -- 
  Nurse Educator X X -- -- X X -- -- -- 
  A1c order -- -- -- -- -- X -- -- -- 
  SMBG order X X X X X X X X X 
  Creat Order -- -- X X -- X -- -- -- 
  Lipid Order -- -- -- -- -- X -- -- -- 
Med Orders                   
  Rosiglitazone 16 16 16 16 16 16 16 16 16 
  Insulin   10 15 15 30 30 35 35 44 
  Atorvastatin 10 10 10 10 10 10 10 10 10 
  Lisinopril     5 5 5 5 5 5 10 
Patient State                   
  A1c 9.8 9.3 8.9 8.9 8.8 8.3 8.1 7.9 7.9 
  Avg SMBG 236 222 214 202 204 197 200 197 202 
  Creatinine 1.5 1.5 1.5 1.8 1.7 1.7 1.8 1.8 1.7 
  LDL 121 89 86 85 86 87 87 87 89 
  HDL 36 39 40 40 41 40 39 40 38 
  Triglyceride 522 488 485 489 492 497 493 492 499 
  Systolic BP 132 133 132 128 127 130 132 132 132 
  Weight 261 258 258 259 260 260 260 261 262 
  Adherence 0.9 1 1 0.9 0.9 1 1 0.9 0.9 
  Days to Next Visit 30 30 7 7 30 30 30 30   
  Day in Treatment 0 30 60 67 74 104 134 164 194 
Errors   E11 E11 E11 E11 E11 E1,E11 E11 E1,E11 E11 

Table 245: Decision graph for physician 4013 performing Case 3. 
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Case 3 Visit Number 1 2 3 4 5 6 7 8 9 
Lab Orders                   
  MNT X -- -- -- -- -- -- -- -- 
  Nurse Educator X -- -- -- -- -- -- -- -- 
  A1c order X X X X X X X X X 
  SMBG order X X X X X X X X X 
  Creat Order X X X X X X X X X 
  Lipid Order X X X X X X X X X 
Med Orders                   
  Rosiglitazone 16 16 16 16 16 16 16 16 16 
  Insulin 0 12 22 22 22 22 22 32 32 
  Atorvastatin 5 5 5 5 5 5 5 5 5 
  Lisinopril 10 10 10 10 10 10 10 10 10 
Patient State                   
  A1c 9.8 9.1 8.9 8.4 8.3 8.3 8.3 8.3 8.1 
  Avg SMBG 242 229 205 191 188 189 187 183 174 
  Creatinine 1.5 1.8 1.8 1.8 1.8 1.8 1.8 1.8 1.8 
  LDL 122 94 97 98 98 99 100 100 99 
  HDL 32 33 32 33 33 30 27 24 22 
  Triglyceride 519 501 501 495 497 500 496 493 491 
  Systolic BP 131 111 112 113 111 109 108 107 109 
  Weight 261 255 256 257 257 258 260 261 262 
  Depression 10 10 10 10 10 10 10 10 10 
  Adherence 0.9 1 0.9 0.9 0.9 0.9 0.9 0.9 0.9 

  
Days to Next 
Visit 60 30 30 30 30 30 30 30 30 

  
Day in 
Treatment 0 60 90 120 150 180 210 240 270 

Errors   E11 E11 E11 E1,E11 E1,E11 E1,E11 E1,E11 E11 E1,E11 

Table 246: Decision graph for model 4013 performing Case 3. 
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Case 3 Visit Number 1 2 3 4 5 6 7 8 9 
Lab Orders                   
  MNT X -- -- -- -- -- -- -- -- 
  Nurse Educator X -- -- -- -- -- -- -- -- 
  A1c order -- -- -- -- -- X -- -- -- 
  SMBG order X X X X X X X X X 
  Creat Order X X -- -- X X X X -- 
  Lipid Order X X -- -- X X X X -- 
Med Orders                   
  Rosiglitazone 16 16 16 16 16 16 16 16 16 
  Insulin 0 12 22 22 22 22 22 22 32 
  Atorvastatin 5 5 5 5 5 5 5 5 5 
  Lisinopril 10 10 10 10 10 10 10 10 10 
Patient State                   
  A1c 9.8 9.2 8.9 8.7 8.6 8.3 8.3 8.3 8.3 
  Avg SMBG 242 230 206 191 188 189 187 183 186 
  Creatinine 1.5 1.8 1.8 1.8 1.8 1.8 1.8 1.8 1.8 
  LDL 122 96 97 99 99 99 100 101 100 
  HDL 32 33 32 33 33 30 27 24 22 
  Triglyceride 519 503 501 495 497 500 496 493 491 
  Systolic BP 131 111 112 113 110 108 107 106 108 
  Weight 261 256 257 258 258 259 260 262 262 
  Depression 10 10 10 10 10 10 10 10 10 
  Adherence 0.9 1 0.9 0.9 0.9 0.9 0.9 0.9 0.9 
  Days to Next Visit 30 30 7 7 30 30 30 30   
  Day in Treatment 0 30 60 67 74 104 134 164 194 
Errors   E11 E11 E11 E11 E1,E11 E1,E11 E1,E11 E1,E11 E11 

Table 247: Decision graph for model 4013 performing Case 3 controlling for 
physician 4013’s scheduling and information seeking moves. 

 
Analysis of Differences between Physician Errors and Model Errors 
 
The physician committed E1 errors on visits 6 and 8.  The model when it computed the 
scheduling of visits and information seeking moves generated E1 errors on visits 4 
through 7 and 9.  When scheduling and information seeking moves where controlled for 
in the model the generate E1 errors on visits 5 through 8.  For the physician when A1c 
went below 8.5% med moves were made every 60 days even though intervening visits 
occurred.  The way Bug B1 was modeled a next med move would only be made after 120 
days had passed since the last move. 
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Figure 64: A1c versus days in treatment graph for the feedback competence model, 
physician 4018, model of physician 4018, model of physician 4018 with the 
physician’s scheduling and glucose information seeking moves performing Case 3. 

Case 3 Visit Number 1 2 3 4 5 6 7 
Lab Orders               
  MNT -- -- -- -- -- -- -- 
  Nurse Educator X -- -- -- -- -- -- 
  A1c order X -- X X -- -- -- 
  SMBG order X X X X X X X 
  Creat Order X -- X X -- -- -- 
  Lipid Order X -- X X -- -- -- 
Med Orders               
  Rosiglitazone 8 8 8 8 8 8 8 
  Insulin 10 16 40 54 74 90 105 
  Atorvastatin 20 20 20 20 20 20 20 
Patient State               
  A1c 9.8 9.4 9.1 8.7 8.5 8.4 8.1 
  Avg SMBG 245 238 235 221 206 190 171 
  Creatinine 1.5 1.5 1.5 1.5 1.5 1.5 1.5 
  LDL 120 77 72 74 76 78 79 
  HDL 35 39 40 46 54 56 57 
  Triglyceride 522 457 448 301 146 152 154 
  Systolic BP 131 134 137 138 140 138 140 
  Weight 260 260 261 260 262 262 262 
  Depression 10 10 10 10 10 10 10 
  Adherence 0.9 1 0.9 0.9 0.9 0.9 0.9 
  Days to Next Visit 28 90 90 90 14 14   
  Day in Treatment 0 28 118 208 298 312 326 
Errors    -- --   -- --  --  --  --  

Table 248: Decision graph for physician 4018 performing Case 3. 
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Case 3 Visit Number 1 2 3 4 5 6 7 
Lab Orders               
  MNT -- -- -- -- -- -- -- 
  Nurse Educator X -- -- -- -- -- -- 
  A1c order X X X X X X X 
  SMBG order X X X X X X X 
  Creat Order X X X X X X X 
  Lipid Order X X X X X X X 
Med Orders               
  Rosiglitazone 8 8 8 8 8 8 8 
  Insulin 12 22 32 42 52 64 76 
  Atorvastatin 5 5 5 5 5 5 5 
Patient State               
  A1c 9.8 9.3 9 8.8 8.6 8.3 8 
  Avg SMBG 242 240 221 214 199 183 174 
  Creatinine 1.5 1.5 1.5 1.5 1.5 1.5 1.5 
  LDL 122 96 97 99 99 99 100 
  HDL 32 33 32 33 33 30 27 
  Triglyceride 519 503 501 495 498 500 496 
  Systolic BP 131 131 131 132 130 128 127 
  Weight 261 260 261 261 262 262 264 
  Depression 10 10 10 10 10 10 10 
  Adherence 0.9 1 0.9 0.9 0.9 0.9 0.9 
  Days to Next Visit 30 30 30 30 30 30 30 
  Day in Treatment 0 30 60 90 120 150 180 
Errors    -- --  --  --  --  --  --  

Table 249: Decision graph for model 4018 performing Case 3. 

  



465 
 

 
Case 3 Visit Number 1 2 3 4 5 6 7 
Lab Orders               
  MNT -- -- -- -- -- -- -- 
  Nurse Educator X -- -- -- -- -- -- 
  A1c order X -- X X -- -- -- 
  SMBG order X X X X X X X 
  Creat Order -- X X X -- -- -- 
  Lipid Order -- X X X -- X -- 
Med Orders               
  Rosiglitazone 8 8 8 8 8 8 8 
  Insulin 12 22 32 42 52 52 64 
  Atorvastatin 5 10 10 10 10 10 10 
Patient State               
  A1c 9.8 9.3 8.9 8.7 8.5 8.4 8.3 
  Avg SMBG 242 240 222 214 199 183 181 
  Creatinine 1.5 1.5 1.5 1.5 1.5 1.5 1.5 
  LDL 122 97 91 93 93 93 94 
  HDL 32 32 33 35 34 31 29 
  Triglyceride 519 503 483 477 479 482 478 
  Systolic BP 131 131 131 133 132 130 128 
  Weight 261 260 261 262 263 263 264 
  Depression 10 10 10 10 10 10 10 
  Adherence 0.9 1 0.9 0.9 0.9 0.9 0.9 
  Days to Next Visit 28 90 90 90 14 14   
  Day in Treatment 0 28 118 208 298 312 326 
Errors    -- --  --  --  --  --  --  

Table 250: Decision graph for model 4018 performing Case 3 controlling for 
physician 4018’s scheduling and information seeking moves. 
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Figure 65: A1c versus days in treatment graph for the feedback competence model, 
physician 4015, model of physician 4015, model of physician 4015 with the 
physician’s scheduling and glucose information seeking moves performing Case 3. 

Case 3 Visit Number 1 2 3 4 5 
Lab Orders           
  MNT -- -- -- -- -- 
  Nurse Educator X -- -- -- -- 
  A1c order -- -- X X X 
  SMBG order X X X X X 
  Creat Order -- -- -- -- -- 
  Lipid Order -- -- X X -- 
Med Orders           
  Rosiglitazone 8 8 16 16 16 
  Insulin 12 32 32 44 48 
  Gemfibrazol       1200 1200 
Patient State           
  A1c 9.8 9.5 9.1 8.6 8.5 
  Avg SMBG 242 226 202 200 190 
  Creatinine 1.5 1.5 1.5 1.5 1.5 
  LDL 122 121 121 121 122 
  HDL 33 31 30 29 34 
  Triglyceride 516 511 516 522 347 
  Systolic BP 130 130 130 131 133 
  Weight 260 261 262 261 262 
  Depression 10 10 10 10 10 
  Adherence 0.9 1 0.9 0.9 0.9 
  Days to Next Visit 14 14 90 60   
  Day in Treatment 0 14 28 118 178 
Errors    -- --  E11 E11 E11 

Table 251: Decision graph for physician 4015 performing Case 3. 
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Case 3 Visit Number 1 2 3 4 5 
Lab Orders           
  MNT -- -- -- -- -- 
  Nurse Educator X -- -- -- -- 
  A1c order X X X X X 
  SMBG order X X X X X 
  Creat Order X X X X X 
  Lipid Order X X X X X 
Med Orders           
  Rosiglitazone 16 16 16 16 16 
  Insulin 0 12 22 32 42 
  Gemfibrazol 1200 1200 1200 1200 1200 
Patient State           
  A1c 9.8 9.6 9.3 8.9 8.6 
  Avg SMBG 242 239 214 200 185 
  Creatinine 1.5 1.5 1.5 1.5 1.5 
  LDL 122 124 125 127 126 
  HDL 32 35 29 30 30 
  Triglyceride 519 341 447 455 457 
  Systolic BP 131 132 131 132 130 
  Weight 261 259 260 260 261 
  Depression 10 10 10 10 10 
  Adherence 0.9 1 0.9 0.9 0.9 
  Days to Next Visit 60 30 30 30 30 
  Day in Treatment 0 60 90 120 150 
Errors   E11 E11 E11 E11 E11 

Table 252: Decision graph for model 4015 performing Case 3. 
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Case 3 Visit Number 1 2 3 4 5 
Lab Orders           
  MNT -- -- -- -- -- 
  Nurse Educator X -- -- -- -- 
  A1c order -- -- X X X 
  SMBG order X X X X X 
  Creat Order -- -- X X -- 
  Lipid Order -- -- X X -- 
Med Orders           
  Rosiglitazone 16 16 16 16 16 
  Insulin 0 12 22 32 42 
  Gemfibrazol 1200 1200 1200 1200 1200 
Patient State           
  A1c 9.8 9.7 9.5 8.9 8.8 
  Avg SMBG 242 243 216 202 187 
  Creatinine 1.5 1.5 1.5 1.5 1.5 
  LDL 122 124 125 127 126 
  HDL 32 33 30 31 30 
  Triglyceride 519 412 457 496 498 
  Systolic BP 131 131 130 132 130 
  Weight 261 260 261 262 262 
  Depression 10 10 10 10 10 
  Adherence 0.9 1 0.9 0.9 0.9 
  Days to Next Visit 14 14 90 60   
  Day in Treatment 0 14 28 118 178 
Errors   E11 E11 E11 E11 E11 

Table 253: Decision graph for model 4015 performing Case 3 controlling for 
physician 4015’s scheduling and information seeking moves. 

Analysis of Differences between Physician Errors and Model Errors 
 
The physician committed E11 errors (prescribing rosiglitazone in excess of the maximum 
dose) on visits 3, 4, and 5.  The physician initiated insulin on visit 1 and increased the 
dose of insulin on visit 2, then on visit 3 the insulin dose was held constant and 
rosiglitazone was incremented to twice the maximum dose. 
 
The model titrated rosiglitazone on visit 1, this generated E11 errors on all visits.  After 
the oral medication was prescribed at a maximum dose then insulin was initiated. 
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Figure 66: A1c versus days in treatment graph for the feedback competence model, 
physician 4021, model of physician 4021, model of physician 4021 with the 
physician’s scheduling and glucose information seeking moves performing Case 3. 

  

6

7

8

9

10

0 60 120 180 240 300 360

A
1

c 
(%

)

Day in Treatment

Case 3 - Physician 4021 (FB)

FB- Competence

Physician

Model

Model - controlled



470 
 

 
Case 3 Visit Number 1 2 3 4 5 6 7 
Lab Orders               
  MNT X -- -- -- -- -- -- 
  Nurse Educator X -- -- -- -- -- -- 
  A1c order -- -- X -- -- -- X 
  SMBG order -- -- -- -- -- -- -- 
  Creat Order -- -- X X X X X 
  Lipid Order -- -- -- -- -- -- X 
Med Orders               
  Metformin 1000 1000 1000 1000 1000 1000 1000 
  Rosiglitazone 8 8 8 8 8 8 8 
  Lisinopril 5 5 5 5 5 5 5 
Patient State               
  A1c 9.8 8.5 8.5 8.5 8.5 8.5 8.6 
  Avg SMBG 241 201 198 194 192 198 194 
  Creatinine 1.5 1.8 1.8 1.8 1.8 1.8 1.8 
  LDL 121 121 123 125 125 126 125 
  HDL 37 39 37 36 35 33 36 
  Triglyceride 524 527 524 529 528 523 527 
  Systolic BP 130 128 130 130 128 129 130 
  Weight 261 258 258 260 261 262 262 
  Depression 10 10 10 10 10 10 10 
  Adherence 0.9 1 0.9 0.9 0.9 0.9 0.9 
  Days to Next Visit 60 60 60 28 28 28   
  Day in Treatment 0 60 120 180 208 236 264 
Errors   E7 E3,E8 E3,E8 E2,E8 E2,E8 E2,E8 E2,E8 

Table 254: Decision graph for physician 4021 performing Case. 
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Case 3 Visit Number 1 2 3 4 5 6 7 
Lab Orders               
  MNT X -- -- -- -- -- -- 
  Nurse Educator X -- -- -- -- -- -- 
  A1c order X X X X X X X 
  SMBG order X X X X X X X 
  Creat Order X X X X X X X 
  Lipid Order X X X X X X X 
Med Orders               
  Metformin 1000 1000 1000 1000 1000 1000 1000 
  Rosiglitazone 8 8 8 8 8 8 8 
  Insulin 0 12 22 32 42 52 55 
  Lisinopril 10 10 10 10 10 10 10 
Patient State               
  A1c 9.8 8.4 8.3 8 7.7 7.6 7.4 
  Avg SMBG 242 198 185 171 157 145 127 
  Creatinine 1.5 1.8 1.8 1.8 1.8 1.8 1.8 
  LDL 122 124 125 127 126 127 128 
  HDL 33 32 32 34 35 33 31 
  Triglyceride 519 522 520 514 516 519 515 
  Systolic BP 132 113 115 117 116 115 115 
  Weight 261 255 256 257 257 258 260 
  Depression 10 10 10 10 10 10 10 
  Adherence 0.9 1 0.9 0.9 0.9 0.9 0.9 
  Days to Next Visit 60 30 30 30 30 30 30 
  Day in Treatment 0 60 90 120 150 180 210 
Errors   E7 E8 E8 E8 E8 E8 E8 

Table 255: Decision graph for model 4021 performing Case 3. 
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Case 3 Visit Number 1 2 3 4 5 6 7 
Lab Orders               
  MNT X -- -- -- -- -- -- 
  Nurse Educator X -- -- -- -- -- -- 
  A1c order -- -- X -- -- -- X 
  SMBG order -- -- X -- -- -- X 
  Creat Order X X X -- X -- -- 
  Lipid Order X X X -- X -- -- 
Med Orders               
  Metformin 1000 1000 1000 1000 1000 1000 1000 
  Rosiglitazone 8 8 8 8 8 8 8 
  Insulin 0 0 12 22 32 42 52 
  Lisinopril 10 10 10 10 10 10 10 
Patient State               
  A1c 9.8 8.4 8.7 8.3 7.9 7.6 7.4 
  Avg SMBG 242 194 202 188 167 157 144 
  Creatinine 1.5 1.8 1.8 1.8 1.8 1.8 1.8 
  LDL 122 124 125 127 126 127 128 
  HDL 32 30 29 30 30 27 24 
  Triglyceride 519 522 520 514 516 519 515 
  Systolic BP 131 111 112 113 111 109 108 
  Weight 261 255 256 257 258 258 260 
  Depression 10 10 10 10 10 10 10 
  Adherence 0.9 1 0.9 0.9 0.9 0.9 0.9 
  Days to Next Visit 60 60 60 28 28 28   
  Day in Treatment 0 60 120 180 208 236 264 
Errors   E7 E3,E8 E8 E8 E8 E8 E8 

Table 256: Decision graph for model 4021 performing Case 3 controlling for 
physician 4021’s scheduling and information seeking moves. 

Analysis of Differences between Physician Errors and Model Errors 
 
The physician and models committed E7 and E8 errors on the same visits.  The physician 
committed E3 (A1c > 9.5% and no move) and E2 (A1c between 8.5 and 9.0% and no 
move) errors.  When the model computed information seeking and scheduling moves it 
did not generate E2 or E3 errors because the patient state conditions for creating the 
errors were never encountered.  When scheduling and information seeking moves were 
controlled within the model an E3 error was committed on visit 2, but was not on visit 3.  
The physician stopped titrating medications after the visit 1.  Bug B2 constrains 
medication moves to being made every 90 days, because a move was made on visit 3 all 
subsequent A1c values were reduced to the point where no bug B2 was never activated. 
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Figure 67: A1c versus days in treatment graph for the feedback competence model, 
physician 4005, model of physician 4005, and model of physician 4005 with the 
physician’s scheduling and glucose information seeking moves performing Case 3. 
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Case 3 Visit Number 1 2 
Lab Orders     
  MNT X -- 
  Psychologist -- -- 
  Nurse Educator X -- 
  A1c order -- X 
  SMBG order X X 
  Creat Order -- -- 
  Lipid Order X X 
Med Orders     
  Rosiglitazone 8 8 
  Insulin   24 
  Atorvastatin 10 10 
  Gemfibrazol   1200 
Patient State     
  A1c 9.8 9.3 
  Avg SMBG 248 230 
  Creatinine 1.5 1.5 
  LDL 122 86 
  HDL 36 43 
  Triglyceride 518 473 
  Systolic BP 132 132 
  Weight 261 258 
  Depression 10 10 
  Adherence 0.9 1 
  Days to Next Visit 60   
  Day in Treatment 0 60 
Errors   -- -- 

Table 257: Decision graph for physician 4005 performing Case 3. 
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Case 3 Visit Number 1 2 
Lab Orders     
  MNT X -- 
  Psychologist X -- 
  Nurse Educator X -- 
  A1c order X X 
  SMBG order X X 
  Creat Order X X 
  Lipid Order X X 
Med Orders     
  Rosiglitazone 8 8 
  Insulin 0 12 
  Atorvastatin 5 5 
  Gemfibrazol 0 0 
Patient State     
  A1c 9.8 9.1 
  Avg SMBG 242 229 
  Creatinine 1.5 1.5 
  LDL 122 94 
  HDL 32 33 
  Triglyceride 519 501 
  Systolic BP 131 121 
  Weight 261 255 
  Depression 10 10 
  Adherence 0.9 1 
  Days to Next Visit 60 30 
  Day in Treatment 0 60 
Errors   -- -- 

Table 258: Decision graph for model 4005 performing Case 3. 
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FEEDFORWARD 
 

 

Figure 68: A1c versus days in treatment graph for the feedforward competence 
model, physician 4003, model of physician 4003, model of physician 4003 with the 
physician’s scheduling and glucose information seeking moves performing Case 3. 
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Case 3 Visit Number 1 2 3 4 5 
Lab Orders           
  MNT X -- -- -- -- 
  Nurse Educator X -- -- -- -- 
  A1c order -- -- X X -- 
  SMBG order X X -- X X 
  Creat Order -- -- X X -- 
  Lipid Order -- -- X X -- 
Med Orders           
  Metformin 500 1000 1000 2000 2000 
  Rosiglitazone 8 16 16 16 16 
  Insulin         4 
  Atorvastatin 20 20 20 20 20 
Patient State           
  A1c 9.8 9.6 9.3 9.1 8.2 
  Avg SMBG 239 237 219 211 184 
  Creatinine 1.5 1.5 1.5 1.5 1.5 
  LDL 121 92 78 74 75 
  HDL 36 39 43 43 48 
  Triglyceride 525 475 451 444 292 
  Systolic BP 130 120 122 125 125 
  Weight 260 259 259 259 259 
  Depression 10 10 10 10 10 
  Adherence 0.9 1 0.9 0.9 0.9 
  Days to Next Visit 14 14 21 42   
  Day in Treatment 0 14 28 49 91 
Errors   E7, E9,E11 E8,E11 E9,E11 E8,E11 

Table 259: Decision graph for physician 4003 performing Case 3. 
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Case 3 Visit Number 1 2 3 4 5 
Lab Orders           
  MNT X -- -- -- -- 
  Nurse Educator X -- -- -- -- 
  A1c order X -- X X X 
  SMBG order X X X X X 
  Creat Order X X X X X 
  Lipid Order X -- X X X 
Med Orders           
  Metformin 0 500 1000 2000 2000 
  Rosiglitazone 16 16 16 16 16 
  Insulin 0 0 0 0 12 
  Atorvastatin 5 5 5 5 5 
Patient State           
  A1c 9.8 9.2 9.2 8.7 7.9 
  Avg SMBG 242 230 214 196 150 
  Creatinine 1.5 1.5 1.5 1.5 1.5 
  LDL 122 97 97 99 99 
  HDL 32 32 32 33 33 
  Triglyceride 519 503 501 495 497 
  Systolic BP 131 121 121 122 119 
  Weight 261 256 257 257 258 
  Depression 10 10 10 10 10 
  Adherence 0.9 1 0.9 0.9 0.9 
  Days to Next Visit 28 7 28 28 28 
  Day in Treatment 0 28 35 63 91 
Errors   E11 E7,E11 E9,E11 E9,E11 E8,E11 

Table 260: Decision graph for model 4003 performing Case 3. 
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Case 3 Visit Number 1 2 3 4 5 
Lab Orders           
  MNT X -- -- -- -- 
  Nurse Educator X -- -- -- -- 
  A1c order -- -- X X -- 
  SMBG order X X -- X X 
  Creat Order -- X X X -- 
  Lipid Order -- X -- X -- 
Med Orders           
  Metformin 0 500 1000 2000 2000 
  Rosiglitazone 16 16 16 16 16 
  Insulin 0 0 0 0 12 
  Atorvastatin 5 10 10 10 10 
Patient State           
  A1c 9.8 9.4 9.1 8.8 7.7 
  Avg SMBG 242 232 213 197 151 
  Creatinine 1.5 1.5 1.5 1.5 1.5 
  LDL 122 105 97 94 94 
  HDL 32 32 32 35 34 
  Triglyceride 519 509 492 479 480 
  Systolic BP 131 121 121 122 119 
  Weight 261 258 258 258 259 
  Depression 10 10 10 10 10 
  Adherence 0.9 1 0.9 0.9 0.9 
  Days to Next Visit 14 14 21 42   
  Day in Treatment 0 14 28 49 91 
Errors   E11 E7,E11 E9,E11 E9,E11 E8,E11 

Table 261: Decision graph for model 4003 performing Case 3 controlling for 
physician 4003’s scheduling and information seeking moves. 

Analysis of Differences between Physician Errors and Model Errors 
 
The physician and model commit the same errors but at different times.  The difference is 
the result of the physician initiating metformin on visit 1, then on visit simultaneously 
incrementing the doses of metformin and rosiglitazone on visit 2.  The model titrated 
(incremented) rosiglitazone on visit 1 and initiated metformin on visit 2.  This difference 
in titrating accounts for the different error patterns. 
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Appendix 5: Pseudocode for the Computational Models  
 
This appendix presents pseudocode for both feedback and feedforward versions of the 
computational models.  The process in which moves are computed occurs is in the order 
of presentation.  The measure distance to goal is abbreviated as DTG. 
 
Feedback Decision Strategy 
 
Moves are computed in the order of (I) treatment moves, (II) scheduling moves, and (III) 
information seeking moves. 
 

I. Treatment Moves: Two types of treatment move computations are performed in 
the inverse model, these are adherence moves and medication moves.  The 
computations for each are specified as follows. 
 
Adherence Moves  
1. If initial visit classify patient as having high adherence, start medical nutrition 

therapy (low fat, high fiber, low sodium diet; prescribe exercise), then proceed 
to Medication Moves. If not initial visit proceed to next step. 

2. After the initial visit, IF on two consecutive visits when treatment moves are 
made and Expectation Discrepancy > 0 THEN compute the adherence move 
by selecting move from the following list, then proceed to Medication Moves 
ELSE proceed to Medication Moves: 

i. 1st occurrence – refer patient to nurse educator 
ii. 2nd occurrence – refer patient to psychologist 
iii.  3rd plus occurrences – no additional moves, classify patient as having 

low adherence. 
 

Medication Moves 
Medication moves are composed of 2 types, orals and insulin.  The computation 
for each type of medication move is as follows:  
 
1. Time Since Last Move = Current Visit Date minus Last Move Date 
2. If Time Since Last Move > 60 Days (when A1c used) or > 30 days (when 

average SMBG used) then proceed to next step otherwise proceed to compute 
Scheduling Moves. [60 and 30 days are dose response times computed by the 
mental model] 

3. IF Goal has Not Been Reached THEN 
If DTG > 0 then proceed to Prescribe Oral otherwise proceed to compute 
Scheduling Moves. 

ELSE  
If DTG > 1% (Recidivism Threshold) then proceed to Prescribe Oral 
otherwise proceed to compute Scheduling Moves. 
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where the Prescribe Oral computation is as follows: 
 

i. If creatinine > 1.5 then remove metformin from formulary; if 
metformin is prescribed then set metformin dose to 0. Proceed to next 
step. 

ii. If sulfonylurea allergy or prandial (mealtime) insulin is prescribed then 
remove sulfonylureas from formulary; if sulfonylureas in use then set 
sulfonylurea dose to 0.  Proceed to next step. 

iii.  If Initial Visit and DTG < 4% then prescribe first oral in formulary at 
minimum dose and proceed to compute Scheduling Moves, if Initial 
Visit and DTG > 4% (insulin initiation threshold) then proceed to 
Prescribe Insulin.  If not initial visit then proceed to next step. 

iv. If an oral medication is prescribed then increment the dose of the last 
prescribed medication to the next higher dose. If the maximum dose 
has been reached then start the next oral medication in the formulary, 
if no orals remain in formulary then proceed to Prescribe Insulin, 
otherwise proceed to compute Scheduling Moves. 

 
where the Prescribe Insulin computation is 
 

i. Initiate Basal: If Bedtime Insulin = 0 then start bedtime (long-acting) 
insulin.  Bedtime Dose = patient weight * 0.1units/kg, proceed to 
Scheduling Moves. If Bedtime Insulin > 0 proceed to next step. 

ii. Adjust Basal: If Bedtime Insulin < 0.4 units/kg AND 3-day average 
SMBG > 140 mg/dL AND Mealtime (short-acting) Insulin = 0 then 
increment dose by 10 units and proceed to Scheduling Moves, 
otherwise proceed to next step.  

iii.  Halt Basal & Initiate Prandial I: If Bedtime Insulin > 0.4 units/kg 
AND 3-day average SMBG > 140 mg/dL AND Total Mealtime 
Insulin < 0.4 units/kg then give 4 units per meal and proceed to 
Schedule Moves, otherwise proceed to next step. 

iv. Halt Basal & Initiate Prandial II: If Bedtime Insulin > 0.4 units/kg 
AND the 3-day average SMBG is > 100 and < 140 mg/dL AND Total 
Mealtime Insulin < 0.4 units/kg then give 1 units per meal and proceed 
to Schedule Moves, otherwise proceed to next step. 

v. Adjust Basal and Prandial:  If the total mealtime dosage equals or 
exceeds the bedtime dose then compute bedtime insulin dose as 
follows.  If 3-day average SMBG > 140 mg/dL increase bedtime 
insulin by 5 units while increasing mealtime insulin by 2 units per 
meal and proceed to Schedule Move. If the 3-day average SMBG > 
110 and < 140 mg/dL then increase bedtime insulin by 2 units and 
mealtime insulin by 1 unit per meal and proceed to Schedule Moves. 
Otherwise proceed to next step. 
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vi. Adjust for Hypoglycemia: If any single fasting SMBG value is less 
than 50 mg/dL or any two fasting SMBG values within three days are 
less than 60 mg/dL then decrease long-acting by 5 units and rapid-
acting insulin by 1 unit per meal, otherwise maintain current insulin 
doses and proceed to Schedule Moves. 

vii.  Add Insulin Sensitizer: If total dose of insulin > 0.7units/kg then add 
sensitizer (biguanide or TZD). 

 
II.  Scheduling Moves are computed as:  

 
Next Visit Date = Current Visit Date + 60 Days (30 days when SMBG  

used for decision making) 
 

III.  Information Seeking Moves: the following information seeking moves are 
computed as listed:  
 

1. Next A1c Test: Date of Next A1c Test = Next Visit Date.   
2. Date of Next Creatinine Test:  

IF Metformin is being adjusted 
THEN Next Creatinine Test = Next Visit Date 
ELSE Next Creatinine Test = Date of Last Creatinine Test + 360 Days 

3. If Insulin is being used then 3-day SMBG panel is ordered for Next Visit 
Date 

 
 
Feedforward Decision Strategy 
 
The computations in the feedforward strategy are similar to those performed in the 
feedback strategy with the exception of two additional types of computations need to 
compute amounts of medication to give and actions to take to meet a time constraint.  
Moves are computed in the order of (I) determination of amount needed to treat, (II) 
treatment moves, (III) scheduling moves, (IV) information seeking moves, and (V) 
adjustments to treatment and scheduling moves when a time goal is specified. 
 
I. Amount Needed to Treat (ANT): The amount of medication needed to bring the 

patient to goal (specified as the number of medications required to reach goal) is 
computed in the following manner:  
 
Assumptions: (A) each oral at maximum dose and full effect will reduce A1c by 
2% in high adherence patients and 1.2% in low adherence patients, and (B) 20 units 
of insulin at full effect will reduce A1c by 1% in high adherence patients and 0.6% in 
low adherence patient.  
 
IF Initial Visit OR Patient Adherence is reclassified THEN 
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If DTG < 4% then Total ANT = DTG divided by 2.0% 
If DTG > 4% then Total ANT = 1 insulin sensitizer plus [(DTG – 2.0%) times 20 
units of insulin] (when insulin is used this equation is not used in model 
computations, computed for informational purposes only) 

ELSE ANT = Total ANT – Amount of Meds Given, 
 
where Amount of Meds Given = (Number of Single-Dose Oral Moves Made) divided 
by (4 doses per non-TZD med, 3 doses per TZD med) plus (Number Units of Insulin 
Given) 
 

II.  Treatment Moves: Two types of treatment move computations are performed in the 
inverse model, these are adherence moves and medication moves.  The computations 
for each are specified as follows. 
 

Adherence Moves computations are the same as those listed in the Feedback 
Strategy.  

 
Medication Moves 
Medication moves are composed of 2 types, orals and insulin.  The Prescribe Oral 
and Prescribe Insulin computations are as specified in the Feedback Strategy.  The 
computation for a medication move is as follows:  
 
1. IF Goal has Not Been Reached THEN 

If DTG > Delayed Effects20 and SMBG DTG > 0 then proceed to 
Prescribe Oral otherwise proceed to compute Scheduling Moves. 

ELSE if Goal has Been Reached THEN 
If DTG > 0.5% (Recidivism Threshold)  
OR  [(Last Visit’s SMBG DTG > 0)  

and  
(This Visit’s SMBG DTG > Last Visit’s SMBG DTG)} 

THEN proceed to Prescribe Oral  
Otherwise proceed to compute Scheduling Moves. 

 
III.  Scheduling Moves are computed as:  

 
IF DTG > 0 and SMBG DTG > 0 
THEN Next Visit Date = Current Visit Date + 28 Days 
ELSE Next Visit Date = Current Visit Date + 90 Days 

 
IV.  Information Seeking Moves: the following information seeking moves are 

computed as listed:  

                                                 
20 Delayed Effects computations are specified in the Mental Model section. 
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1. Next A1c Test:  
IF average 3-day SMBG < 140 mg/dL  
THEN Date of Next A1c Test = Next Visit Date  
ELSE Date of Next A1c Test = Last A1c Test Date + 90 days 

2. Date of Next Creatinine Test:  
IF Metformin is being adjusted 
THEN Next Creatinine Test = Next Visit Date 
ELSE Next Creatinine Test = Date of Last Creatinine Test + 360 Days 

3. 3-day SMBG panel is ordered for Next Visit Date 
 

IV.  Adjustments to Treatment and Scheduling Moves: The following 
computations are performed only when a time goal exists.  Assumptions: (A) the 
Time Goal is 1 Year, and (B) default time between visits is 28 days (longer time) 
and the alternate is 7 days (shorter time).  Computations are performed in the 
order listed.  
 

1. Computed Time = (Time Remaining for Reaching Goal) divided by the 
(Number of Moves Remaining for Giving Full ANT). This computed time 
specifies the maximum days between adjustments to give ANT by the 
time goal. 
 

2. If DTG > Delayed Effects and ANT > 0 Then Compute the number of 
medication moves to make and time to next visit by selecting the 
applicable case from those listed below: 
 

a. If computed time > 28 days then Next Visit Days = Current 
Visit Date + 28 days AND make previously computed 
treatment move. 

b. If computed time > 28 days and expectation discrepancy > 0 
then Next Visit Days = Current Visit Date + 7 days AND make 
previously computed treatment move. 

c. If computed time is between 7 and 28 days then Next Visit 
Days = Current Visit Date + 7days AND make previously 
computed treatment move. 

d. If computed time < 7 days Then Next Visit Days = Current 
Visit Date + 7 days AND make 2 oral med moves21 on current 
visit. 

e. If Time Remaining for Reaching Goal < 0 (i.e. time has run 
out) Then Next Visit Days = Current Visit Date + 7 days AND 
make previously computed treatment move. 

 

                                                 
21 Doses of two different medications that are not at maximum doses are increased.  If a second medication 
is not in use then the next medication in the formulary is started. 
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3. If ANT < 0 or DTG < 0 then Next Visit Days = Current Visit Date + 90 
days AND make previously computed treatment move. 

 
 
A Mental Model of the Patient 
 
Feedback 

The mental model computation is: 
 
Expected Patient State = Last Measured Patient State  

    – Expected Max Reduction. 
 
Feedforward 
 

Assumptions: 
High Adherence:  Expected max reduction in SMBG per move = 15 mg/dL 
   Expected max reduction in A1c per move = 0.5% 
Low Adherence:  Expected max reduction in SMBG per move = 10 mg/dL 
   Expected max reduction in A1c per move = 0.3% 
 
3-points from 90 day time response curve are known (in the form of percent delayed 
effect):    30 days → 50% of max dose effect is delayed 
   60 days → 10% of max dose effect is delayed 
   90 days → 0% of max dose effect is delayed 
 
The mental model computations are as follows: 
 
1. Delayed Effects =  

(Number of Meds Adjusted within Last 30 days) * 0.25%22  
plus  (Number of Meds Adjusted within 30 to 60 days) * 0.05% 

 
2. When SMBG values are used in decision making then expected next blood 

glucose value is computed as: 
 

Expected next SMBG value =  
(Current SMBG)  

minus  [(number of moves made) * (expected reduction in SMBG per move)] 
  

  

                                                 
22 The value 0.25% is the product of 0.5% change in A1c for a single dose increment times 50% of 
maximum effect of the medication that is delayed in effecting A1c values.  Similarly the 0.05% is the 
product of 0.5% change in A1c for a single dose increment times 10% of maximum effect that has yet to 
show in A1c values. 
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3. When A1c values are used in decision making expected next blood glucose 
value is computed as: 

 
Expected next A1c value =   

(Current A1c)  
minus [(number of moves made) * (expected reduction in A1c per move)] 
 plus  (delayed effects of meds) 


