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Abstract 

Subject selection is essential and has become the rate-limiting step for 

harvesting knowledge to advance healthcare through clinical research.  Present manual 

approaches inhibit researchers from conducting deep and broad studies and drawing 

confident conclusions.  High-throughput clinical phenotyping (HTCP), a recently 

proposed approach, leverages the machine-processable content from electronic medical 

record (EMR) for this otherwise inefficient process making subject selections scalable 

and practical.   

However, the ability to capture a patient’s medical data is often limited because 

of commonly existing data fragmentation problems within current EMR systems, i.e. 

different data types (structured vs. unstructured), heterogeneous data sources (single 

medical center vs. multiple healthcare centers), and various time frames (short time 

frame vs. long time frame).  The role of data fragmentation on HTCP remains unknown.   

In this dissertation, by taking advantage of the REP patient-record-linkage 

system and the richness of EMR data at Mayo Clinic, I provide a multidimensional and 

thorough demonstration of how data fragmentation affects HTCP.  The predominant 

message that this dissertation delivered to the health informatics field can be 

summarized as data fragmentation of EMR has a remarkable influence on HTCP.  This 

risk should be carefully considered and mitigated by clinical researchers for the 

secondary and meaningful use of EMR, especially when developing or executing an 

HTCP algorithm for subject selection. 
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Chapter 1. Introduction 

Background 

Health informatics is an interdisciplinary science that integrates concepts and 

principles from  biomedical science, information science, computer science, 

cognitive science, statistical science, decision sciences, and even management sciences 

to improve care delivery [1].  Healthcare data is the core of health informatics.   

Today, one of the priority research areas within health informatics is to leverage 

existing data to harvest latent knowledge that can be directly applied to enhance 

healthcare.  For example, through analyzing the data collected from clinical trials, we 

examine whether or not patients with specific health conditions can benefit from 

receiving otherwise unavailable treatments.  Are these treatments safe for the patients?  

Are they effective to the diseases?  Such knowledge provides more effective ways to 

fight disease.  Similarly, through analyzing the genotype and phenotype data, we can 

discover significant associations of genetic variations and different clinical phenotypes.  

Such associated knowledge is exciting and may revolutionarily change current 

healthcare [2].  Why do some patients experience muscle pain after taking Statin while 

others do not [3]?  Why do some acute myeloid leukemia patients achieve significantly 

higher rates of complete remission and overall survival by doubling daunorubicin dose 

compared to others [4, 5]?  The answers to these questions will allow physicians to 

focus their attention on a patient’s individualized factors, initiate an early prevention 
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that is suited to the patient, provide a treatment decision specific to the patient, and 

achieve a better prognosis for the patient.  

To acquire such enabling knowledge, researchers need to conduct clinical 

studies that have sufficient statistical power to ensure significant conclusions.  These 

studies often require a substantial number of subjects.  However, subject selection, the 

process of identifying potential eligible study subjects with target clinical manifest 

characteristics or phenotypes, usually consumes considerable time and human efforts to 

gather, abstract, and review medical charts.  This makes it hardly affordable for clinical 

studies where a large volume of subjects are needed.  A previous report indicated that it 

normally takes 9 to 18 months to recruit approximate 400 subjects for clinical trials [6].  

The pharmaceutical industry also listed subject selection as one of the major factors that 

contributes to the increasing financial and time pressures [7, 8, and 16].  Today, subject 

selection has become the rate-limiting step of conducting broad and deep clinical 

research and slows down the progress towards better healthcare.   

Recently, the increased adoption of electronic medical record (EMR) systems 

provides researchers an advanced and powerful tool.  High-throughput clinical 

phenotyping (HTCP) is an EMR-based subject selection approach aiming to improve 

inefficient patient selection.  By the HTCP approach, clinical researchers can develop 

an HTCP algorithm (a set of inclusion and exclusion criteria for identifying patients 

with specified characteristics), execute the algorithm against already existing data 

within an EMR system, and rapidly obtain a large pool of eligible subjects [9-12].  The 

HTCP approach has been quickly accepted by the clinical research community not only 
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because clinical data contains rich and detailed clinical description and are more reliable 

than other resources (e.g. self report data),  but also because, by leveraging current 

EMR systems, clinical data can be obtained efficiently in a formalized output for further 

analysis.   

 

Statement of Problem 

Figure 1.1 the Overview of the Problem 
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The HTCP approach, by leveraging the machine-processable content through 

EMR for large-volume subject selection tasks, is appealing because it offers increased 

efficiency while it reduces the large amount of manual detail work that is required [13].  

However, the ability to capture a patient’s medical data is often limited because of data 

fragmentation (see Figure 1.1).   

Data fragmentation commonly exists in current EMR systems, i.e. different data 

types (structured vs. unstructured), heterogeneous data sources (single medical center 

vs. multiple healthcare centers), various time frames (short time frame vs. long time 

frame).  Data fragmentation leads to incomplete data from any one EMR when 

researchers execute an HTCP algorithm at a single medical center.  The absent data 

could be crucial in qualifying or disqualifying subjects, cause subject selection errors, 

and risk misleading results of subsequent studies [14].   

To my knowledge, the impact of such data fragmentation on HTCP has not been 

explicitly investigated.  The demonstration will be of high interest to investigators with 

research programs focusing on the secondary and meaningful uses of EMR. 

Organization of Thesis 

This thesis provides a multidimensional demonstration of how data 

fragmentation affects the accuracy of HTCP.  It comprises three independent but highly 

related studies.  Each study will be presented in a published or publishable manuscript. 

In chapter 2, I start with a discussion of the data fragmentation on different data 

types (chapter 2).  Structured data is easy to obtain and manipulate but short of detailed 

disease description.  Unstructured data contains more detailed description than 



5 
 

 
 

structured data but poses serious challenges to extract and analyze.  I propose a novel 

approach that combines natural language processing (NLP), data mining, and medical 

ontology techniques and investigate whether or not the extracted ontology concepts 

from unstructured data (clinical notes) contain equal information as structured data 

(diagnosis codes, laboratory tests, and medications) for HTCP.   

In chapter 3, I move my attention to another data fragmentation issue— data 

fragmentation across healthcare centers or spatial data fragmentation.  The data 

fragmentation across healthcare centers commonly exists in EMR because patients are 

often seen by multiple healthcare centers.  However, the impact of data fragmentation 

across healthcare providers on the accuracy of an HTCP algorithm has not been 

investigated.  I take advantage of the patient-record-linkage system from Rochester 

Epidemiology Project, a unique recourse at Olmsted County, Minnesota, to provide 

such a previously unavailable demonstration. 

Chapter 4 concentrates on insufficient longitudinal data or longitudinal data 

fragmentation.  Insufficient longitudinal data occurs when the availability of a patient’s 

EMR data is limited to a short time frame, e.g. if a patient was seen at the center only 

recently or if data were collected before the EMR system was introduced at that center 

and over time the data are discarded or become difficult to access [15].  Again, the 

impact of insufficient data fragmentation on the accuracy of an HTCP algorithm has not 

been previously investigated.  I will introduce my study on how insufficient 

longitudinal data affects the accuracy of HTCP. 
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In the final chapter (chapter 5), I will conclude my work and outlines its 

contributions to the field. After self-critique of the study, areas of future research will be 

suggested. 
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Introduction and Background 

The combination of DNA biorepositories with phenotype information for large-

scale, high throughput genetic research will enable further exploration of how genetic 

variation contributes to personal health, disease, and treatment[1, 2].  To conduct a 

successful genome-wide association (GWA) study, a significant number of subjects 

(cases and controls) are often required.  Without adequate subjects, a GWA study may 

not carry sufficient statistical power and researchers may not be able to derive 

conclusive results.   

Current research on high throughput identification of patients with a specific 

phenotype is in its infancy.  The manual chart review process of patients' medical 

records is extremely labor and resource intensive, which is hardly affordable for a large 

volume patient identification task.  Although computer systems are routinely used for 

clinical data storage and analysis, tremendous human efforts are required for gathering, 

abstracting, and reviewing a large volume of patients’ charts. A manual chart review 

process also takes a long time to complete.  Domain-expert proposed algorithms may 

leverage structured electronic medical data, such as diagnose codes and lab test results, 

which can obviate human abstraction and improve the efficiency of identification.  

Previous studies have demonstrated that using diagnosis codes alone is not able to 

provide quality case-finding results [3-5].  It is necessary to find other reliable resources 

for a patient selection.  Both manual chart review and domain-expert proposed 

algorithms are created for a specific use case.  In addition, they must be optimized by 

patient-care domain experts for terminology coding and clinical documentation [6].  
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Domain experts play major roles in both methods.  Thus there remains the possibility of 

error in either modality. 

There is an urgent call for developing an automatic approach for patient case-

finding and characterization.  In this study, we took advantage of historical Mayo Clinic 

electronic clinical notes and proposed a novel automatic approach for disease 

phenotyping patients.  The approach combines Natural Language Processing (NLP), 

machine learning based classification algorithms, and semantic techniques.  We were 

also interested in discovering if any existing semantic knowledge is helpful for pre-

selecting the most important features to a specific phenotype, and mitigating the 

computational burden due to significant amount of clinical data, thereby improving the 

performance of the case identification.   

Clinical notes, ranging in length from a few sentences to several pages, contain a 

significant amount of complex and detailed clinical phenotype information. This 

information constitutes the primary target for case identification [7].  Clinical notes are 

rich data sources for patient identification.  A main obstacle restricting the usage of 

clinical notes is their unstructured format, which makes it complicated to search, 

aggregate, and analyze.  NLP provides a possibility to bridge the gap between clinical 

free text and structured data, allowing humans to deal with a familiar natural language 

while enabling machines to effectively process data [8, 9].  Although current NLP 

techniques may not fully express the knowledge and relationships within a context, they 

are successful at automated recognition of biomedical named entities (NEs): 

diseases/disorders, signs/symptoms, anatomical sites, drugs, and procedures.  A Mayo 
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Clinic NLP package, called clinical Text Analysis and Knowledge Extraction System 

(cTAKES) [10], offers the public an application programming interface (API) to 

identify NEs from clinical notes.   The identified NEs can be mapped to unique concept 

identifiers in an appropriate terminology. This package has been successfully used in a 

population-based cohort study of congestive heart failure [11, 12].   

Machine learning based classification algorithms are good at automatically 

learning to recognize complex patterns and making intelligent decisions based on data. 

Many algorithms have been widely used and proven successful in many practical 

problems [13].  We used the support vector machine (SVM) algorithm in this study 

because SVM is efficient with large amounts of data [14].  Feature selection, which is 

commonly used in machine learning, is the technique of selecting a subset of candidate 

features for building robust learning models.  It can significantly improve the 

performance of learning models by alleviating the curse of dimensionality, enhancing 

generalization capability, speeding up learning process, and improving model 

interpretability [14, 15].  However, when a large number of features are available, it is 

impractical to find an optimal subset of features because it requires an exhaustive search 

of all possible subsets of the chosen cardinality.   

Ontology enable the appropriate and advantageous formalization of knowledge, 

and thus may potentially be helpful for finding the most related information of a target 

phenotype, and improving the performance of patient identification.  Specifically, we 

chose SNOMED CT in this study because it is considered the most comprehensive 

clinically oriented healthcare terminology available.  One of the major benefits of using 
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SNOMED CT is its high content coverage[16-18].  In the past 40 years, SNOMED CT 

has been widely used for clinically related applications and research [19].   

The feasibility of our proposed approach was evaluated by using clinical notes 

of Type 2 Diabetes Mellitus (T2DM) cases/controls.  

 

Methods 

Data Collection 

We chose Mayo Clinic’s medical data from the 2007 calendar year and focused 

upon patients’ clinical notes.  We also restricted this study to Mayo patients from 

Minnesota’s Olmsted County to provide a population-based context. This increases the 

likelihood that the subjects were receiving primary care at Mayo Clinic.  All patients 

without Minnesota Research Authorization consent were excluded.  With protocols 

approved by the Mayo Clinic IRB, the qualified patients were screened first by applying 

the Northwestern University (NW) T2DM algorithm [20].  The NW algorithm uses 

diagnostic codes, lab tests, and medication data to build up the inclusion and the 

exclusion criteria. It has been validated across institutes including the Mayo Clinic and 

Vanderbilt University Medical Center.  We also checked the cases based on previous 

experience and expertise with manual review of patients' detailed medical records.   

A total of 1,600 T2DM patients were identified from the clinical data from 

2007. A total of 1,600 controls, matched with cases by age and gender, were randomly 

chosen from the remaining population.  The average age of selected subjects was 

63.5±13.5 (mean±STD).  The gender ratio was 1.2 male(s)/female.  For the T2DM case 
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group, a patient’s average number of clinical notes in 2007 was 21.0±22.6 

(mean±STD); for the control group, the number was 15.1±20.0.  Statistical analysis 

indicated there was a significant difference between the numbers of notes available 

between the two groups (P<0.01).  This may because T2DM increases patients’ risk for 

many serious health problems.  Many patients with T2DM are with other complications, 

such as eyes, foot, and skin. Thus, their average number of clinical notes is higher than 

others. 

All of the subjects’ clinical notes were processed using cTAKEs to extract 

distinct SNOMED CT concept units.  A concept unit is defined as a concept with a 

negation value (positive or negative). For example, concept “diabetes mellitus” with 

positive certainty was considered as a different concept unit from “diabetes mellitus” 

with negative certainty.  

Normalization of concept unit frequency 

Because there was a significant difference of the average number of clinical 

notes between the case and the control group, we normalized the frequency of each 

concept unit before feeding them into a machine learning algorithm.  For a patient’s 

concept unit, the normalized frequency was calculated as:  

 ∑     ,  

where n is his/her total number of clinical notes in 2007.  For example, a patient 

may have a total of eight clinical notes in 2007.  In these eight notes, a concept unit, 

diabetes mellitus (SNOMED CT Concept ID: 73211009) with positive certainty, has 

been identified 100 times. The normalized frequency of this concept unit is then 12.5.  
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Machine Learning Algorithm and Evaluation 

The concept units and their normalized frequencies were input as features and 

values into the SVM algorithm to build a classification model using Weka [15].  For 

both the case and the control groups, precision, recall, and F-score were calculated to 

evaluate the approach’s performance.  Precision is defined as the fraction of identified 

subjects that are true positive, whereas recall measures the fraction of target subjects 

that are identified. An F-score balances the effects of precision and recall by calculating 

their harmonic mean, which is defined as  2 .  In order to 

obtain accurate estimates, we used the tenfold cross-validation method and repeated the 

process ten times for each test.  The average and the standard deviation of each test’s 

results are reported.  

Investigation of Semantic Benefits 

We designed two experiments, semantic type group and node collapse, to 

discover if the SNOMED CT semantic knowledge helps select features and alleviates 

the computational burden.   

The idea of semantic types is used by Unified Medical Language System 

(UMLS). It aims to provide consistent categorizations of all concepts represented in all 

biomedical terminologies.  There are currently 135 semantic type groups of UMLS.  In 

this experiment, the identified concept units were classified into different semantic type 

groups, e.g. Disease or Syndrome, Finding, and Sign or Symptom.  For each of these 

groups, the precision, recall, and F-score were calculated. 
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The node collapse experiment was designed to determine the effect of various 

SNOMED CT semantic granularities on the performance of patient identification.  

Semantic granularity is the degree of specific or particular detail in the definition of a 

group of concepts.  SNOMED CT adopts a hierarchical structure, which is ordered from 

bottom to top and from a finest level of granularity to a coarsest level of a granularity. 

For example, viral pneumonia IS-A Infectious pneumonia IS-A Pneumonia IS-A Lung 

disease. All SNOMED CT concepts eventually are organized into nineteen top 

hierarchy concepts. The nineteen hierarchy concepts were called the first levels in this 

study. The identified branch node concepts were collapsed into various upper levels.  

For each level, the precision, recall, and F-score were calculated. 

Results 

A total number of 29,569 distinct SNOMED CT concept units were identified 

from the 3,200 patients’ clinical notes (a total number of 57,707).  The performance of 

using all identified concept units as features are shown in table 1.  Our approach 

achieved an F-score of 0.956 and 0.957 for the case and the control group respectively. 

For the case identification purpose, this approach produced a precision of 0.968. 

 

Table 1: Performance by using all concept units as features. 
 Precision Recall F-Score 

Case 0.968±0.001 0.943±0.001 0.956±0.001
Control 0.945±0.001 0.969±0.001 0.957±0.001

 
 

The numbers of the identified concept units of different semantic type groups 

are shown in table 2. Approximately 1/5 of the identified concept units (6,457) 
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belonged to Disease or Syndrome group.  The other major groups were Finding; Body 

Part, Organ, or Organ Component; Therapeutic or Preventive Procedure; and Sign or 

Symptom, which contained 4,191, 3,644, 3,190, and 2,191 identified concept units 

respectively.  Using only concept units of Disease or Syndrome group as features 

achieved a high performance (F-Score above 0.950) for both the case and the control 

groups. This indicated that this semantic type group contains the most important 

information for the T2DM patient identification. Using only Finding concept units gave 

a high precision (0.918) for the case group. However, the recall was relatively low 

(0.637). Using concept units from Sign or Symptom did not perform well.  This may 

because different diabetes patients may show different signs or symptoms. This may 

also because the signs or symptoms of diabetes, e.g. thirst, blurred vision, dry skin, or 

fatigue, are not distinct from that of other diseases.  

The results of the node collapse to different levels are shown in table 3. When 

the concept nodes collapsed to the 4th level, the number of concept units reduced to 

approximately one-fifth of the number of total identified concept units. The F-scores 

were 0.945 and 0.946 for the case and the control group respectively. Using concepts of 

finer levels increased the number of features; however, it did not help significantly 

improve the identification performance.  Our results imply that the coarse level 

concepts, e.g. the 4th level or 5th level concepts, contain enough information for this 

T2DM patient identification.  
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Table 2: The performance of using various semantic type concept units. 

Semantic Type No. of concept 
units 

Case Control 
Precision Recall F-Score Precision Recall F-Score 

Disease or Syndrome 6457 0.969±0.002 0.935±0.001 0.952±0.001 0.937±0.001 0.970±0.002 0.953±0.001 
Finding 4191 0.918±0.001 0.637±0.002 0.752±0.001 0.722±0.001 0.944±0.001 0.818±0.001 

Body Part, Organ, or Organ 
Component 3644 0.730±0.003 0.580±0.003 0.646±0.002 0.652±0.002 0.786±0.003 0.712±0.002 

Therapeutic or Preventive 
Procedure 3190 0.845±0.002 0.466±0.002 0.601±0.002 0.632±0.001 0.915±0.002 0.747±0.001 

Sign or Symptom 2191 0.682±0.007 0.376±0.004 0.484±0.004 0.569±0.002 0.825±0.006 0.674±0.003 
Neoplastic Process 1452 0.598±0.004 0.366±0.014 0.454±0.012 0.543±0.003 0.754±0.007 0.631±0.002 

Pathologic Function 1185 0.703±0.006 0.487±0.008 0.575±0.004 0.607±0.002 0.795±0.009 0.688±0.003 
Diagnostic Procedure 1114 0.584±0.002 0.813±0.008 0.680±0.003 0.693±0.006 0.422±0.008 0.524±0.005 
Injury or Poisoning 1036 0.719±0.011 0.257±0.016 0.379±0.017 0.548±0.003 0.899±0.011 0.681±0.003 

Body Location or Region 838 0.682±0.001 0.706±0.002 0.694±0.001 0.696±0.001 0.671±0.002 0.683±0.001 
Mental or Behavioral 

Dysfunction 731 0.562±0.000 0.595±0.001 0.578±0.001 0.570±0.001 0.537±0.001 0.553±0.001 

others 4061 0.861±0.003 0.601±0.002 0.708±0.002 0.693±0.001 0.903±0.002 0.784±0.001 
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Table 3: Results of node collapse to various levels. 

Level 
number of 

concept 
units 

Case Control 

Precision Recall F-Score Precision Recall F-Score 

1 30 0.665±0.000 0.708±0.002 0.686±0.001 0.688±0.001 0.643±0.001 0.665±0.001 
2 218 0.688±0.001 0.665±0.001 0.676±0.001 0.675±0.001 0.699±0.002 0.687±0.001 
3 1467 0.843±0.001 0.820±0.001 0.831±0.001 0.825±0.002 0.847±0.001 0.836±0.001 
4 6582 0.955±0.001 0.936±0.001 0.945±0.001 0.937±0.001 0.956±0.001 0.946±0.001 
5 13116 0.958±0.001 0.938±0.001 0.948±0.001 0.939±0.001 0.959±0.001 0.949±0.001 
6 21180 0.968±0.001 0.940±0.001 0.954±0.001 0.942±0.000 0.969±0.001 0.955±0.001 
7 27461 0.966±0.002 0.945±0.001 0.956±0.001 0.946±0.000 0.967±0.001 0.957±0.001 
8 31307 0.967±0.001 0.945±0.001 0.956±0.001 0.946±0.001 0.968±0.001 0.957±0.000 
9 32785 0.967±0.001 0.944±0.001 0.956±0.001 0.946±0.001 0.967±0.004 0.956±0.002 

10 33084 0.970±0.001 0.939±0.000 0.954±0.000 0.941±0.000 0.971±0.001 0.956±0.000 
11 32662 0.969±0.000 0.944±0.001 0.956±0.001 0.945±0.001 0.969±0.000 0.957±0.001 
12 31953 0.969±0.001 0.943±0.001 0.956±0.001 0.945±0.001 0.970±0.001 0.957±0.001 
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Table 4: Results of node collapse to various levels after removing all concepts, the fully specified names of which contain the string 
“diabetes”. 

Level 
number of 

concept 
units 

Case Control 

Precision Recall F-Score Precision Recall F-Score 

1 30 0.665±0.000 0.708±0.002 0.686±0.001 0.688±0.001 0.643±0.001 0.665±0.001 
2 218 0.688±0.001 0.665±0.002 0.676±0.001 0.675±0.001 0.699±0.002 0.687±0.001 
3 1467 0.775±0.002 0.666±0.001 0.716±0.001 0.707±0.001 0.806±0.002 0.753±0.002 
4 6563 0.807±0.002 0.724±0.002 0.763±0.001 0.750±0.001 0.827±0.002 0.787±0.001 
5 13086 0.838±0.002 0.757±0.002 0.795±0.002 0.778±0.002 0.853±0.002 0.814±0.002 
6 21130 0.854±0.002 0.773±0.002 0.811±0.002 0.793±0.002 0.867±0.002 0.828±0.002 
7 27401 0.901±0.002 0.767±0.002 0.828±0.002 0.797±0.002 0.916±0.002 0.852±0.001 
8 31244 0.924±0.002 0.772±0.003 0.841±0.002 0.804±0.002 0.936±0.002 0.865±0.002 
9 32724 0.925±0.003 0.772±0.002 0.842±0.002 0.805±0.002 0.938±0.003 0.866±0.002 

10 33021 0.927±0.002 0.772±0.003 0.842±0.002 0.804±0.002 0.940±0.002 0.867±0.002 
11 32601 0.928±0.003 0.769±0.002 0.841±0.001 0.803±0.001 0.941±0.003 0.866±0.001 
12 31895 0.928±0.003 0.769±0.002 0.841±0.001 0.802±0.001 0.940±0.002 0.866±0.001 
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Disorder related concepts like “Type II diabetes mellitus (SNOMED CT 

Concept ID: 190384004)” are often coarse level concepts.  In order to investigate if the 

identification process is a trivial task of looking for these disorder-related concepts, we 

removed all concept units from the input features if their fully specified names contain 

the string “diabetes” and repeated the node collapse experiment.  The results are shown 

in table 4.  The performance kept stable until the concepts collapsed into the 7th level. It 

is not surprising that the F-score dropped an approximate 10 percent from that of 

previous node collapse experiments. However, the F-scores for both the case and 

control groups were still at an overall acceptable level—0.850.  This result suggests that 

the removed “diabetes” disorder-related concepts are important in this identification 

task while other concepts also contain enough information to classify T2DM cases and 

controls. 

Discussion 

Our work was driven by the shortage of an automatic approach for identifying 

patients with a specific phenotype. The approach we proposed takes advantage of an 

already existing large sample of Mayo Clinic electronic clinical notes. The approach 

also combines NLP, ontology, and machine learning techniques.  This unique 

combination makes the approach novel and innovative.  In addition, once the patient 

identifier is created, a patient identification process will be fully automatic. This would 

potentially save time and valuable resources.  

The excellent performance of this approach on T2DM clinical notes shows its 

potential to be used for other patient identification tasks.  The proposed approach may 
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substantially benefit the patient recruitment process of clinical research, evidence-based 

healthcare, and genotype and phenotype association studies.  Our results also indicated 

that it is promising to take advantage of SNOMED CT semantic knowledge for a pre-

feature selection. This may improve the efficiency of patient identification.  Concept 

units from the Disease or Syndrome semantic type group play important roles in this 

identification task. The coarse level concepts of SNOMED CT contain enough 

information for T2DM patient identification.  

This preliminary evaluation is limited by an arbitrary and very narrow patient 

domain area (T2DM). We have planned to repeat this approach on other diseases and 

evaluate its performance. 
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Background and Significance 

 Subject selection, the process of identifying patients with specific clinical 

characteristics, is an essential component of clinical studies.  Accurate selection 

consumes considerable time and effort to gather, abstract, and review medical charts, 

and it is often the rate-limiting step in clinical research [1].  Recently, the increased 

adoption of electronic medical record (EMR) systems has provided researchers an 

advanced tool to improve this inefficient process[2].  By leveraging the machine-

processable content through an EMR system, clinical researchers can develop a high-

throughput clinical phenotyping (HTCP) algorithm (a set of inclusion and exclusion 

criteria for identifying patients with specified characteristics), execute the algorithm 

against already existing data within an EMR system, and rapidly obtain a large pool of 

eligible study subjects [3-6]. 

 The Electronic Medical Records and Genomics (eMERGE) Network[5], a 

national consortium funded by the National Human Genome Research Institute, has 

devoted substantial  efforts to exploring the possibility of leveraging EMRs as resources 

for subject selection.  The eMERGE I Network consisted of five national leading 

academic medical centers: Mayo Clinic in Rochester, Minnesota, Northwestern 

University Medical Center, Vanderbilt University Medical Center, Marshfield Clinic in 

Wisconsin, and the Group Health Cooperative with the University of Washington.  One 

of its primary goals was to develop HTCP algorithms for identifying subjects suitable 

for genotype- and phenotype-associated studies.  In order to ensure that an algorithm is 

transportable and that various institutions can execute it to obtain reliable outputs, each 
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algorithm developed in the eMERGE Network was proposed, reviewed, and validated 

by domain experts across participating medical centers. 

 The HTCP approach of leveraging EMR data for subject selection is 

appealing because it offers increased efficiency while it reduces the large amount of 

manual detail work that is required.  However, the ability to capture all of a patient’s 

medical data is limited when patients are seen by multiple providers.  A recent study 

indicates that of the nearly 3.7 million patients who sought treatment in acute care 

settings in Massachusetts during a 5-year period, over 30% visited more than 1 hospital 

and 1%—or 43,794 patients—visited 5 or more hospitals during the study period [7].  

Similar findings regarding multiple healthcare centers were reported by Smith et.al 

(2005) for primary care visits [8].  The resultant data fragmentation across health care 

centers leads to incomplete data from any one EMR when researchers execute an HTCP 

algorithm at a single medical center.  The absent data could be crucial in qualifying or 

disqualifying a study subject and could cause subject selection errors.  

 Previous studies of the effect of data fragmentation on clinical outcomes 

suggested that data fragmentation wasted valuable medical resources and could 

adversely affect treatment outcomes [8-13].  Cox and his colleagues[14] investigated 

the influence of missing data and demonstrated that subjects with missing data differed 

significantly in terms of variables crucial to the study outcome and that distortion led to 

biased results. 

 To our knowledge, the impact of data fragmentation across health care 

centers on an HTCP algorithm has not been explicitly investigated. This present study 
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evaluated the impact of data fragmentation on an HTCP algorithm developed within the 

eMERGE Network for specifying patients with type 2 diabetes mellitus. 

 

The eMERGE TYPE 2 Diabetes Mellitus algorithm 

 Type 2 Diabetes Mellitus (T2DM) is a multiple gene–related chronic 

disease that poses an enormous public health burden [15]. As provided in detail 

elsewhere [16, 17], the eMERGE T2DM algorithm is EMR based and was developed 

by researchers from Northwestern University and enhanced by other participating 

institutes within the eMERGE Network. The primary goal of this algorithm is to 

maximize the positive predictive value (PPV) or the precision of identifying T2DM 

cases, a term used herein to mean patients with T2DM, and to avoid confounding by 

inclusion as cases either those individuals without any type of diabetes mellitus (DM) or 

those individuals with type 1 DM. With respect to unaffected controls (herein termed 

non-DM controls), the goal of the algorithm is to maximize the PPV of identifying 

individuals with no DM, excluding even those individuals at risk for DM which has not 

yet manifested itself (i.e., pre-DM).   

 Previous evidence has suggested that ICD-9-CM (International 

Classification of Diseases, Ninth Revision, Clinical Modification) codes alone would 

not provide enough accuracy in identifying patients with DM [18, 19].  More 

importantly, T2DM cases identified using only diagnosis codes could be contaminated 

with type 1 DM cases because many patients are assigned the code for “diabetes 

mellitus, unspecified type” and some patients with T2DM diagnosis codes are actually 
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T1DM individuals who have been wrongly assigned a code for T2DM.  To avoid such 

potential misclassification, the algorithm developers supplemented the use of diagnosis 

codes with relevant laboratory results and medication prescriptions (Table 1). 

 Previous evaluation studies indicated the algorithm achieved 98% and 

100% PPVs for identification of T2DM cases and non-DM controls, respectively, 

compared with clinician review [16].  However, both the EMR data and the records that 

were reviewed came from the same healthcare center. Thus, the impact of data 

fragmentation across healthcare centers on its performance is still unknown. We chose 

to evaluate the impact of data fragmentation across health care centers on the basis of 

this algorithm because it involves virtually all structured EMR data (i.e. diagnosis, 

laboratory values, and medication) and demonstrated high accuracy within single 

medical center. 

  

Materials and Methods 

Study Setting  

This is a population-based medical records study.  This study was conducted in 

Olmsted County, Minnesota (2010 census = 144,248).   

Data Resources 

The study took advantage of Rochester Epidemiology Project (REP) 

resources[20]. REP is a medical records-linkage system for all residents of Olmsted 

County, which has been continuously funded by National Institutes of Health since 
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1966.  Population-based studies using REP resources are afforded because Rochester, 

the county seat, is geographically isolated (approximately 136 km from the nearest 

urban center) and home to Mayo Clinic, one of the world’s largest medical centers.  

Thus, >95% of medical care received by County residents is provided by either Mayo 

Clinic, with its two affiliated hospitals, or Olmsted Medical Center (OMC), a second 

group practice, with its affiliated hospital[21].  The REP maintains a unique identifier 

for each Olmsted County resident over time and across providers, and each resident’s 

clinical data from virtually all sources of medical care (hospital inpatient, hospital 

outpatient, emergency department, office, and nursing home visits) can be combined for 

approved clinical research[20, 21].  

 

Eligible Subjects  

 The study was approved by the Mayo Clinic and the OMC Institutional Review 

Boards.  We first used the REP census[20] to identify all unique individuals residing in 

Olmsted County in 2007.  Persons who refused authorization for use of their medical 

record in research at either OMC or Mayo Clinic (typically, <5% [22]) were excluded.  

To be eligible for this study, subjects must be Olmsted County residents and had to (1) 

have at least one encounter at Mayo Clinic from 1/1/2006 through 12/31/2007, and (2) 

also have at least one encounter at OMC from 1/1/2006 through 12/31/2007.   
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EMR Data  

We obtained two years of eligible patients’ EMR data (2006 and 2007) from 

OMC and Mayo Clinic separately.  We searched administrative claims data to 

determine the presence (or absence) of DM-relevant ICD-9-CM codes. Outpatient 

laboratory data for DM relevant tests were reviewed to determine whether a subject had 

an abnormal value. The sources of medication data we used were electronic outpatient 

prescription databases. One author (PJC), a licensed internal medicine physician with a 

focus on diabetes, manually reviewed the databases and provided a list of generic drug 

names, brand names, synonyms, and abbreviations for DM-relevant medications (see 

Appendix). We searched the medication data for the terms on the list to determine 

whether or not a patient had been prescribed any such medications. 

 

Data Analysis 

We first executed the eMERGE T2DM algorithm (Table 1) on EMR data 

combined from both OMC and Mayo Clinic EMR systems.  The categorization of 

eligible patients as cases and non-DM controls when using data from both EMR 

systems was considered the gold standard in this study. We then executed the algorithm 

using Mayo Clinic EMR data alone; for cases and controls separately; we calculated the 

number of true-positives (TP), false-positives (FP), true-negatives (TN), and false-

negatives (FN) against the gold standard.  We also estimated PPVs and false-negative 

rates (FNRs) to evaluate misclassification errors caused by data fragmentation across 

health care centers.   
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The numerator for PPV is the number of true-positive subjects, i.e. those 

cases(controls) that were identified using EMR data from both centers who were also 

identified as such using EMR data from Mayo Clinic alone.  The denominator for PPV 

is the sum of true-positive subjects plus the number of false-positive subjects, with 

false-positives defined as subjects categorized as not cases (not controls) by the gold 

standard but categorized as cases (controls) by EMR data from Mayo Clinic alone.  

PPV is defined with the following equation:  

  

No. of TP Cases TP Controls
No. of TP Cases TP Controls No. of FP Cases  No. of FP Controls  

 

The numerator for FNR is the number of subjects categorized as cases (controls) using 

the gold standard but who were categorized as not cases (not controls) using EMR data 

from Mayo Clinic alone.  The denominator for FNR is the number of false-negative 

subjects plus the number of true-positive subjects.  FNR is calculated with the following 

equation 

 

No. of FN Cases FN Controls
No. of TP Cases TP Controls No. of FN Cases FN Controls

 

 

The McNemar test [23] was used to analyze whether the categorization that 

resulted using EMR data from 2 centers differed from the categorization when using 

Mayo Clinic EMR data alone.  The distribution of subject characteristics (age and sex) 
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were compared between TP cases and FN cases to estimate whether cases falsely 

excluded because of data fragmentation were statistically different from identified 

cases.  Comparison of the mean age between 2 groups was performed with t test. 

Comparison of sex proportion was performed with χ2 test.  Statistical significance was 

accepted when P was <0.05. All data are presented as mean and standard deviation 

(SD).  Statistical analysis was performed with R for Windows software version 2.11.1 

[24]. 

 

Results 

 Among 139,654 Olmsted County residents in 2007, 12,740 (9.1%) had at 

least one encounter at Mayo Clinic from 01/01/2006 through12/31/ 2007 and at least 

one encounter at OMC within that same timeframe (Table 2).  These 12,740 residents 

were eligible for the present study. 

 

Case Identification 

 From the 12,740 eligible subjects, 6.0% (765) met eMERGE T2DM 

algorithm inclusion criteria for T2DM cases when using their combined Mayo Clinic 

and OMC EMR data (Table 3).  These 765 subjects were considered true T2DM cases 

for this study.  

 By comparison, 540 patients were identified as T2DM cases when using 

their Mayo Clinic EMR data alone; 513 were TP and 27 were FP (Table 3a). The PPV 
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1,573 were FN (i.e., incorrectly excluded as non-diabetes controls by using EMR data 

from a single provider). The PPV and FNR were 92.6% (2,683/2,898) and 37.0% 

(1,573/4,256), respectively (Table 3b).  Statistical analysis indicated a significant 

difference between the categorization when using data from the two health care centers 

and the categorization when using data from Mayo Clinic alone (P <0.001). 

With respect to which eMERGE inclusion/exclusion criteria (see Table 1) 

accounted for the misclassification of controls using Mayo Clinic EMR data alone, 

incomplete laboratory data contributed to 135 (63%) FP controls and 1,074 (68%) FN 

controls (Tables 4). Incomplete diagnosis codes contributed to another 73 (34%) FP 

non-diabetes controls.  And 499 (32%) of FN non-diabetes controls resulted from 

having fewer than two encounters at Mayo Clinic 2006-2007. 

  

Discussion 

 Current clinical research is limited by a labor-intensive subject selection 

process, which has become a formidable obstacle to conducting broad and deep studies 

and drawing powerful conclusions.  An HTCP algorithm leverages machine-processable 

EMR data, improving such inefficiency.  Oftentimes, a patient is seen by multiple 

medical centers, and thus a single healthcare center does not have the patient’s complete 

medical data when executing an algorithm.  To our knowledge, how this data 

fragmentation across health care providers affects the accuracy of an HTCP algorithm 

has not been previously investigated.  Such an investigation is difficult to conduct 

because it requires accessing multiple EMRs from heterogeneous sources at multiple 
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medical centers. By taking advantage of the Rochester Epidemiology Project, we 

accomplished such a novel demonstration. 

 When using the combined Mayo Clinic and OMC EMR data for the 12,740 

eligible subjects, 6.0% (765) met eMERGE T2DM algorithm inclusion criteria for 

T2DM cases (Table 3).  This percentage is slightly lower than the prevalence of DM for 

all age-groups in the United States (8.3%) [25] because not all Olmsted County 

residents were tested for DM in the 2 years of study. 

 Our results, combined with findings from other studies [8, 14], showed the 

advantage of access to more complete data for clinical research. In the present study, 

data fragmentation across healthcare centers resulted in incomplete data for any one 

EMR when executing the eMEREGE T2DM algorithm in Olmsted County, MN, and 

that incompleteness substantially decreased the algorithm’s accuracy.  For both cases 

and controls, we found significant categorization differences using data from both 

centers relative to using data from any one alone.  The differences were mainly the 

result of a large proportion of missed cases (n=252; FNR, 32.9%) and controls 

(n=1,573; FNR, 37.0%).  Even though the eMEREGE T2DM algorithm is reported to 

achieve 98% and 100% PPVs for identification of T2DM cases and non-DM controls 

compared with clinician review[26], we still identified 27 (5.0%) false-positive cases 

and 215 (7.4%) false-positive controls because of data fragmentation across healthcare 

centers. 

 An incomplete diagnosis is the main reason for FP errors and accounted for 

all FP T2DM cases. Absent laboratory results and incomplete diagnosis led to the 
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majority of FP controls. FNs were caused by the incompleteness of diagnosis, 

laboratory values, or prior medications. We also found that 53 cases (21%) and 499 

controls (32%) were missed because they had fewer than two clinical visits during the 

study period. Since the time frame we used was two years, which is broader than the 

recommended frequency of T2DM visits (3-6 months)[25, 27], these insufficient 

clinical visits must have resulted from data fragmentation across centers as well. 

 The misclassification errors caused by data fragmentation could lead to 

sampling bias and risk serious distortions in the findings of resulting studies[28].  These 

outcomes should be carefully considered by clinical researchers when developing or 

executing an algorithm.  The ultimate solution for the data fragmentation problem is 

integrating EMR systems across various providers.  However, to achieve such an 

ambitious goal, not only do serious technological challenges exist, but also complex 

ethical issues need to be addressed.  Some  ONC (the Office of the National 

Coordinator) funded Beacon projects prototype this issue[29].   

 Clinical narratives (unstructured clinical data) document a patient’s detailed 

description about diseases that may contain data from other providers.  This additional 

information can be extracted by using natural language processing techniques and 

turned into normalized data for further analyzing using other advanced techniques, e.g. 

data mining[30].  Then, discovered patterns could be reviewed and adopted in subject 

selection criteria.  This approach may be working with the caveat that additional data 

must be relevant for the condition under study.  Our previous work, along with other 

studies, has shown its potential for subject selection tasks [6, 31-34]. 
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 Several issues about this study design should be considered when 

interpreting the findings.  Because of unavoidable random or systematic errors (e.g., 

physician experience, communication quality between the patient and the clinician, and 

coding quality), it is extremely difficult to obtain a patient’s actual condition or the true 

gold standard [35].  In this study, our gold standard was based on two years of EMR 

data from two major health care centers in Olmsted County.  Because most Olmsted 

County residents receive their health care at these two providers and the observation 

window we chose is much broader than the recommended frequency of T2DM visits, 

this is a pragmatic gold standard for this study. 

 Our results may not generalize to large metropolitan areas. Our study 

setting is a sparsely populated, relatively isolated county in southeastern Minnesota. 

The residents of Olmsted County have fewer options for health care providers to choose 

from than people living in a large metropolitan area. Thus, the misclassification errors 

that we found by comparing the selected categorizations most likely are milder than in a 

usual situation. In addition, the algorithm scope of our study is limited to the eMERGE 

T2DM algorithm alone. For a more complete evaluation of the impact of data 

fragmentation on an HTCP algorithm, this study needs to be repeated at different 

geographic locations under various periods of observation on a wide spectrum of HTCP 

algorithms. 
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Conclusion 

 This study, to our knowledge, is the first attempt to assess the impact of the 

data fragmentation on an HTCP algorithm across multi-institution EMRs. Our results 

showed that data fragmentation across healthcare centers causes misclassification errors 

of an HTCP algorithm. This risk should be carefully considered by clinical researchers 

when developing or executing an HTCP algorithm. 
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Table 1. The eMERGE T2DM Algorithm  
Cases 

Inclusion criteria 

• At least 2 clinic visits 

• If ICD-9 code(s) of T2DM and no 

code(s) of T1DM 

  Treatment with T2DM medications 

or  

•   No treatment with DM medications and 

abnormal laboratory results*  

(*Random Glucose level > 200 mg/dL, 

Fasting Glucose level ≥ 125 mg/dL, 

 or HbA1c level ≥ 6.5%) 

 

or 

  Treatment with insulin and prior treatment 

with T2DM medications 

or  

  Treatment with insulin and ≥2 T2DM 

diagnosis dates 

• If no ICD-9 code of T2DM 

--Treatment with T2DM medications and  

abnormal laboratory results 

Exclusion criteria 

• Treatment with only insulin and never 

treatment with T2DM medications 

• ICD-9 code of T1DM 

Controls 

Inclusion criteria 

• At least 2 clinic visits 

• At least 1 glucose laboratory 

value 

Exclusion criteria: 

• ICD-9 code(s) of DM or other 

related disorders 

• Treatment with DM 

medications or diabetes 

supplies 

• Glucose level ≥110 mg/dL 

• HbA1c level ≥6.0% 
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Table 2. Demographic Characteristics of Olmsted County Residents and Eligible 

Patients 

Olmsted County residents in 2007 (n=139,654)  

 Age, mean (SD), y 35.8 (22.9) 

 Female sex, % 53.2 

Eligible subjects (n=12,740)  

 Age, mean (SD), y 40.9 (23.0) 

 Female sex, % 54.9 
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Table 3. The Categorization of Eligible Patients as Type 2 Diabetes Mellitus Cases and 

as non Diabetes Mellitus Controls 

 

 
Mayo Clinic + OMC 

Total 
Case Non-case 

Mayo 

Clinic 

Case TP:513 FP:27 540 

Non-case FN:252 TN:11,948 12,200 

Total 765 11,975 12,740 

PPV: TP/(TP+FP) 95.0% ; FNR: FN/(FN+TP) 32.9% 

 

 
Mayo Clinic + OMC 

Total 
Control Non-control 

Mayo 

Clinic 

Control TP:2,683 FP;215 2,898 

Non-control FN:1,573 TN:8,269 9,842 

Total 4,256 8,484 12,740 

PPV: TP/(TP+FP) 92.6% ; FNR: FN/(FN+TP) 37.0% 

 

 

 

 



45 
 

 
 

Table 4. The Number of and Reasons that Contributed to FP Results and FN Results 

FP Subjects, No. (%) Reasons that Contributed to FPs 

Case 27  (100) Incomplete data for T1DM diagnosis 

Control 

73  (34) Incomplete data for DM-relevant diagnosis 

7  (3) Incomplete use history of anti-diabetes medication or 

supplies 

135  (63) Absence of laboratory results 

 

FN Subjects, No. (%) Reasons that Contributed to FNs 

Case 

53 (21) <2 visits at Mayo Clinic between January 1, 2006, and 

December 31, 2007 

111 (44) Incomplete data for T2DM diagnosis 

75 (30) Incomplete treatment history of anti-diabetes 

medication or supplies 

13 (5) Absence of laboratory results 

Control 

499 (32) <2 visits at Mayo Clinic between January 1, 2006, and 

December 31, 2007 

1,074 (68) Absence of laboratory results 
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Introduction 

 Clinical research often requires identifying cohorts of potentially eligible 

subjects on the basis of disease, symptoms, or related findings. This subject selection 

process usually consumes substantial time and human efforts to gather, abstract, and 

review patients’ medical records. These demands keep clinical researchers from 

conducting deep and broad analyses on large samples and deriving statistically 

powerful conclusions.  Also, subject selection is a major factor contributing to the 

increasing financial and time pressures in the pharmaceutical industry [1, 2].  

 Recently, the increased adoption of electronic medical record (EMR) 

systems has provided a potential tool to reduce the inefficiencies of manual medical 

record review [3]. By leveraging machine-process able content through an EMR 

system, clinical researchers can develop a high-throughput clinical phenotyping 

(HTCP) algorithm (a set of EMR-based inclusion and exclusion subject selection 

criteria), execute the algorithm against an existing EMR system, and rapidly obtain a 

large pool of potentially eligible study subjects [4-6].  

 The Electronic Medical Records and Genomics (eMERGE) Network, a 

national consortium funded by the National Human Genome Research Institute, has 

devoted substantial efforts to exploring the possibility of leveraging EMRs for HTCP 

[7]. The eMERGE I Network consisted of 5 leading medical centers in the United 

States: Mayo Clinic, Rochester, Minnesota; Northwestern University Medical Center, 

Chicago, Illinois; Vanderbilt University Medical Center, Nashville, Tennessee; 

Marshfield Clinic, Marshfield, Wisconsin; and Group Health Cooperative in 
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collaboration with University of Washington, Seattle, Washington.  Thirteen robust 

HTCP algorithms had been created by the end of May 2011. All HTCP algorithms 

were validated across the 5 participating centers to ensure that each of them was 

transportable and that various institutions can execute it to efficiently and thereby 

accurately identify subjects eligible for clinical research. 

 However, the role of longitudinal data on the accuracy of HTCP algorithms 

continues to be a concern.  Insufficient longitudinal data occurs when a patient’s EMR 

data is limited to a short time frame, e.g., the patient's data were collected before the 

EMR system was implemented at a center or the patient was seen at that center only 

for a short period.  In either instance, only a certain number of years of EMR data, 

instead of a patient’s complete longitudinal data, would be available when executing 

the algorithm.  The unavailable longitudinal data may be crucial to qualify or 

disqualify study subjects.  For example, distinguishing persons with diabetes from 

persons with no diabetes, glucose values are frequently a key factors used in this 

distinction.  But if the patient is well controlled off medication, he/she may not have 

abnormal glucose values available in the EMR data.  The lack of these data may bring 

about subject selection errors, lead to sampling bias, and, more importantly, risk 

misleading results of following studies[8].  The disadvantages of short periods of 

observation for describing patient characteristics have been reported in several 

epidemiological studies by our group and others, e.g., distinguishing incident from 

prevalent cases and identifying risk factors [9-14].  
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 The impact of insufficient longitudinal data on an HTCP algorithm has not 

been explicitly investigated.  This present study aimed to provide a novel 

demonstration of this impact of insufficient longitudinal data on an HTCP algorithm 

developed within the eMERGE Network for specifying subjects with T2DM. 

 

The eMERGE T2DM algorithm 

 T2DM is a multiple gene–related chronic disease that poses an enormous 

public health burden [8].  As provided in detail elsewhere[9, 10], the eMERGE T2DM 

algorithm is EMR based and was developed by researchers from Northwestern 

University and enhanced by other participating institutes in the eMERGE Network. The 

primary goal of developing this algorithm was to maximize the positive predictive value 

(PPV) ), i.e. precision, of identifying patients with T2DM subjects, or T2DM cases, and 

to avoid confounding by inclusion as cases either individuals without any type of 

diabetes mellitus (DM) or those individuals with T1DM.  With respect to unaffected 

controls or non-DM controls, The goal of the algorithm was to maximize the PPV of 

identifying individuals without DM of any types, excluding even those individuals at 

risk for DM that had not yet manifest (i.e., pre-DM).   

 Previous evidence suggests that using ICD-9-CM (International 

Classification of Diseases, Ninth Revision, Clinical Modification) codes alone is 

problematic for identifying diabetes subjects generally [11, 12].  More importantly, 

T2DM cases identified by using ICD-9-CM codes alone could be contaminated with 

T1DM cases because many patients are assigned the code for “diabetes mellitus, 
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unspecified type” and some patients with T2DM diagnosis codes are actually T1DM 

individuals who have been wrongly assigned a code for T2DM.  To avoid the 

limitations of relying on ICD diagnosis codes alone, the algorithm developers 

supplemented the use of diagnosis codes with relevant medication prescriptions and 

associated laboratory results (Figure 1 and Figure 2). 

 Previous investigations of the eMERGE diabetes algorithm  estimated 98% 

and 100% PPVs for identification of T2DM cases and non-DM controls, respectively, 

compared with clinicians’ medical record review.  Importantly, however, the time frame 

available for review was the same as the EMR data available for use [17].  The role of 

insufficient longitudinal data and its impact on the accuracy of the algorithm remains 

unknown.  This present study aimed to evaluate the impact of insufficient longitudinal 

data on the eMERGE T2DM algorithm, to determinate the absence of which data 

(diagnostic codes, laboratory tests, or medications) contributes to subject 

misclassification, and to suggest how best to leverage EMR to optimize subject 

selection.  We chose to evaluate the impact on the basis of the eMERGE T2DM 

algorithm because it involves virtually all structured EMR data (i.e. diagnosis, 

laboratory values, and medication) and its accuracy within single medical center has 

been evaluated. 

Methods 

Study Setting  

 This retrospective cohort study was conducted in Olmsted County, 

Minnesota (2010 census = 144,248).  Rochester, the county seat is geographically 
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isolated (80 miles for any other urban center), and home to Mayo Clinic, one of the 

world’s largest medical centers.  Each year, more than half of the County population 

is examined at Mayo Clinic, and the vast majority of residents have at least one Mayo 

Clinic encounter during any 3-year period [13].  Since 1907, every patient seen at 

Mayo Clinic has been assigned a unique identifier, and data from every encounter are 

contained in a patient-based medical record [14], thus individuals can be followed 

across settings and over time.  Mayo Clinic’s EMR system began in 1993.  Today, 

Mayo Clinic has one of the most advanced EMR systems in the United States [15], 

providing a unique opportunity to investigate the value of longitudinal EMR data for 

subject selection in HTCP. 

 

Eligible Subjects  

 The present study was approved by the Mayo Clinic Institutional Review 

Board. Patients were excluded who refused authorization for use of their medical 

records at Mayo Clinic in research, typically less than 5% [16].  To ensure that 

subjects had more than 11 years of EMR data at Mayo, all eligible subjects had to 

have been Olmsted County residents with ≥1 Mayo Clinic encounter in each of three 

time periods: 1) 2007, 2) from 1997 through 2006, and  3) before 1997 (earliest date 

for which Mayo's data were fully implemented).  
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EMR Data 

 We used data available through the EMR system at Mayo Clinic. 

Administrative claims data were searched to determine the presence or absence of 

diabetes-related ICD-9-CM codes.  Outpatient laboratory data were used to determine 

whether or not a patient had abnormal laboratory glucose or HbA1c values. For 

diabetes medication details, we used data from Mayo Clinic's outpatient prescription 

database.  We manually checked the medication data and produced a list of generic 

drug names, brand names, synonyms, and abbreviations for diabetes-relevant 

medications. To determine whether or not a patient had been prescribed any such 

medications, we searched the outpatient prescription database for the terms on the list.  

 

Gold Standard  

 We hypothesized that the more complete data over extensive periods of 

observation, the more accurate the result of the algorithm. We applied the eMERGE 

T2DM algorithm to each eligible patient’s 11 years (1997-2007) of EMR data. The 

categorization of individuals as T2DM cases and non-DM controls when using these 

data was considered the gold standard in this study.  

 

Study Design  

 Results obtained using the gold standard were compared with results from 

executing the eMERGE T2DM algorithm  under 10 time separate frames: 1 year 

(2007), 2 years (2006-2007), 3 years (2005-2007), 4 years (2004-2007), 5 years 
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(2003-2007), 6 years (2002-2007), 7 years (2001-2007), 8 years (2000-2007), 9 years 

(1999-2007), and 10 years (1998-2007).  

 

Statistical Analysis  

 We calculated PPVs and false-negative rates (FNRs) to evaluate the 

misclassification errors that resulted from shorter time periods of data. The PPV is the 

true-positive rate (determined by the gold standard, i.e., using 11 years of EMR data) 

of subjects positively identified when less longitudinal data were used, defined as the 

following: 

 

No. of TP Cases TP Controls
No. of TP Cases TP Controls No. of FP Cases  No. of FP Controls  

 

The FNR is the false-negative rate of subjects positively identified with the gold 

standard, calculated with the following: 

 

No. of FN Cases FN Controls
No. of TP Cases TP Controls No. of FN Cases FN Controls

 

 

 McNemar test[17] has been widely used for testing whether the row and 

column marginal frequencies of a 2×2 table are homogeneous. We used this method to 

determine whether the categorization using less longitudinal data differed from the 

gold standard. Statistical significance was accepted when P was < .05.  All data are 
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presented as mean and standard deviation (SD).  Statistical analysis was performed 

with R for Windows (version 2.11.1) [18]. 

 

Results 

 Among the 139,654 Olmsted County residents in 2007, a total number of 

86,294 had at least 1 Mayo Clinic visit in 2007, of whom 54,283 had both >= 1 Mayo 

Clinic visit from 01/01/1997 through 12/31/2006, and >=1 Mayo Clinic visit before 

1997 and.  These 54,283 patients were eligible for the study (mean [SD] age, 46.6 

[21.3] years; 56% female). 

 

Case Identification  

 From the 54,283 eligible patients, 2,770 T2DM cases (mean [SD] age, 64.6 

[14.1] years; 47% female) were identified when 11 years of EMR data were used.  

These 2,770 T2DM cases were considered true, i.e., gold standard, T2DM. 

 T2DM case identification errors increased as the time frame of available 

EMR data decreased (Table 1).  Errors included patients with T1DM or patients with 

no DM who were misclassified as T2DM (false-positive) or true T2DM cases who 

were misclassified as T1DM or no DM (false-negative). 

 When 10 years of EMR data were used—only 1 year less than the gold 

standard—13 of 2,768 identified T2DM cases were false-positive (PPV, 99.5% 

[2,755/2,768]), and 15 of 2,770 true T2DM cases were incorrectly excluded (FNR, 
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0.5%). When 5 years of EMR data were used (2003-2007), 435 of 3,051 identified 

T2DM cases were false-positive (PPV, 86% [2,616/3,051]), and 154 of 2,770 true 

T2DM cases were incorrectly excluded (FNR, 6%). When only 1 year of EMR data 

(2007) was used, 881 of 2,970 identified T2DM cases were false-positive and 681 of 

2,770 true T2DM cases were incorrectly excluded. The PPV of the algorithm for 

T2DM case identification decreased to 70% (2,089/2,970) and the FNR increased to 

25% (681/2,770). McNemar tests indicated that a significant difference existed 

between the gold standard and the categorizations when 9 years or less of EMR data 

were used (Table 1). 

 With respect to which eMERGE inclusion/exclusion criteria accounted for 

the misclassification using shorter time frames (see Figure 1), all false-positive T2DM 

cases resulted from missing T1DM diagnosis (Table 2). The majority of true T2DM 

cases incorrectly excluded using shorter time frames resulted from missing diagnosis 

codes for T2DM or missing prior abnormal laboratory reports (Table 3). 

 

Control Identification  

 From the 54,283 eligible patients, 21,005 non-DM controls (mean [SD] age, 

40.7 [17.8] years; 62% female) were identified when 11 years of EMR data were 

used.  These subjects were considered true non-DM controls of the gold standard.  

 As with T2DM case identification, non-DM control identification errors 

increased as the time frame of available EMR data decreased (Table 1).  When 10 

years of EMR data were used, 283 of 20,807 identified non-DM controls were false-
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positive (PPV, 99% [20,524/20,807]) and 481 of 21,005 true-positive non-DM 

controls were incorrectly excluded; FNR, 2%).  When 5 years of EMR data were 

used, the PPV was 84% (16,584/19,759), and the FNR was 21% (4,421/21,005). 

When only 1 year of EMR data was used, 4,690 of 11,576 identified non-DM controls 

were false-positive and 14,119 of 21,005 true non-DM controls were incorrectly 

excluded.   The PPV of the algorithm for non-DM control identification decreased to 

59% (6,886/11,576), and the FNR increased to 67%.  McNemar tests indicated that a 

significant difference existed between the gold standard and the categorizations when 

10 years of EMR data or less were used (Table 1). 

 With respect to which eMERGE inclusion/exclusion criteria accounted for 

the misclassification of non-DM controls using shorter time frames (see Figure 2), 

approximately 99% of false-positive non-DM controls resulted from missing diabetes 

diagnosis codes or missing prior abnormal laboratory reports (Table 2). The majority 

of false-negative non-DM controls resulted from missing laboratory reports (Table 3). 

The remaining false-negative non-DM controls were missed because they did not 

have the required number of face-to-face encounters required by the algorithm within 

the time frame under consideration. 

 

Discussion 

 Subject selection has become a tedious obstacle to conducting broad and 

deep clinical research.  As the influence of medical informatics grows and EMR 

systems—the core application of medical informatics—expand, HTCP, through 
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leveraging the machine-processable clinical data, will have a pivotal role in 

optimizing this inefficient process [6, 7]. 

 However, few medical centers today have a patient’s complete longitudinal 

data in their EMR systems.  Therefore, although a patient’s medical record is a long-

term individual history, it can be available for clinical research cross-sectionally 

within only varying time frames.  A demonstration of the impact of the insufficient 

longitudinal data on the accuracy of an HTCP algorithm is critical for understanding 

how best to use EMR to improve subject selection.  However, this demonstration had 

not yet been done, possibly because of the difficulty in obtaining an EMR resource 

that maintains relatively complete longitudinal data.  By taking advantage of the 

richness of data in the EMR system at Mayo Clinic, we accomplished such a novel 

investigation. 

 Our results, combined with findings from other studies [9, 19-24], show the 

advantage of access to more data over longer time periods.  The T2DM HTCP 

algorithm has been well designed and carefully validated within the eMERGE 

Network.  Compared with clinician review, its PPVs for identification of T2DM cases 

and non-DM controls were 98% and 100%[10].  Nevertheless, our findings suggest 

that the absent longitudinal data significantly change the subject categorization of the 

algorithm.  For both T2DM case and non-DM control identifications, statistical 

analyses indicated that a significant difference between the categorization of 

individuals when 11 years of EMR data were used compared to when less longitudinal 

data are available.  The differences between categorizations results from not only a 
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large proportion of false-negatives, but also a considerable number of false-positives.  

The absence of historical diagnosis data, prior DM-related laboratory results, or 

medication use history contributes to the misclassifications.  Specifically, the absent 

historical diagnosis data contributes to the majority of false-positive T2DM case.  The 

absent prior laboratory results lead to the most false-negative non-DM control. 

 Both PPV and FNR notably changed when the time frame of EMR data was 

reduced. Even though the algorithm was designed primarily to achieve a robust and 

high PPV, the PPV dramatically decreased to below 80% when less than 4 years of 

EMR data were available.  When only 1 year of EMR data were available, the PPV of 

the case identification decreased to 70%, which is unacceptable for most clinical 

research.  The FNRs rose as well when longitudinal data were insufficient, especially 

for the control identification.  As hypothesized, PPV and FNR are improved when 

data can be obtained over extensive periods of observation compared with data limited 

to a short period. 

 Even though a 100% PPV or 0% FNR may be an unachievable goal for an 

EMR-based algorithm, a poor PPV or FNR could result in sampling bias and risk 

serious distortions in the results of following studies [25]. Clinical narratives (i.e. 

unstructured clinical data) document a patient’s detailed description about diseases 

that may not be available in structured EMR data.  They may be coupled with 

structured EMR data within subject selection criteria, to relieve the problem caused by 

the unavailability of longitudinal data.  Our previous work, along with other studies, 

has shown their potential to be used for subject selection tasks [4, 26-29]. 
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 Researchers who execute an HTCP algorithm on their EMR systems should 

be aware that it is error prone when EMR data are available from only a limited time.  

However, obtaining EMR data over longer periods helps only when the additional 

longitudinal data are relevant for the condition under study.  Chronic conditions, such 

as T2DM in this study, are more appropriate than emergence conditions, such as 

fractures or acute infectious diseases.  In addition, if a patient is seen by multiple 

providers, a single medical center may not have a patient’s complete medical history.  

In that situation, the accuracy of an algorithm will not improved even when long-term 

clinical data are available [9]. 

 The present study has several limitations.  One is the gold standard. 

Because of unavoidable random or systematic errors, such as physician experience, 

communication quality between a patient and a clinician, and coding quality, it is 

extremely difficult to obtain a patient’s actual condition [30, 31].  We hypothesize that 

the more longitudinal data obtained over extensive periods of observation, the closer 

the categorization of a patient to the actual condition.  Mayo Clinic maintains a 

century of diagnostic coded data.  However, reliable EMR medication data are only 

available since 1997.  We used all 11 years of reliable EMR data to create the gold 

standard in our study.  A longer time period for the gold standard would change our 

numbers but not the conclusions. 

 Our investigation was limited to a single geographical region, which is 

predominantly white.  Compared to US whites, the age- and sex -distribution is 

similar; however median income and education levels are higher [13].  No single 
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geographic area is representative of all others; however, the under-representation of 

minorities and the limitation to a single medical center compromises the 

generalizability of findings to other racial/ethnic groups and different health care 

environments.  Because the number of providers from which Olmsted County 

residents received care is limited, subject selection errors due to insufficient 

longitudinal data that we demonstrated in this study are, most likely, are an 

underestimate of that occurring in other centers.    

 HTCP is an important secondary and meaningful use of EMR application.  

We demonstrated the impact of the insufficient longitudinal data on the basis of one 

algorithm.  For a more complete evaluation of the impact, this study should be 

repeated with a broader spectrum of HTCP algorithms. 

 

Conclusion and Suggestion 

 The present study provided a previously unavailable demonstration of the 

impact of insufficient longitudinal data on the accuracy of HTCP.  Our results showed 

marked changes in the PPVs and the FNRs of the algorithm for identifying both cases 

and controls, depending on the completeness of longitudinal data available for each 

patient.  The impact due to absent longitudinal data should be carefully considered 

when designing an HTCP algorithm or executing one. 
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Figure 1. The eMERGE Algorithm for Identifying T2DM Cases 
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Figure 2. The eMERGE Algorithm for Identifying non-DM Controls  
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Table 1. The Outputs of Case and Control Identification When Applying the Algorithm on EMR Data within Different Time 
Frames. 

Time Frame of EMR 
Data 

Identified Subjects 
(TP+FP), No. 

TPs, 
No. 

FPs, 
No. 

TNs, 
No. 

FNs, 
No. 

PPV (TP/(TP+FP)), 
% 

FNR 
(FN/(TP+FN)), % P Value 

C
as

e 
2007 (1 yr) 2970 2089 881 50632 681 70% 25% P<0.01 

2006-2007 (2 yrs) 3280 2366 914 50599 404 72% 15% P<0.01 
2005-2007 (3 yrs) 3374 2466 908 50605 304 73% 11% P<0.01 
2004-2007 (4 yrs) 3273 2550 723 50790 220 78% 8% P<0.01 
2003-2007 (5 yrs) 3051 2616 435 51078 154 86% 6% P<0.01 
2002-2007 (6 yrs) 2967 2650 317 51196 120 89% 4% P<0.01 
2001-2007 (7 yrs) 2936 2692 244 51269 78 92% 3% P<0.01 
2000-2007 (8 yrs) 2919 2721 198 51315 49 93% 2% P<0.01 
1999-2007 (9 yrs) 2858 2743 115 51398 27 96% 1% P<0.01 

1998-2007 (10 yrs) 2768 2755 13 51500 15 99.5% 0.5% P=0.85 
1997-2007 (gold 

standard) 2770 2770 0 51513 0 100% 0% NA 

C
on

tr
ol

 

2007 (1 yr) 11576 6886 4690 28588 14119 59% 67% P<0.01 
2006-2007 (2 yrs) 15700 10948 4752 28526 10057 70% 48% P<0.01 
2005-2007 (3 yrs) 17524 13352 4172 29106 7653 76% 36% P<0.01 
2004-2007 (4 yrs) 18800 15084 3716 29562 5921 80% 28% P<0.01 
2003-2007 (5 yrs) 19759 16584 3175 30103 4421 84% 21% P<0.01 
2002-2007 (6 yrs) 20326 17688 2638 30640 3317 87% 16% P<0.01 
2001-2007 (7 yrs) 20080 18606 1474 31804 2399 93% 11% P<0.01 
2000-2007 (8 yrs) 20297 19364 933 32345 1641 95% 8% P<0.01 
1999-2007 (9 yrs) 20537 19968 569 32709 1037 97% 5% P<0.01 

1998-2007 (10 yrs) 20807 20524 283 32995 481 99% 2% P<0.01 
1997-2007 (gold 

standard) 21005 21005 0 33278 0 100% 0% NA 
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Table 2. The Numbers and the Reasons that Contribute to False-Positive Subjects. 
Time Frame of EMR Data FP Subjects, No. Missing T1DM Diagnosis Codes, No. (%) 

C
as

e 
2007 (1 yr)        881       881 (100) 

2006-2007 (2 yrs) 914 914 (100) 
2005-2007 (3 yrs) 908 908 (100) 
2004-2007 (4 yrs) 723 723 (100) 
2003-2007 (5 yrs) 435 435 (100) 
2002-2007 (6 yrs) 317 317 (100) 
2001-2007 (7 yrs) 244 244 (100) 
2000-2007 (8 yrs) 198 198 (100) 
1999-2007 (9 yrs) 115 115 (100) 
1998-2007 (10 yrs) 13 13 (100) 

Time Frame of EMR Data FP Subjects, 
No. 

Missing Diabetes 
Diagnosis Codes, 

No. (%) 

Missing Use History of 
DM-Related Medications 

or Supplies, No. (%) 

Missing Prior 
Abnormal Laboratory 

Reports, No. (%) 

C
on

tr
ol

 

2007 (1 yr) 4690 2263 (48) 24 (0.5) 2403 (51) 
2006-2007 (2 yrs) 4752 2039 (43) 21 (0.4) 2692 (57) 
2005-2007 (3 yrs) 4172 1767 (42) 16 (0.9) 2389 (57) 
2004-2007 (4 yrs) 3716 1625 (44) 9 (0.6) 2082 (56) 
2003-2007 (5 yrs) 3175 1408 (44) 6 (0.4) 1761 (55) 
2002-2007 (6 yrs) 2638 1168 (44) 5 (0.4) 1465 (56) 
2001-2007 (7 yrs) 1474 317 (22) 4 (1.3) 1153 (78) 
2000-2007 (8 yrs) 933 115 (12) 1 (0.9) 817 (88) 
1999-2007 (9 yrs) 569 38 (7) 0 (0) 531 (93) 
1998-2007 (10 yrs) 283 16 (6) 0 (0) 267 (94) 
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Table 3. The Numbers of and Reasons that Contribute to False-Negative Subjects. 

Time Frame of EMR 
Data FN Subjects, No. 

Missing Diagnosis 
Codes for T2DM, No. 

(%) 

Missing Prior 
Abnormal 

Laboratory Reports, 
No. (%) 

Missing Use History of 
DM-Related Meds or 

Supplies, No. (%) 
C

as
e 

2007 (1 yr) 681         384 (56)         137 (20) 160 (23) 
2006-2007 (2 yrs) 404 197 (49) 128 (32) 79 (20) 
2005-2007 (3 yrs) 304 133 (44) 122 (40) 49 (16) 
2004-2007 (4 yrs) 220 89 (40) 103 (47) 28 (13) 
2003-2007 (5 yrs) 154 56 (36) 80 (52) 18 (12) 
2002-2007 (6 yrs) 120 42 (35) 64 (53) 14 (12) 
2001-2007 (7 yrs) 78 27 (35) 44 (56) 7 (9) 
2000-2007 (8 yrs) 49 16 (33) 29 (59) 4 (8) 
1999-2007 (9 yrs) 27 9 (33) 18 (67) 0 (0) 

1998-2007 (10 yrs) 15 5 (33) 10 (67) 0 (0) 
Time Frame of EMR 

Data FN Subjects, No. Absence of Enough Face-to-Face 
Visits, No. (%) 

Missing Prior Laboratory Reports, No. 
(%) 

C
on

tr
ol

 

2007 (1 yr) 14119 2866 (20) 11253 (80) 
2006-2007 (2 yrs) 10057 629 (6) 9428 (94) 
2005-2007 (3 yrs) 7653 343 (4) 7310 (96) 
2004-2007 (4 yrs) 5921 193 (3) 5728 (9) 
2003-2007 (5 yrs) 4421 120 (3) 4301 (97) 
2002-2007 (6 yrs) 3317 86 (3) 3231 (97) 
2001-2007 (7 yrs) 2399 60 (3) 2339 (98) 
2000-2007 (8 yrs) 1641 35 (2) 1606 (98) 
1999-2007 (9 yrs) 1037 19 (2) 1018 (98) 

1998-2007 (10 yrs) 481 7 (1) 474 (99) 
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Chapter 5. Summary 

 

Motivation: Revisit 

Subject selection is essential and has become the rate-limiting step of clinical 

research [1, 2].  Present manual approaches inhibit researchers from conducting deep 

and broad studies and drawing confident conclusions.  HTCP, a recently proposed 

approach, leverages the machine-processable EMR content for this otherwise inefficient 

process making subject selections scalable and practical [3].  Nevertheless, the role of 

data fragmentation, a common attribute of EMR, on the accuracy of HTCP remains a 

concern.  A subject misclassification due to data fragmentation may lead to significant 

sampling errors and, more important, risk generating misleading conclusions [4].  The 

demonstration of the impact of data fragmentation on HTCP has not been previously 

available.  In this dissertation, by taking advantage of the REP patient-record-linkage 

system and the richness of EMR data at Mayo Clinic, I provided a multidimensional 

and thorough demonstration of the impact of data fragmentation on HTCP.   

 

Contribution 

All three studies of this dissertation focus on T2DM, one of the most common 

chronic diseases for both children and adolescents.  The eMERGE T2DM algorithm 

that I chose to evaluate involves virtually all structured EMR data (i.e. diagnosis, 
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laboratory values, and medication).  Therefore, our findings could be appropriately 

generalized to most other HTCP algorithms for chronic conditions. 

The predominant message that this dissertation delivered to the health 

informatics field was that data fragmentation of EMR has a remarkable influence on 

HTCP.  This risk should be carefully considered and mitigated by clinical researchers 

for the secondary and meaningful use of EMR, especially when developing or executing 

an HTCP algorithm for subject selection.   

My first study focused on exploring the benefits of using unstructured clinical 

data for HTCP.  The results proved that, although serious challenges still exist to 

explore meaning within clinical natural language due to changeability and ambiguity, 

the extracted named entities from clinical notes contain no less information than 

structured EMR data does for HTCP.  This information has tremendous potential to be 

leveraged and deserves further consideration to improve the efficiency and accuracy of 

an HTCP algorithm.  In addition, information retrieval and HTCP tasks can benefit 

from incorporating data of a named entity’s location within a medical ontology (e.g. 

semantic type and hierarchical structure) and its position within a clinical document 

(clinical note sections, e.g. History of Present Illness, Past Medical/Surgical History, or 

Current Medications). 

Besides the knowledge gained above, the first study also established a feasible 

approach to combine machine learning, ontology, and NLP for HTCP.  Because an 

HTCP algorithm must be authorized by domain experts and additional review and 

validation work are required to make an HTCP algorithm robust, they still require a 

substantial amount of time and labor.  However, this approach may help reduce the need 
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for human work and time in the production or execution of an HTCP algorithm.  

Through mining the extracted named entities, patterns could be discovered, reviewed, 

and adopted in the subject selection criteria of an HTCP algorithm.   

Different data type is just one type of commonly existing data fragmentations 

within EMR.  In Chapter 3, I shifted my attention to another type of data 

fragmentation— data fragmentation across healthcare centers.  To my knowledge, it 

was the first attempt to assess the impact of the data fragmentation across healthcare 

centers on the accuracy of an HTCP algorithm.  The findings suggested that, compared 

with using EMR data from two healthcare centers, executing an HTCP algorithm using 

data from one single medical center resulted in not only a considerable portion of false-

negatives but also false-positives.  All false-positives resulted from incomplete 

diagnosis codes.  Most false-negatives resulted from incomplete diagnosis codes and 

incomplete medication data.  The results also indicated that age- and sex-distributions 

differed between identified true-positives and false-negatives. 

The availability of data under various time frames was the final data 

fragmentation problem that I explored in this dissertation.  Chapter 4 provided a 

previously unavailable demonstration of the impact of insufficient longitudinal data on 

an HTCP algorithm.  This study demonstrated that the incomplete data, due to 

insufficient longitudinal data, caused misclassification of an HTCP algorithm even 

though the algorithm was carefully designed and well validated.  The accuracy of the 

algorithm reduced remarkably as data were limited to shorter observation periods.  

Large numbers of both false-positives and false-negatives were identified when using 

EMR data from a short period time frame.  Similarly, like the findings from the study 
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regarding data fragmentation across healthcare providers, all false-positive subjects 

resulted from incomplete diagnosis codes and most false-negative subjects resulted 

from incomplete diagnosis codes and incomplete medication data.  This risk should be 

carefully considered and mitigated by clinical researchers when developing or executing 

an HTCP algorithm.   

From the last two studies, the findings suggested that both the data 

fragmentation across healthcare centers and insufficient longitudinal data caused 

incomplete data when executing the T2DM HTCP algorithm.  The incomplete data led 

to both false-positives and false-negatives.  All false-positive cases resulted from 

missing T1DM diagnosis data.  These false-positive cases could be obese young 

patients with T1DM.  Since the clinical distinction between T2DM and obese T1DM 

has become difficult, particularly in young [5], they were carrying a misdiagnosis of 

T2DM within a single medical center.  These false-positive cases could also be patients 

with T1DM who eventually develop insulin resistance and require medication like 

metformin (for increasing a body's response to insulin). They were misclassified as 

T2DM because of the absence of onset age of diabetes within a short observation time 

window.  To avoid such a contamination, NLP can be leveraged to locate relevant 

information that is not in the structured EMR data, e.g. information regarding obesity 

and a mention of T1DM.  It is also important to incorporate as much longitudinal EMR 

data as possible. Approximate 70% false-negative cases resulted from missing either 

T2DM diagnosis or medication data.  These false-negative cases are most likely well 

controlled T2DM patients.  This is possibly because explicit medication or diagnosis 
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historical data is often incomplete in referral centers.  Again, NLP could be leveraged to 

find relevant information from unstructured data to reduce these misclassifications.  

Limitations 

Detailed discussions regarding the limitation of each study have been given in 

previous chapters.  In summary, three key limitations about this dissertation should be 

considered when interpreting the findings.   

First, due to the limited resource, the studies of this dissertation focused on 

T2DM alone. Therefore, the findings should be more appropriately generalized to 

chronic conditions (such as cardiovascular diseases) than to acute conditions (such as 

fractures or infectious diseases).  In addition, because the whole dissertation was limited 

to only one HTCP algorithm, it is necessary to repeat the studies on a wide spectrum of 

HTCP algorithms in order to obtain a more complete evaluation of the impact of data 

fragmentation on an HTCP algorithm. 

The second limitation is about clinical document quality. All the clinical notes 

used in this dissertation were retrieved from the EMR system at Mayo Clinic, which has 

a high reputation of clinical data quality.  In addition, the NLP system I used is 

developed at Mayo Clinic and its components are specifically trained for the clinical 

domain.  Therefore, the named entities extracted from clinical notes at Mayo Clinic by 

using cTAKEs might have a better change to contain more detailed information than 

from clinical notes at other places by using other tools.   

Last but not the least, geographical factor should be considered.  The study was 

conducted in Olmsted Country, which is a sparsely populated, relatively isolated county 
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in southeastern Minnesota.  The residents of Olmsted County have fewer options for 

healthcare centers to choose from than people living in a large metropolitan area. Thus, 

the misclassification errors that we reported in chapter 3 and chapter 4 were most likely 

underestimated.   

Future Direction 

The extension of this dissertation can be discussed from two angles: repeating 

the studies to validate the findings, and mitigating the negative impact of data 

fragmentation on HTCP.   

Due to the limitation of geographic and temporal factors, a future work should 

involve a validation of these studies at other medical centers in another geographic 

location under various periods of observation.  Most especially, in order to evaluate the 

generalizability of the findings, it is necessary to repeat the studies on a wide spectrum 

of algorithms.  Using other HTCP algorithms developed within the eMEREGE network 

can be an immediate future work.  In addition, clinicaltrials.gov maintains tens of 

thousands inclusion/exclusion criteria used for clinical trials all over the world, an 

evaluation of data fragmentation on those criteria will test and increase the credibility of 

my findings.   

Leveraging EMR for subject selection improves this inefficient process and 

advances clinical research.  But, in reality, the data available through an EMR system 

for reuse is only part of a patient’s medical history. My findings substantially 

demonstrated that executing an HTCP algorithm using incomplete EMR data is error-

prone.  The more incomplete the data is, the more serious the misclassification of 
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subject selection becomes.  This data incompleteness happens not only because barriers 

to EMR integration and interoperability still exist (data fragmentation across EMR 

systems), but also because of the difficulty of transferring historical data into EMR 

systems (insufficient longitudinal data) and the inadequate capability of current 

tools/solutions to normalize non-standard clinical data into comparable, consistent 

formats for further analyses (various data types).   

ONC (Office of the National Coordinator)-funded Beacon projects [6] and 

NwHIN (Nationwide Health Information Network) [7] have initialized a possible 

solution for data fragmentation across healthcare centers by using health information 

exchange (HIE) technology.  The Beacon projects target enhancing healthcare quality 

through shared patients’ information across different clinical systems within a 

community.  However, the information exchange through Beacon is restricted within a 

certain region, e.g. only within southeastern Minnesota.  NwHIN aims to provide a 

foundation (i.e. a set of standards, services and policies) that enables secure HIE over 

the Internet across diverse providers and across the country.  Therefore, when a patient 

is seen at a medical center and a request for the patient’s data occurs, the HIE will 

retrieve the information from all other medical centers that have that patient’s 

information.   

Even though, to resolve all data fragmentation problems and obtain a patient’s 

complete medical history for clinical research is still ambitious; serious technological 

challenges and complex ethical issues need to be addressed.  To mitigate the negative 

impact of data fragmentation on HTCP, a more practical solution is to leverage the 

existing EMR data.  To achieve this goal, two different directions may be pursued.  One 
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direction is trying to incorporate more relevant data regarding the target topic.  In this 

dissertation, I have already proven the value of unstructured clinical data for HTCP.  By 

utilizing advanced NLP techniques, they may be coupled with structured EMR data 

within subject selection criteria to relieve the problem caused by data fragmentation.  In 

addition, benefits can be added when using knowledge within medical ontologies and 

information about clinical document structure.  The other direction is to develop new 

approaches to evaluate the incompleteness of a patient’s EMR and setup thresholds for 

secondary EMR use.  Therefore, a confidence index can be created based on the amount 

of EMR data available. The identified subjects with a low confidence then can be 

ignored when executing an HTCP algorithm or a review or validation process can be 

inserted after HTCP to validate whether or not the identified subjects should be selected.  

This approach can minimize the number of misclassifications due to data fragmentation.  

Based on my findings, data mining may play a key role in this future research. 

In addition, although the primary purpose of an EMR or clinical management 

system is the support of continuing, efficient and quality health care rather than clinical 

research, evidence suggests that the use of a diabetic management system significantly 

enhances the performance and documentation provided by endocrinologists in the care 

of patients with diabetes [8, 9].  The improvement of documentation quality implies 

more relevant information. Therefore, the use of a diabetic management system could 

positively affect the results of applying an HTCP algorithm and reduce the 

misclassification due to various types of data fragmentation. 
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Appendix 

Abbreviations 

cTAKES: clinical Text Analysis and Knowledge Extraction System  

DM, diabetes mellitus 

eMERGE, Electronic Medical Records and Genomics  

EMR, electronic medical record 

FN, false-negative 

FNR, false-negative rate 

FP, false-positive 

HTCP, high-throughput clinical phenotyping 

ICD-9-CM, International Classification of Diseases-9-Clinical Modification 

NLP, Natural language processing 

OMC, Olmsted Medical Center 

PPV, positive predicted value 

REP, Rochester Epidemiology Project 

SD, Standard Deviation 

SNOMED, Systematized Nomenclature of Medicine 

SNOMED CT, Systematized Nomenclature of Medicine--Clinical Terms 

SVM, support vector machine  

T1DM, type 1 diabetes mellitus 

T2DM, type 2 diabetes mellitus 

TN, true-negative 

TP, true-positive 
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