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Abstract 

 

Type 2 Diabetes Mellitus (T2DM) is a chronic, progressive metabolic disorder, 

associated with an increased risk of developing micro- and macrovascular complications 

in many different organ systems, and it is one of the leading causes of death1,2. The 

management of T2DM is complex, difficult, and it requires considerations of the 

heterogeneity of the population, interactions among the diseases in metabolic syndrome, 

and the overlap of the risk factors across multiple diabetic complications. For the 

successful management of T2DM, individualized and evidence-based clinical guidelines 

are necessary3,4. 

Randomized controlled trials (RCTs) are considered the gold standard for clinical 

research. RCTs can produce the best unbiased evidence, but occasionally the results from 

the trials can offer limited practical value5. They can be inconclusive, contradictory, or 

incomplete, leaving many aspects of T2DM management unaddressed6. Thus, there exists 

a critical gap between the optimal individualized and the current patient care. 

With the recent accumulation of electronic health record (EHR) data, machine 

learning holds great promise for the advancement of precision medicine7 with the 

capability of offering a new way to generate evidence that enhances clinical practice 

guidelines with more personalized recommendations8. Therefore, the approach of 

precision medicine harnessing machine learning and large amounts of EHR data can 

immensely benefit the prevention and management of T2DM.  



 

v 
 

My overarching goal is to build clinically useful and transferable machine 

learning models on big data that can influence individual T2DM patient care towards the 

implementation of precision medicine. The term clinically useful refers to addressing 

some of the complexities of T2DM management, such as the heterogeneity of the patient 

population, interaction among risk factors, and the overlap of risk factors across various 

diabetes complications. Transferable refers to the model’s ability to be ported 

(transferred) to a different health system without significant loss of performance. If 

clinically useful models can be transferred to different healthcare systems, their potential 

use in clinical decision support for the T2DM management will be undoubtedly more 

assured, contributing to the realization of precision medicine. 

Three studies are conducted and reported in this dissertation. The first study aims 

to develop a semi-supervised divisive hierarchical clustering algorithm for a 

subpopulation-based T2DM risk model. In this work, I demonstrate that my proposed 

algorithm successfully identifies subpopulations (clusters) with higher or lower risks of 

T2DM than the general population; seamlessly incorporates interactions among the risk 

factors; and handles non-proportional hazards. Even when compared to recently 

developed state-of-the-art association rule mining (ARM)-based models used as modern 

diabetes indices9–12, my model offers excellent predictive performance as well as 

improved interpretation.  

 The second study aims to develop a Multi-Task Learning (MTL)-based 

methodology, which learns six micro- and macrovascular complications simultaneously 

by extracting a variance component that is common across all outcomes and isolating 



 

vi 
 

variance components that are specific to the individual complications. I call the common 

component General Progression model and the complication-specific components as 

Differential Progression models. These complication-specific components allow for 

identifying the risk factors that determine the most likely complication that the patient is 

going to progress to. Importantly, by comparing the MTL-based methodology to a 

reference methodology which learns each complication separately in isolation, I show 

that the MTL-based methodology does not compromise its predictive performance due to 

the improved interpretation.  

The third study aims to demonstrate the transferability of my model constructed 

using a modeling approach, in which a model is learned from a nationally representative 

cohort and is successfully validated on two local health systems’ data. Three datasets are 

utilized for the model development and validation strategy: i) national claims and EHR 

data (N=80,091 T2DM patients) from the OptumLabs® Data Warehouse (OLDW), ii) 

local EHR data from the University of Minnesota Medical Center (UMMC) (N=8,091 

T2DM patients), and iii) local EHR data from the Mayo Clinic, Rochester (MCR) 

(N=2,247 T2DM patients). I show that with my proposed modeling approach, even a 

complex machine learning model can be transferable, but models constructed on a local 

healthcare system’s data are difficult to be transferred to a different healthcare system. 

All these studies have made significant contributions both to health informatics 

and medicine. Firstly, against the backdrop of contradictory evidence from RCTs, these 

studies can improve hypothesis generation for clinical research. Secondly, these studies 
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can improve the state of the art in clinical research. Lastly, these study results have 

significant translational potential for evidence-based practice and precision medicine.  

With respect to contributions to medicine, the new way of generating clinical 

knowledge through big data and machine learning techniques could complement current 

evidence-based approach to medicine and enhance clinical practice guidelines. 

If my work is transformed into intelligent clinical decision support tools, by 

combining clinical expertise, scientific evidence, and patient preference, it will help in 

ensuring that patients and clinicians have the information and tools they need to make the 

best informed and right decisions in the patient care.   
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Chapter 1 Introduction 

 

1.1 Problem and Significance 

Type 2 Diabetes Mellitus (T2DM) is a chronic, progressive metabolic disorder, 

associated with an increased risk of developing micro- and macrovascular complications 

in many different organ systems, and it is one of the leading causes of death1,2. The 

management of T2DM is complex, difficult, and it requires considerations of the 

heterogeneity of the population, complicated interactions among the diseases in 

metabolic syndrome, and the overlap of the risk factors across various individual 

complications. For the successful management of T2DM, individualized and evidence-

based clinical guidelines are necessary3,4. 

Randomized controlled trials (RCTs) are considered the gold standard for clinical 

research. RCTs can produce the best unbiased evidence, but occasionally the results from 

the trials can offer limited practical value5. For example, the ACCORD13, VADT14, 

ADVANCE15, and UKPDS16 trials are the largest RCTs in T2DM, which studied the 

impact of intensive glycemic control on micro- and macrovascular complications. 

Unfortunately, they had contradictory and inconclusive results. With the small number of 

participants and/or short follow-up periods, these trials only represented subpopulations 

of T2DM but not the heterogeneous T2DM population as a whole. Also, although T2DM 

requires multi-factorial risk reduction strategies, these trials focused on only a single 

intervention (glycemic control) and a single aspect of its effects (to reduce cardiovascular 
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events). In fact, as increased mortality was observed in the intervention group, the 

ACCORD trial was terminated earlier. This shows that the results from RCTs can be 

inconclusive, contradictory, or incomplete, leaving many aspects of T2DM management 

unaddressed6. Thus, there exists a critical gap between the optimal individualized and the 

current patient care. 

With the recent accumulation of electronic health record (EHR) data, machine 

learning holds great promise for the advancement of precision medicine7 with the 

capability of offering a new way to generate evidence that enhances clinical practice 

guidelines with more personalized recommendations8. Therefore, the approach of 

precision medicine harnessing machine learning and large amounts of EHR data can 

immensely benefit the prevention and management of T2DM.  

In recent years, there has been an increase in the number of studies using machine 

learning techniques in diabetes research17–19. However, most of these studies focus 

primarily on the technical aspects of modeling and the clinical usefulness and 

transferability of these model are very limited20. For example, existing risk models are 

predominantly population-average, additive models that do not fully take the 

heterogeneity of T2DM population as well as the interactions among the risk factors into 

consideration. Although their ability to stratify patients by risk seems adequate, their 

ability to accurately quantify the risks and suggest risk factors for individual patients can 

be in doubt.  

As another example of clinical usefulness, various diabetes complications stem 

from “the common soil” (metabolic deterioration)21. Most studies identified prognostic 
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factors, which are associated with subsequent clinical outcomes, by examining each 

outcome in isolation. Due to the “common soil”, these studies tended to discover the 

same risk factors for different outcomes, not only masking which prognostic factor is 

specific to which outcome, but also often leading to unsatisfactory estimation of 

prognosis.  

The other key limitation of existing machine learning-based risk scores is 

transferability. These scores (models) usually achieve very high predictive performance, 

but only in a single healthcare system. The expectation today is that even simple machine 

learning models cannot be transferred, and thus researchers do not even try to externally 

validate their models. With external validation being the gold standard for observational 

studies, the lack of external validity in machine learned models is concerning. 

My overarching goal is to build clinically useful and transferable machine 

learning models on big data that can influence individual T2DM patient care towards the 

implementation of precision medicine. If clinically useful models can be transferred to 

different healthcare systems, their use in clinical decision support for the management of 

T2DM will undoubtedly increase, contributing to the realization of precision medicine.  

 

1.2 Related Work 

1.2.1 Early Identification of patients at high risk of Type 2 Diabetes  

Numerous risk indices (risk scores) aiming at early identification of patients at 

high risk of T2DM have been developed22–24. The Framingham score25 is the most 

popular such index which has gained wide acceptance in clinical practice. The Diabetes 
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Complication Index (DCI)26 and the Diabetes Complication Severity Index (DCSI)27 

particularly focus on T2DM complications and examine the association with quality of 

life and utilization of health services. However, none of these indices takes the 

interactions among the diseases (or risk factors) into account; they only compute the risks 

in an additive manner by assuming that risk factors act independently even if evidence of 

interactions among risk factors exists11,28–30. These indices may accurately stratify 

patients’ risks (into low, medium, and high), but their quantified risks could be less 

accurate. 

Most early risk models for T2DM (or micro- and macrovascular complications) 

have been developed using logistic or Cox regressions24,31, but, recently, data mining 

techniques such as decision tree (DT), association rule mining (ARM), and clustering are 

being increasingly employed32,33. 

DTs are one of the most commonly used techniques to predict the risk of T2DM 

and identify patients at high risk of T2DM34–36. Through recursive partitioning, DTs can 

identify both risk factors (rules) and subpopulations (nodes). Additionally, since the 

identified subpopulations on the same level are mutually exclusive and collectively 

exhaustive (i.e., the subpopulations encompass the entire population), interpretation of 

risk and risk factors for individual patients are straightforward.  

As weaknesses of using DTs, it is known that these techniques perform poorly in 

the presence of complicated interactions among features, resulting in “the replication 

problem of decision trees (a tree contains two copies of the same sub-trees)”37. Also, 

since DTs are supervised classification techniques, the resultant subpopulations could 
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possibly be clinically irrelevant. For instance, suppose two T2DM subpopulations who 

have different clinical characteristics have a considerable overlap in their outcomes. 

Because DT classifiers that use class labels for partitioning, many of the patients in the 

subpopulations could possibly be assigned incorrectly. So, risk predictions could be 

accurate; however, the inherent clinical difference between these two subpopulations may 

not be captured by DT classifiers. To be clinically more useful, not only predictive 

performance but also improved interpretation (representative characteristics of a 

subpopulation) should be considered. 

ARM has been predominately used to address interactions among risk factors for 

T2DM11,28,29. With the ability to seamlessly incorporate interactions and straightforward 

interpretability, these ARM models discover sets of associated risk factors (rules) along 

with the affected subpopulations at high or low risk of T2DM. However, when the ARM 

models are sufficient detailed to offer novel insights, the large number of redundant rules 

quickly erode the interpretability (e.g., since an individual patient can be described by 

large numbers of rules, it is difficult to determine which subpopulation is the most 

representing the patient). 

Clustering techniques38 are popular for identifying patients at high risk or distinct 

gene expressions that are responsible for complications of T2DM39–41. However, 

clustering techniques are traditionally considered unsupervised; thus, the resultant 

clusters are not necessarily associated with an outcome. To overcome this issue, 

supervised and semi-supervised clustering techniques have been proposed42–45. These 

techniques incorporate class labels or constraints that are derived from partially labeled 
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data or background knowledge by domain experts; thus, resultant clusters become 

relevant to a particular outcome. Huo et al.42 developed a constraint-based K-means 

clustering algorithm to predict the risk of coronary heart disease, a macrovascular 

complication of T2DM, and demonstrated that their proposed semi-supervised K-means 

outperformed traditional K-means.  

 

1.2.2 Prognostic models for complications of Type 2 Diabetes 

Because T2DM progresses to multiple serious complications, for more accurate 

patient prognosis, evidence should be generated comprehensively by systematically 

examining multiple risk factors and multiple complications. Although deterioration of the 

overall metabolic health underlies all of these complications46–49, and thus commonality 

among risk factors exists, almost all existing studies focus on a single or occasionally a 

few complications and model each of them independently (Table 1-1). The studies listed 

in Table 1-1 used linear regression to build models. Subsequently, in Table 1-2, I show 

the list of studies that utilized machine learning techniques, making comparisons between 

the studies and my work. 
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Table 1-1 Mini Literature Review on Risk Factors for Complications of Type 2 Diabetes: Use Regressions 

Author N Study 
Sample 

Risk factor of 
interest Outcome(s) Association Adjusted variables Study Design 

Ten Brinke et 
al. 200850  

 T2DM patients HbA1c CHD, All-
cause 
mortality 

Both positive  Systematic 
review 

Stratton et al. 
200051  

3,642 T2DM patients HbA1c MI, Stroke, 
HF, PVD 

All positive Age, Sex, Race, FPG, HbA1c, BMI, 
SBP, LDL, HDL, TG, Albuminuria 

Prospective 
observational 
study  

Nichols et al. 
200152  

1,131 T2DM patients 
under poor 
glycemic 
control (mean 
HbA1c:7.7%, 
83% patients 
were < 9% of 
HbA1c)  

HbA1c CHF No effect Age, Sex, Duration of DM, HbA1c, 
creatinine, SBP, weight, DM med use, 
presence of IHD 

Retrospective 
study using 
EHR data 

A I Adler et al. 
199953  

5,063 T2DM patients 
(25-65yr, 
newly 
diagnosed) 

HbA1c MI, Angina, 
Stroke 

All positive Age, Sex, Race, HbA1c, Smoking, BMI, 
DBP, physical activity, Occupation, 
Tchol, HDL, TG, Hx of MI or Stroke 

Prospective 
observational 
study 

Zhao, 
Katzmarzyk, 
Horswell, 
Wang, et al. 
201454  

30,154 T2DM patients HbA1c, stratify 
by sex 

Stroke Female sex: 
positive 

Age, Race, HbA1c, Smoking, Income, 
Type of insurance, BMI, SBP, LDL, 
GFR, HTN/DM/Chol med use  

Prospective 
cohort study 

Elizabeth 
Selvin et al. 
200555  

1,635 T2DM patients 
w/o 
Cardiovascular 
Disease 

HbA1c Ischemic 
stroke 

Positive Age, Sex, Race, HbA1c, Smoking, BMI, 
Waist-to-hip ratio, Education, SBP, 
DBP, LDL, HDL, HTN med use 

Prospective 
cohort study 

Muntner P et 
al. 200556  

1,575 T2DM patients HbA1c PAD Positive Age, Sex, HbA1c, Race, Smoking, 
Alcohol intake, Physical activity, WC, 
Tchol, CKD, C-reactive protein 

Cross-sectional 
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E. Selvin et al. 
200657  

15,792 Diabetic adults 
(45-64yr) 

HbA1c PAD Positive Age, Sex, Race, HbA1c, Smoking, 
Study center, BMI, Waist-to-hip ratio, 
SBP, LDL, HDL, Education, HTN/DM 
med use  

Prospective 
cohort study 

Amanda I. 
Adler et al. 
200258  

2,398 T2DM patients 
(25-65yr) 

HbA1c, SBP, 
HDL, Current 
smoker  

PVD Positive: 
HbA1c, SBP, 
and Current 
smoker.  
 
Protective: 
HDL 

Age, Sex, Race, HbA1c, Smoking, BMI, 
SBP, DBP, Alcohol intake, Aspirin use, 
Tchol, LDL, HDL, TG, Physical 
activity, Hx of Cardiovascular Disease 
or retinopathy. 

Prospective 
cohort study 

Bash et al. 
200859  

1,871 DM patients 
(45-64yr) w/o 
albuminuria 
and 
retinopathy 

HbA1c CKD (eGFR < 
60ml/min/1.73
m2) 

Positive Age, Sex, Race, HbA1c, Smoking, 
Study center, eGFR, BMI, LDL, HDL, 
TG, presence of HTN/CHD, HTN med 
use  

Prospective 
cohort study 

Ravid M, 
Brosh D, 
Ravid-Safran 
D, Levy Z 
19960  

574 T2DM patients 
(40-60yr,) with 
normal renal 
function and 
recent onset of 
T2DM 

HbA1c, BP, 
Tchol, HLD, 
LDL, BMI, 
Smoking, Male 
sex 

Microalbumin
uria 

Protective: 
HDL 
 
All others: 
Positive 

Age, Sex, HbA1c, Smoking, BMI, BP, 
Tchol, LDL, HDL 

Prospective 
cohort study 

Retnakaran et 
al. 200661  

4,031 T2DM patients Sex, Smoking, 
WC 
Retinopathy, 
neuropathy 
 
 
 

Albuminuria 
(micro or 
macroalbumin
uria), Renal 
impairment 
(creatinine 
clearance < 60 
ml/min or 
doubling of 
plasma 
creatinine) 

Positive for 
both: 
SBP, Urinary 
albumin, 
Creatinine 
 
Positive for 
Albuminuria: 
Male sex, WC, 
TG, LDL, 
HbA1c, 
Smoking, 

Age, Sex, Race, HbA1c, FPG, Smoking, 
Weight, WC, SBP, DBP, LDL, HDL, 
TG, White cell count, Urine albumin, 
Plasma creatinine, presence of 
HTN/retinopathy/sensory neuropathy 
/Cardiovascular Disease 

Prospective 
cohort study 
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previous 
retinopathy 
 
 
Positive for 
Renal 
impairment: 
Female sex, 
age, previous 
sensory 
neuropathy 
 
Protective for 
Renal 
impairment: 
WC 
 

N. Li et al. 
201462  

30,434 T2DM patients 
with low 
income and 
uninsured (30-
95yr, w/o 
CHD and 
Stroke) 

BMI stratified 
by sex  

CHD All positive Age, Race, HbA1c, Smoking, Income, 
Type of insurance, SBP, LDL, HDL, 
TG, eGFR, HTN/DM/Chol med use. 

Prospective 
cohort study 

W. Li, 
Katzmarzyk, 
Horswell, 
Zhang, Wang, 
et al. 201563  

31,155 T2DM patients BMI HF Positive Age, Sex, Race, HbA1c, BMI, SBP, 
LDL, eGFR, HTN/DM/Chol med use 

Prospective 
cohort study 

W. Li, 
Katzmarzyk, 
Horswell, 
Zhang, Zhao, 
et al. 201564  

29,554 T2DM patients BMI Stroke Protective Age, Sex, HbA1c, Smoking, BMI, SBP, 
Income, Type of insurance, LDL, eGFR, 
HTN/DM/Chol med use 

Prospective 
cohort study 
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Kokkinos et al. 
201265  

4,013 T2DM patients BMI All-cause 
mortality 

Protective Age, Sex, Race, Smoking, BMI, Hx of 
Cardiovascular Disease, HTM/Chol med 
use, presence of HTN/ dyslipidemia  

Use prospective 
observational 
study data 

McEwen et al. 
200766  

8,733 T2DM patients BMI, Income, 
Age, Male sex, 
Duration of 
DM, Smoking 

All-cause 
mortality 

Protective: 
BMI, Income 
 
All others: 
Positive 

Age, Sex, Race, Smoking, BMI, 
Education, Income, Duration of diabetes, 
DM med use, the presence of Micro-and 
Macrovascular complications, Charlson 
index 

Multicenter-
prospective, 
observational 
study  

Doehner et al. 
201267  

5,202 T2DM patients 
w/ 
Cardiovascular 
Disease 

BMI All-cause 
mortality, 
Cardiovascular 
outcome 
(Hospitalizatio
n/MI/Stroke) 

All protective Age, Creatinine, HbA1c, Smoking, 
BMI, LDL, HTN/DM/Chol med use, Hx 
of MI/Stroke/PCI/CABG/PVD     

Use PROactive 
RCT data 

Huang et al. 
201468  

105 T2DM patients 
with CKD 
stage 3 or 4 

BMI GFR protective Age, Sex, HbA1c, Smoking, BMI, LDL, 
HDL, Hx of Cardiovascular Disease, 
Mean arterial pressure, Creatinine, Daily 
protein intake 

Prospective 
cohort study 

Mohammedi et 
al. 201869  

 T2DM patients 
(55yr or older) 
with diabetes 
diagnosed at 
30yr or older 
with pre-
existing 
cardiovascular 
disease or at 
least one risk 
factor for 
cardiovascular 
disease  

BMI A composite 
of 
macroalbumin
uria, doubling 
of the serum 
creatinine 
level to at least 
200 mmol/l, 
ESRD 
(defined as the 
need for renal-
replacement 
therapy), or 
death due to 
renal disease 

positive Age, Sex, Region, HbA1c, Smoking, 
SBP, Tchol to HDL ratio, TG, Hx of 
Cardiovascular Disease, GFR, Urinary 
albumin to Creatinine ratio, Duration of 
diabetes 

ADVANCE 
RCT 
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Shepherd et al. 
200670  

1,501 T2DM patients 
w/ CHD 

lowering LDL-
intensive 
atorvastatin 
therapy (80mg 
vs.10 mg)  

CVD, CHF, 
PVD 

Positive: CVD 
No effect: 
CHF, PVD 

Baseline characteristics (LDL, HDL, 
Tchol, TG, Apolipoprotein B, DM med 
use) were similar between the treatment 
groups. 

Randomized 
controlled trial 

Hayashi 
200971  

4,014 T2DM patients 
(elderly 
Japanese) 

HDL, LDL IHD, CVD HDL: 
protective for 
IHD and CVD 
 
LDL: no effect  

Age, Sex, HbA1c, LDL, HDL, TG, SBP, 
DBP 

Prospective 
cohort study 

Deedwania et 
al. 201672  

21,727 T2DM patients SBP, LDL CHD, Stroke SBP: no effect 
  
LDL:  
positive for 
CHD 

Age, Sex, dbp, BMI, TG, HDL, 
smoking, Hx of HTN/Stroke/IHD/TIA 

Used data 
pooled from 3 
RCTs (TNT, 
CARDS, 
IDEAL) 

Despres et al. 
200073  

2,103 Middle-aged 
men 

LDL, HDL, 
Smoking 

CHD Positive: LDL, 
Smoking 
 
Protective: 
HDL 

Age, Smoking, SBP, LDL, HDL, TG, 
presence of DM, Med use, Family 
history of IHD 

Prospective 
cohort study 

Miselli et al. 
201474  

1,917 T2DM patients Lipid-lowering 
drugs, TG 
(Male sex is 
harmful) 

All-cause 
mortality 

Protective: 
Lipid-lowering 
drugs 
 
Positive: 
TG 

Age, Sex, HbA1c, SBP, DBP, LDL, 
HDL, TG, HTN/DM/Chol med use 

Longitudinal 
Retrospective  
observational 
study 

S. Franklin et 
al. 200175  

6,539 Men and 
women aged 
20-79yr, w/ 
CHD and w/o 
taking HTN 
meds 

SBP, DBP, 
Pulse, stratified 
by age < 50, 
age 50-59, age 
60 or older 

CHD DBP: 
Positive (age 
<50) 
SBP: positive 
(age 60 or 
older) 
DBP 

Age, Sex, BMI, Smoking, Presence of 
DM, Tchol/HDL ratio 

Used 
Framingham 
Heart Study 
data 
(prospective 
cohort study) 
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Protective (age 
60 or older) 

Vaccarino, 
Holford, and 
Krumholz 
200076  

2,152 Men and 
women aged 
65 or older 

Pulse CHD, CHF Positive for 
both outcomes 

Age, Sex, Education, Marital status, Hx 
of Angina/DM/Stroke, BMI, Smoking, 
Heart rate, Body height, HTN 
classification based on DBP and SBP. 

Used the New 
Haven cohort of 
the 
Establishment 
of Populations 
for the 
Epidemiologic 
Studies of the 
Elderly 
(EPESE) 

S. S. Franklin 
et al. 199977  

1,924 Men and 
women aged 
50-79yr, w/ 
CHD and w/o 
taking HTN 
meds 

SBP, DBP, 
Pulse, 

CHD Positive: SBP, 
Pulse 
 
Protective: 
DBP  

Age, Sex, Smoking, BMI, Glucose 
intolerance, Tchol/HDL ratio. 

Used 
Framingham 
Heart Study 
data 
(prospective 
cohort study) 

Said et al. 
201878 

 

69,613 UK biobank 
participants 
(mean age 
56.8yr,45,8% 
males) 

Pulse Overall 
Cardiovascular 
Disease 
/MI/CHD/HF/
Stroke/Death 

 All positive Age, Sex, Smoking, BMI, presence of 
DM, Hx of Cardiovascular 
Disease/MI/CHD/HF/Stroke 

UK biobank-
prospective 
cohort study 

Amada et al. 
200079  

4,801 T2DM patients SBP Overall micro-
and 
macrovascular 
complications 
of 
T2DM/MI/HF/
Stroke/PVD 

All positive Age, Sex, Race, Smoking, LDL, HDL, 
TG, Albuminuria, HbA1c 

Prospective 
observational 
study (UKPDS) 

Zhao, 
Katzmarzyk, 
Horswell, 

30,154 T2DM patients Aggressive BP 
control 
(<120/70mmHg
)  

CHD Positive Age, Sex, Smoking, SBP, DBP, Income, 
Type of insurance, HbA1c, LDL, eGFR, 
HTN/DM/Chol med use 

Prospective 
cohort study 
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Wang, Li, et 
al. 201380  
Zhao, 
Katzmarzyk, 
Horswell, 
Wang, 
Johnson, et al. 
201381  

30,154 T2DM patients Aggressive BP 
control 
(<110/65mmHg
), High 
BP(≧160/100m
mHg) 

Stroke Both positive 
(U-shape) 

Age, Sex, BMI, LDL, HbA1c, GFR, 
Type of insurance, Income, Smoking, 
HTN/DM/Chol med use. 

Prospective 
cohort study 

Zhao, 
Katzmarzyk, 
Horswell, Li, 
et al. 201482  

29,627 T2DM patients Low 
BP(<120/70 
mmHg), High 
BP (≧160/100 
mmHg) 

HF Both positive 
(U-shape) 

Age, Sex, Race, BMI, LDL, HbA1c, 
GFR, Hx of obstructive sleep apnea, 
Type of insurance, Income 

Prospective 
cohort study 

Al-Delaimy et 
al. 200283  

6,547  US female 
registered 
nurses w/ 
T2DM  

Cigarette 
smoking 

CHD Positive Age, Alcohol intake, Duration of DM, 
Postmenopausal hormone use, DM med 
use, BMI, Family history of MI, 
Physical activity, Hx of High 
cholesterol/ high BP 

Prospective 
cohort study 

Price et al. 
199984  

1,592 Men and 
women aged 
55-74yrs 

Smoking PAD, CHD 2-3 times more 
likely to cause 
PAD than 
CHD 

Age, Sex, Alcohol intake, SBP, DBP, 
BMI, LDL, HDL, TG, FPG, other 
cardiovascular risk factors 

Prospective 
cohort study 

Fowkes et al. 
199385  

1,592 Men and 
women aged 
55-74yrs, UK 

Smoking PAD, IHD 2 times more 
likely to cause 
PAD than IHD 

Age, Sex, Height, BMI, non-HDL, 
HDL, TG, SBP, DBP, Smoking, 
Glucose tolerance status, Alcohol intake, 
Social class 

Cross-sectional 
study 
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Table 1-2 Mini Literature Review on Risk Factors for Complications of Type 2 Diabetes: Use Machine Learning Techniques 

Author 
Study 

Sample(N)
/Designs 

Outcome(s) Study Objective(s) Methods Comparison to my work 

Lagani, 
Vincenzo, et 
al.19 

1441 T1DM 
patients with  
6.5yrs 
follow-up/ 
DCCT 
(RCT) 

7 outcomes (CVD, 
Hypoglycemia, 
Ketoacidosis, 
Microalbuminuria, 
Proteinuria, 
Neuropathy, 
Retinopathy) 

1) Predict risks of each 
of the outcomes 
2) Identify the minimal 
set of clinical 
parameters maximally 
predictive. 

Used 4 feature selection methods 
and 5 methods (Cox regression, 
ridge Cox regression, accelerated 
failure time models, SVM, random 
survival forest) and found the best 
combination for each outcome 
through cross validation. 

1) outcome CVD was defined as an 
aggregate outcome but not 
individually defined. 
2) small sample size 
3) model was built for each outcome 
independently. 
4) no model interpretability. 
5) external validation-yes but small N 
(N=393) 
 
 

Lagani, 
Vincenzo, et 
al.86 

1441 T1DM 
patients with  
6.5yrs 
follow-up/ 
DCCT 
(RCT) 

7 outcomes (CVD, 
Hypoglycemia, 
Ketoacidosis, 
Microalbuminuria, 
Proteinuria, 
Neuropathy, 
Retinopathy) 

1) Predict risks of each 
of the outcomes 
2) Identify the minimal 
set of clinical 
parameters maximally 
predictive. 
3) Impute missing 
values 
4) Compare its 
performance with that 
of UKPDS risk engine 

used 4 feature selection methods 
and 5 methods (Cox regression, 
ridge Cox regression, accelerated 
failure time models, SVM, random 
survival forest) and found the best 
combination for each outcome 
through cross validation. 
 
Bayesian network was used as 
missing information module. 

1) outcome CVD was defined as an 
aggregate outcome but not 
individually defined. 
2) small sample size 
3) model was built for each outcome 
independently. 
4) no model interpretability. 
5) missing values were imputed vs. in 
our study, pts with missing values 
were dropped when we couldn't 
determine patient's health status 
properly. 
 

Sacchi, Lucia, 
et al.87 

953 T2DM 
patients/Retr
ospective 
observationa
l study 

clinical parameters 
are BMI and 
HbA1c, and 
complications are 
IHD, Fat liver 

Identify groups of 
patients based on 
temporal patterns 
related to drug purchase 
and compare the 

Temporal abstraction 1) this study was not to predict an 
outcome but generate knowledge 
2) small sample size 
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disease, 
nephropathy, 
neuropathy, 
retinopathy, PVD, 
occlusion stenosis of 
carotid artery. 

difference in clinical 
parameters and 
complications of T2DM 
between the groups 

Marini, 
Simone, et 
al.88 

1441 T1DM 
patients with  
6.5yrs 
follow-up/ 
DCCT 
(RCT) 

2 complications 
(CVD and 
nephropathy) and 
clinical variables 
(WHR, HbA1c, 
SBP, LDL, HDL, 
TRIG, BMI) 

Build trajectories of the 
2 outcomes and clinical 
variables for t2dm pts 
using dynamic 
Bayesian network. 

dynamic Bayesian network 1) outcome CVD was defined as an 
aggregate outcome but not 
individually defined. 
2) small sample size 
3) model interpretability - Maybe yes 
(I think model itself is interpretable 
but it's hard to see clinical usefulness 
and authors did not explain about that 
point clearly) 
4)  no external validation 

Kazemi, 
Maryam, et 
al.89 

600 T2DM 
patients 
from a 
diabetes 
registry  

1 outcome with 4 
different severity 
levels (diabetic 
peripheral 
neuropathy with 
healthy, mild, 
moderate, severe 
condition)   

Predict diabetic 
peripheral neuropathy 
severity level 
  

MSVM (multicategory SVM) 1) only one outcome 
2) small sample size 
3) no model interpretability 
4) no external validation  

DuBrava, 
Sarah, et al.90 

323,378 
T2DM 
patients with 
1-yr follow-
up 
 

1 outcome (diabetic 
neuropathy) 

1) Predict risk 
2) Identify variables 
correlated with a 
 diagnosis of diabetic 
peripheral neuropathy 

Random forest 1) only one outcome. 
2) sample size is big but cohort 
selection is not concrete (what is only 
required is data for 1-yr pre and post 
from the index).   
3) short follow-up: 1yr  
4) variables consisting of rules were 
related to utilization rather than 
clinical variables. 
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5) model interpretability-yes (decision 
tree) 
5) no external validation 

Huang, Guan-
Mau, et al.91 

345 T2DM 
patients  

1 outcome (diabetic 
nephropathy) 

1) Predict risk 
2) Identify variables 
(clinical and genetic) 
correlated with a 
diagnosis of diabetic 
nephropathy 

Used decision tree, SVM, random 
forest, and naïve bayes; 
For each classifier, feature 
selection was conducted.  
Through cross validation, selected 
the best model with the highest 
predictive performance (decision 
tree was authors' choice) 

1) only one outcome. 
2) small sample size 
3) model interpretability-yes (decision 
tree) 
4) no external validation  

Leung, Ross 
KK, et al.92 

673 T2DM 
patients with 
7.8yrs 
follow-up 
 

1 outcome (diabetic 
nephropathy) 

1) Predict risk 
2) Compare 
performance of 
different machine  
learning methods that 
predict diabetic 
nephropathy 

partial least square regression, 
regression tree,  
C50 decision tree, random forest, 
naïve bayes, neural network, and 
SVM (random forest and SVM 
were authors' choice) 

1) only one outcome. 
2) small sample size 
3) no model interpretability 
4) no external validation  

Gulshan, 
Varun, et al.93 

128,175 
images from 
patients/Retr
ospective 
observationa
l study 

2 outcomes (diabetic 
retinopathy and  
diabetic macular 
edema) 

Detect diabetic 
retinopathy and diabetic 
macular edema in 
retinal fundus  
photographs using deep 
learning 

Deep learning (deep convolutional 
neural network) 

This study worked on images. 
1) no model interpretability (but 
results can be interpretable by human, 
it’s image) 
2) no external validation 

Sudharsan, 
Bharath, 
Malinda 
Peeples, and 
Mansur  
Shomali.94 

56,000 self-
monitored 
 blood 
glucose 
from 
patients 

1 outcome 
(hypoglycemia) 

Predict hypoglycemia 
from self-monitored 
 blood glucose 
measurements 

Used random forest, SVM, KNN, 
naïve bayes (random forest was 
authors' choice) 

1) only one outcome. 
2) no model  
3) external validation-yes 
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1.3 Aims and Hypotheses 

The overarching goal of my work included in this dissertation is to build clinically 

useful and transferable machine learning models on big data that can influence individual 

T2DM patient care towards the implementation of precision medicine.  

 

1.3.1 Hypothesis and Specific Aim 1 

I aim to develop a semi-supervised divisive hierarchical clustering algorithm to 

model the heterogeneity of T2DM patients that allows for interactive exploration of the 

cohort and patient risks. I hypothesize that there are subpopulations with substantially 

higher or lower risks of T2DM than the general population. Identifying such 

subpopulations allows to focus preventive or therapeutic resources onto patients most in 

need of such efforts offering a better balance between available resources and patient 

need. 

 

1.3.2 Hypothesis and Specific Aim 2 

I hypothesize that each risk factor has two roles: first, describing the extent of the 

overall deterioration of metabolic health; and second, signaling a specific complication 

the patient is progressing towards. The first role is common across all complications 

(common effect), while the second role is specific to each individual complication 

(outcome-specific effect). By separating these two roles, I am better positioned to identify 

what condition a patient is most likely to progress to and also paint a clearer picture of 

the risk factors that are specific to each particular complication. Specifically, I aim to 
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develop a Multi-Task Learning (MTL)-based methodology that can separate the overall 

deterioration of metabolic health from progression to specific complications. 

 

1.3.3 Hypothesis and Specific Aim 3 

Given the expectation that even simple machine learned models cannot be 

transferred from one health system to another, healthcare researchers often view results 

from machine learned models with much skepticism. Indeed, transferability of a model 

closely parallels the concept of external validation which is the gold standard validation 

in observational studies. I hypothesize that the lack of transferability is not innate to 

machine learning models; it is a consequence of how these models are constructed. These 

models are often constructed on data from a single institution that are not nationally 

representative. Since machine learned models excel at incorporating small details of the 

population on which they are built, the resulting models are not nationally representative; 

they are very specific to the population on which they were trained. Thus, I hypothesize 

that machine learning models built on a nationally representative data can be more easily 

transferred to local healthcare systems than models built on local data. I aim to 

demonstrate that it is possible even a complex machine learning model on a nationally 

representative data can be transferred to two local health systems without significant loss 

of predictive performance. I also aim to address the question of how to define external 

validity. 
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1.4 Outline of Dissertation 

Chapter 2 provides comprehensive background of all my work, on which my 

hypotheses are based, and specific aims are established. It describes T2DM as a major 

public health problem due to high prevalence, high costs, and its chronic progressive 

nature. The concept and importance of evidence-based medicine and precision medicine 

in T2DM are discussed. It describes three challenges of managing T2DM, emphasizing 

the gap between the promise and the reality of precision medicine. This Chapter ends, 

stressing the importance of harnessing big data and machine learning techniques for 

successful implementation of precision medicine. 

Chapters 3-5 correspond to the three aims in order. They are all manuscripts that 

are either published or are considered for publication. 

Chapter 6 contains a validation of the models from Chapter 5 with respect to the 

literature. The strict word count restriction prevented me from including this section into 

the manuscript presented in Chapter 5. 

Finally, Chapter 7 summarizes my achievements, and describes the contributions 

of my work to health informatics and medicine. 
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Chapter 2 Background 

 

2.1 Diabetes as a Major Public Health Problem  

Diabetes Mellitus (DM) is pandemic, affecting 29.1 million people (9.3% of the 

US population) in the US. DM is a chronic progressive disease associated with an 

increased risk of developing serious complications in many different organ systems and is 

one of the leading causes of death1,2. DM has been a major public health problem, 

imposing considerable health and financial burdens to the communities95; patients with 

DM have substantial reduction in quality of life and life expectancy96, and the medical 

costs incurred by them is 3-4 times higher than those without DM95.  

DM is a metabolic disorder characterized by chronic hyperglycemia (high blood 

glucose). Traditionally, DM is classified into Type 1 Diabetes Mellitus (T1DM, previous 

known as early-onset or insulin-dependent DM) and Type 2 Diabetes Mellitus (T2DM, 

previously known as adult-onset or non-insulin-dependent DM).  

T1DM occurs due to an autoimmune attack on the beta cells in the pancreas that 

produce insulin, resulting in absolute insulin deficiency; thus, T1DM patients must take 

insulin. T2DM starts with insulin resistance; the cells in the body do not absorb glucose 

properly and are unable to use it for energy effectively, therefore accumulating glucose in 

the bloodstream. Although the management of T2DM usually involves both lifestyle 

modifications and oral medications, which are usually effective for a period of time, 
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because of the progressive nature of the disease, the beta cells eventually begin to wear 

out, and insulin therapy becomes necessary for T2DM patients.  

In all my work, I focus on T2DM and its complications since it is more prevalent 

accounting for 90-95% of all diagnosed cases97, genetically more heterogeneous98–100, 

and more complex to manage than T1DM. Generally, T1DM develops quickly over days 

or weeks, and the complications occur many years after the diagnosis. In contrast, T2DM 

has a gradual onset, so the complications are often present at the time of diagnosis; 

therefore, the management of T2DM is considered more complex.  

 

2.2 Lift-threatening Complications of Diabetes 

With no cure per se, DM progresses to serious complications in many different 

organ systems. It is common for the patients with DM to develop multiple complications 

over time, and the number of complications significantly increases the risk of mortality27. 

There are two types of complications of DM: microvascular complications (due to 

damage to small blood vessels) and macrovascular complications (due to damage to large 

blood vessels101,102.  

The microvascular complications include diabetic retinopathy, nephropathy, and 

neuropathy. Firstly, diabetic retinopathy is a leading cause of blindness, affecting 28.5% 

of the patients (≥ 40 years old)1,103. Also, a large population-based cohort study 

demonstrated 33% of patients with T2DM developed diabetic retinopathy within 5-years 

after the diagnosis104. Secondly, diabetic nephropathy is the primary cause of kidney 

failure in 44% of all new cases1. Lastly, diabetic peripheral neuropathy is a major cause 
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of lower-limb amputations. It affects 60-70% of the patients (≥ 20 years old), and 15% of 

the patients develop at least one foot ulcer during their lifetime105.  

Macrovascular complications include ischemic heart disease (IHD), congestive 

heart failure (CHF), myocardial infarction (MI), cerebrovascular disease (CVD), and 

peripheral artery disease (PAD). DM increases the risk of developing cardiovascular 

disease by 2-4 times, accounting for 80% of the deaths in patients with T2DM106. 

 

2.3 Metabolic Syndrome and Type 2 Diabetes  

Metabolic syndrome has already reached epidemic proportions in the US, 

affecting approximately 24% of US adults107. Notably, over 80% of T2DM patients 

present with metabolic syndrome108, a cluster of interrelated conditions that include high 

blood pressure (BP), chronically elevated fasting plasma glucose (FPG), abdominal 

obesity, and lipids imbalance including elevated triglycerides (TG), and low high-density 

lipoprotein (HDL)109. Each one of these metabolic abnormalities is found to be a 

significant predictor of cardiovascular disease and total mortality47,48, and these 

abnormalities occur together more often than alone, considerably increasing the risk of 

cardiovascular disease.  

The atherosclerotic process (thickening of the arteries) is the main pathological 

mechanism in cardiovascular disease. And, the presence of the metabolic syndrome in 

patients with T2DM tends to accelerate the basic atherosclerotic process, increasing the 

risk of developing cardiovascular diseass110–112. Consequently, patients with T2DM have 
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a greater burden of atherogenic risk factors than patients without T2DM (or non-diabetic 

individuals)74. 

 

2.4 Challenges in Type 2 Diabetes Management  

The management of T2DM is complex and difficult. Firstly, T2DM is profoundly 

influenced by combinations of genetic and environmental risk factors (e.g., aging, 

obesity, dietary patterns, physical inactivity), which result in heterogeneity of treatment 

response in T2DM patients113,114. For example, in the largest 4 randomized controlled 

trials (RCTs)13–16, to date, the efficacy of intensive glycemic control on decreasing the 

risks of micro- and macrovascular complications varied, and even one of the RCTs 

terminated earlier because some participants responded adversely.  

Secondly, T2DM is not an independent disease. The diseases in metabolic 

syndrome interact with each other, substantially increasing the risk of T2DM and its 

complications. For instance, hyperglycemia alone seems not a significant risk factor for 

IHD, while hyperglycemia with the presence of metabolic syndrome remarkably 

increases the risk of IHD115. Thus, even a minor adjustment on a single risk factor can 

dramatically influence the patient’s overall health status and clinical outcomes2,116,117. 

Thirdly, the heterogeneity of T2DM and complicated interactions among the 

diseases in metabolic syndrome yield enormous variability in disease progression; 

therefore, a substantial overlap among risk factors for the complications exists, and this 

makes the complications difficult to distinguish. For example, a large body of evidence 

has shown that HbA1c is a significant risk factor for all the complications51–61 and LDL is 
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a significant risk factor for IHD72,73, CVD70, and CKD60,61. Therefore, making an accurate 

prognosis (def. “the likelihood of future outcomes in patients with a given disease or 

health condition”118) is often unsatisfactory119, and optimal individualized therapeutic 

strategies remain incomplete102,120,121. For the successful management of T2DM, 

individualized and evidence-based clinical guidelines are necessary3. 

 

2.5 Evidence-based Medicine 

Traditionally, clinical decisions are made based on individual clinical expertise. 

Its weakness is, when clinicians see a patient who exhibits common clinical conditions 

but follows unexpected, unusual patterns or who has very rare clinical case, their medical 

reasoning only based on their past experience could fail. Evidence-based medicine 

(EBM) is defined as “the integration of best research evidence with clinical expertise and 

patient values”122, which aims to optimize clinical decision making by stressing the use of 

evidence generated from well-designed and well-conducted study.  

 

2.6 Contradictory Evidence from Randomized Controlled Trials 

RCT is considered as the gold standard for clinical research. The Action to 

Control Cardiovascular Risk in Diabetes (ACCORD)13, the Veterans Affairs Diabetes 

Trial (VADT)14, the Action in Diabetes and Vascular Disease Preterax and Diamicron 

Modified Release Controlled Evaluation (ADVANCE)15, and the UK Prospective 

Diabetes Study (UKPDS)16 are the largest RCTs that studied the impact of intensive 
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glycemic control on micro/macrovascular complications. However, their results were not 

consistent, rendering the evidence contradictory and inconclusive. 

Table 2-1 Contradictory Evidence from RTCs 

Predictors ACCORD VADT ADVANCE UKPDS 
N 10,251 1,791 11,140 1,704 
Follow-up (years) 3.5 5.6 5 10 
Age (years) 62 60 66 53 
Duration of Diabetes 
(years) 

10 11.5 8   

Sex (%male) 39 97 42 46 
History of 
cardiovascular disease 

35 40 32  

Baseline HbA1c(%) 8.1 9.4 7.2 7.2 
CVD benefit with 
intensive glycemic 
control 

Yes, in a subgroup 
(w/o cardiovascular 

disease) 

Yes, in a subgroup 
(duration < 12) 

No (adverse events) 
in a subgroup 

(duration ≥ 12) 

No Yes 

Increased mortality 
with intensive therapy 

Yes Yes (but 
insignificant) 

No N/A 

Association of 
hypoglycemia with 
increased mortality 

Both the intensive 
and standard group 

Only the standard N/A N/A 

 

The UKPDS demonstrated that intensive glycemic control for participants who 

were newly diagnosed with T2DM significantly reduced microvascular complications, 

MI, and all-cause mortality during the 10-year follow-up period, generating evidence that 

intensive glycemic control can decrease T2DM complications16. 

On the contrary, the ADVANCE and the VADT failed to show significant 

reduction in cardiovascular events with intensive glycemic control123,124. The ACCORD 

even terminated early since increased mortality was observed in the intervention group 

(an intensive glycemic therapy group)13. 
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Concerning the contradictory evidence, a review article6 emphasized different 

participant characteristics. UKPDS participants were relatively young (25-65 years) and 

newly diagnosed with T2DM, whereas ADVANCE, VADT, and ACCORD participants 

were aged 60 years or older and had longstanding T2DM (mean duration: 8-11 years). 

The latter also had either a history of cardiovascular disease or multiple risk factors for 

cardiovascular disease, indicating the presence of established atherosclerosis. For patients 

with T2DM and high prevalence of cardiovascular risk factors, only achieving 

normoglycemia is insufficient for the reduction of cardiovascular events121; rather, a 

multi-drug therapy is recommended since it has shown sustained advantageous effects on 

decreasing the CVD risk and cardiovascular mortality121,125,126. 

Although being a dominant method to create clinical evidence, RCTs are 

expensive, extremely time-consuming, and administratively burdensome. Therefore, in 

RCTs, interventions are narrow focus and participants are highly selected, often resulting 

in limited generalizability5. 

T2DM is a heterogeneous and complex disease. Therefore, to create reliable, 

generalizable, and clinically useful evidence for T2DM management, it is critical to 

examine not only multiple risk factors but also multiple potential clinical outcomes using 

a large number of T2DM patients with a sufficiently long follow-up period. 

 

2.7 Benefits of using Electronic Health Record 

Electronic Health Record (EHR) adoption has been accelerated since The Health 

Information Technology for Economic and Clinical Health (HITECH) Act was enacted. 
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It offers substantial financial incentives through Medicare and Medicaid for healthcare 

providers to encourage the adoption and meaningful use of EHRs127, resulting in a 69% 

adoption rate in primary care settings128. 

Recently, EHR data have become abundantly available, containing years of 

medical history for a large number of patients. Especially, the benefits of using EHR data 

(e.g., low cost, large volume and easy access129) enable scientists to generate clinical 

evidence efficiently5. 

EHR data collected from real-world clinical practice include a large number of 

heterogeneous T2DM patients; thus, harnessing EHR data (especially, from multiple 

healthcare systems) could possibly alleviate the generalizability problem. Additionally, it 

offers an opportunity to identify and analyze clinically meaningful subpopulations. 

Besides, as longitudinal patient records, EHR data are invaluable for studying progressive 

diseases where time is critical. Once EHR data are converted into useful clinical 

information by intelligent clinical decision support (CDS) tools, substantial clinical 

benefits can be expected. 

 

2.8 Need for Advanced Clinical Decision Support Tools 

Recently published studies have shown positive effects of using EHRs over 

paper-based records on T2DM care and patient outcomes130–133. However, most studies 

demonstrating the success of using EHRs on T2DM care used clinical guideline 

adherence (e.g., screening or conducting laboratory tests) or medication adherence as 

measures of success134,135 even if they are not necessarily translated into improved 
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healthcare outcomes. For example, receiving the HbA1c test on a recommended schedule 

does not necessarily mean that the patient’s glucose levels are being controlled. 

Additionally, it is not expected for the patients with comorbidities, polypharmacy issues, 

and/or limited life expectancy to meet all-or-none bundled measures135. What this 

suggests is simply adopting EHRs does not guarantee improved T2DM care and the 

patients’ outcomes136–138. 

EHR adoption is an important first step. But considering the limited time for the 

physician office visit, the complexity of T2DM management, and information and 

cognitive overload139, CDS at the point of care is imperative to support clinicians with 

full benefits of EHRs136,140. 

Unfortunately, current existing EHR-based CDS systems exhibit restricted 

functionality (e.g., non-specific action prompts and simply translating existing clinical 

guidelines into rules). Such simple functions often frustrate physicians who need 

immediate and actionable answers with detailed advice about treatment at the point of 

care141. Therefore, to achieve improved T2DM care and the patients’ outcomes, the 

evolution of CDS functionality from simple data capture to intelligent data analysis is 

critical. 

 

2.9 EHR Data Mining 

The increased volume, variety, and complexity of EHR data require advanced 

techniques to automatically understand, process, and summarize the data. Data mining is 

an approach to data analysis and knowledge discovery that emerged in the mid-1990’s142. 
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Data mining is defined as “the analysis of (often large) observational data sets to find 

unsuspected relationships and to summarize the data in novel ways that are both 

understandable and useful to the data owner”143. Thus, successful application of data 

mining to EHR data can transform the massive amount of EHR data into useful clinical 

information. Accordingly, data mining techniques are becoming more widely used in 

clinical applications17,19,142,144–148. Some examples of data mining applications in T2DM 

will be shown in “1.2 Related work” section. 

 

2.10 Precision Medicine 

The definition of precision medicine by the National Institutes of Health (NIH) is 

“an emerging approach for disease treatment and prevention that takes into account 

individual variability in genes, environment, and lifestyle for each person”7. This new 

model of customized (tailored, personalized) healthcare requires transformative 

technologies based on the increasingly available computational power, the use of big data 

(EHR, genome, wearable devises, etc.), and machine learning algorithm to reach 

clinically applicable knowledge able to influence individual patient care. 

T2DM is an important topic in precision medicine due to the complexity of the 

management. And, as we have seen, a huge gap exists between the promise and reality of 

precision medicine in the management of T2DM. Big data analytics and machine 

learning can provide a new way to generate evidence that enhances clinical practice 

guidelines with more personalized recommendations8. Therefore, the approach of 

precision medicine will immensely benefit the prevention and management of T2DM.   



 

30 
 

Chapter 3 Divisive Hierarchical Clustering towards Identifying Clinically 

Significant Pre-Diabetes Subpopulations 

 

3.1 Introduction 

Type 2 Diabetes Mellitus is one of the fastest growing chronic diseases in the 

United States, with a profound influence on public health quality and cost149,150. It is a 

progressive disease, associated with an increased risk of developing serious cardiac, 

vascular, renal and ophthalmological complications, and it is one of leading causes of 

death150. With no cure per se, prevention and management are of paramount importance. 

As effective preventive measures such as lifestyle change and drug therapy exist151,152, 

early identification and management of patients at high risk is an important healthcare 

need.  

Numerous diabetes risk indices aimed at early identification of patients at high 

risk have been developed24. Arguably, the most popular such index is the Framingham 

score25, which has gained wide acceptance in clinical practice. The Framingham model 

assigns a risk to a patient based on the risk factors the patient presents with and the 

resulting score can be used to stratify patients into low, moderate, or high-risk groups. 

Almost all indices, the Framingham score included, estimate the risk of diabetes in an 

additive fashion, assuming that the risk factors act independently.  

Interactions among risk factors are known to exist30,153–156. Recent work30,153–155 

aimed to address interactions, most prominently through the application of association 

rule mining (ARM)9–12. ARM was specifically designed to discover sets of associated 
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risk factors, along with the affected subpopulations. While association does not always 

translate into (non-additive) interaction, it often does. Given its ability to seamlessly 

incorporate interactions, ARM has successfully identified patient subpopulations that face 

significantly increased or decreased risk of diabetes153,156. Another beneficial 

characteristic of the ARM model lies in the straightforward interpretability of the 

individual rules. Thus, the ARM model does not just provide a risk estimate, but it also 

offers a “justification” in the form of the associated risk factors in the rule.  

ARM has its own shortcomings. While interpretability is one of the hallmarks of 

the ARM modeling approach, ARM algorithms tend to extract combinatorially large sets 

of redundant rules, which quickly erodes interpretability. Under these conditions, it is 

necessary to offer fine control of the amount of details the ARM model extracts; 

however, this is precisely where ARM falls flat. When ARM discovers a manageable 

number of rules, they tend to be too general to be useful; when the model is sufficiently 

detailed to give the user new insights, the sheer number of rules impedes interpretation. 

There is a reason for this phenomenon. The ARM rule set is highly redundant: the same 

subpopulation is described by an exponential number of rules, each rule associating the 

subpopulation in question with a different set of risk factors. This unfortunate property 

obfuscates the disease mechanism. 

In this work, we propose the use of a novel divisive hierarchical clustering157 

technique, which retains most of the advantages of ARM, while it alleviates the 

interpretability issues. From a hierarchical clustering, depending on the desired amount of 

detail, many clusterings can be extracted. Each clustering consists of a varying number of 
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clusters, is complete (they include all patients) and non-overlapping (each patient belongs 

to exactly one cluster).  

Our proposed approach retains all advantageous properties of ARM and alleviates 

its primary shortcoming: interpretability is enhanced through the elimination of 

redundancy and through lending the user fine control over the amount of details the 

clustering should incorporate. 

 

3.2 Methods and Materials 

3.2.1 Data 

In this study we utilized a large cohort of Olmsted County, Minnesota, residents 

identified by using Rochester Epidemiology Project resources. The Rochester 

Epidemiology Project (REP)158 is a unique research infrastructure that follows residents 

of Olmsted Co., MN over time. The baseline of our study was set at Jan. 1, 2005. We 

included all adult Mayo Clinic patients with research consent, who are part of the REP, 

resulting in a study cohort of 69,747 patients. From this cohort, we excluded all patients 

with a diagnosis of diabetes before the baseline (478 patients), missing fasting plasma 

glucose measurements (14,559 patients), patients whose lipid health could not be 

determined (1,023 patients) and patients with unknown hypertension status (498 

patients). Our final study cohort consists of 52,139 patients (overlaps between the groups 

exist) who were followed until the summer of 2013.  

We collected demographic information (age, gender, body mass index BMI), 

laboratory information (primarily fasting plasma glucose and lipid panel), vital signs 
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(blood pressure and pulse), relevant diagnosis diagnoses (obesity, hyperlipidemia, 

hypertension, renal failure and various cardiac and vascular conditions), aspirin use, and 

medications used to treat hypertension and hypercholesterolemia. Additional known risk 

factors for diabetes (such as tobacco usage) were also included. 

 

3.2.2 Features 

To enhance the interpretability of our results, the variables were transformed into 

binary variables to indicate the presence and severity of risk factors. These variables are 

typically constructed as a meaningful combination of diagnoses, abnormal vital signs, 

abnormal laboratory results, and use of medications by drug class. Laboratory results 

were considered abnormal when they exceeded the cutoffs published in the American 

Diabetes Association (ADA)159 guidelines. Table 3-1 shows the definitions of the 

variables used henceforth. 

Table 3-1 Predictors and their definitions 

Predictors Definitions 
Demographics 
age.18+ Age > 18 and < 45 
age.45+ Age ≥ 45 and < 65  
age.65+ Age ≥ 65 
genderM Male 
Comorbidities 
obese Obesity (BMI ≥ 30 or diagnosis) 
tobacco Current smoker 
renal Renal disease 
chf Congestive Heart Failure  
ihd Ischemic Heart Disease 
Major risk factors and their severities 
ifg.no Normo-glycemic patients: fasting plasma glucose (FPG) ≤ 100 
ifg.pre1 Impaired Fasting Glucose level 1: FPG > 100 and ≤ 110 
ifg.pre2 Impaired Fasting Glucose level 2: FPG > 110 and ≤ 125 
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htn.no 
No indication of Hypertension: no diagnosis of HTN, no 
hypertensive drugs are described and blood pressure results (if 
present) are normal. 

htn.any Indication of Hypertension exists in the form of either a HTN 
diagnosis or abnormal blood pressure measurement 

htn.tx Hypertension required therapeutic intervention; however, at most 3 
HTN drugs were prescribed. 

htn.pers 

Persistent Hypertension. Patients present with abnormal blood 
pressure measurements despite having been prescribed 3 or more 
drugs; or they are prescribed 4 or more drugs (regardless of blood 
pressure results). 

hyperlip.no No indication of Hyperlipidemia: no diagnosis of hyperlipidemia, 
no cholesterol drugs and no abnormal lipid panel results are present. 

hyperlip.any Indication of Hyperlipidemia exists in the form of diagnosis or 
abnormal laboratory results. 

hyperlip.tx 
Hyperlipidemia with therapeutic intervention: a diagnosis code or 
abnormal laboratory result indicates hyperlipidemia and a single 
cholesterol drug is prescribed.  

hyperlip.multi Hyperlipidemia requiring multi-drug intervention: multiple 
cholesterol drugs are prescribed. 

 

3.2.3 Patient Clusterings 

The purpose of clustering is to partition patients into groups (clusters), such that 

patients within the same cluster are more similar to each other than to patients in a 

different cluster. Formally, in our application, a cluster is a set of patients, who share risk 

factors relevant to diabetes progression and have similar diabetes risk. A clustering is a 

non-overlapping complete set of clusters. A clustering is complete in the sense that all 

patients in the population are assigned to a cluster, and it is non-overlapping, as each 

patient is assigned to a single cluster in a clustering. Our goal is to create a patient 

clustering, where the clusters correspond to clinically meaningful patient subpopulations.  

To identify such subpopulations, we applied bisecting divisive hierarchical 

clustering. The algorithm iteratively constructs a hierarchy of clusters in a top-down 

(divisive) fashion, in each iteration bisecting a cluster into two new (child) clusters. A 
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cluster is bisected using a splitting variable. One of the two child clusters contains all 

patients from the parent cluster for whom the splitting variable is true, and the other child 

contains all patients for whom the splitting variable evaluates to false. For example, if the 

parent cluster (cluster to split) consists of patients with hypertension (htn is true) and the 

splitting variable is ifg.pre2 (fasting plasma glucose FPG > 110), one of the child clusters 

is comprised of hypertensive patients having high FPG (ifg.pre2=true) and the other 

cluster is comprised of hypertensive patients with lower FPG (ifg.pre2 is false).  

The algorithm proceeds by recursively bisecting each cluster into two child 

clusters starting with a cluster that represents the entire population. The algorithm 

terminates when no cluster can be bisected without having insufficient number of patients 

in the resultant child clusters; or when the patients in the cluster are sufficiently similar to 

each other. 

The splitting variable is selected on the basis of how much variability in the 

diabetes outcome it can explain; bisections that explain a large amount of variability are 

preferred. Let tj denote the follow-up time (in days) and δ" the diabetes status at the end 

of follow-up for patient j. This patient is censored when the diabetes outcome is negative 

($% = false)	at the end of follow-up. The martingale residual .%(/) for a patient j at time 

/% is computed as the difference between the observed number $%(/)	of event (1 if a 

patient j had developed diabetes before (or exactly at) time /%, 0 if censored) and the 

estimated number 0%(/) of events (cumulative hazard)  

																																																							.%(/) = $%(/) −	0%(/). 

To calculate the cumulative hazard, we use the Nelson-Aalen estimator, 
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																																											0%(/) = ∑ ℎ%4564
(/7) = ∑ ∑

89:(45)

;:(45)
<4564 , 

where ℎ%(/7) denotes the (non-cumulative) hazard of patient j at time /7, k iterates over all 

patients, =><(/7) denotes the number of diabetes incidents that patient k suffers exactly at 

time	/7 (0 or 1) and	?<(/7) indicates whether patient k is at risk at time /7. The formula for 

the non-cumulative hazard can be thought of as the number of events occurring exactly at 

time /7	divided by the number of patient at risk at that time. When multiple patients suffer 

events at exactly the same time, these events are arbitrarily serialized. 

Suppose we have a cluster C1, which we need to bisect into clusters C11 and C12 

using a particular splitting variable. Further, let SSR(C) denote the sum of squared 

martingale residuals for any cluster C. Bisecting C1 will decrease the total SSR by 

                                      G = SSR (C1) – [SSR (C11) + SSR (C12)]. 

Each splitting variable produces a different G value. Among the possible splitting 

variables, we select the one that reduces the SSR the most, or equivalently, maximizes G. 

This is the splitting variable that explains the diabetes outcome in C1 the best, thus it can 

be thought of as ‘most relevant’ to diabetes in the subpopulation corresponding to cluster 

C1. 

Once the cluster hierarchy has been constructed, the final clustering can be 

extracted. A leaf cluster is a cluster that is not bisected. Our hierarchical clustering 

algorithm ensures that each patient falls into exactly one leaf cluster, thus the collection 

of leaf clusters form a non-overlapping complete clustering of the patient population. 

We wish to make two notes. First, our clustering algorithm is similar to the 

survival tree construction algorithm160; in fact, one can think about it as an adaptation of 
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the recursive partitioning algorithm161 for censored outcomes to a clustering application. 

Indeed, we follow Therneau et al.162 in broad strokes and adapt their ANOVA criterion 

for censored outcome: we use sum squared martingale residuals instead of sum squared 

error. Second, the analogy between recursive partitioning and our algorithm goes deeper. 

The martingale residual can be rescaled into a deviance residual. Just as the sum squared 

error relates to the “deviance” of two nested Gaussian models, the sum squared deviance 

residuals relate to the deviance of two nested survival models, enabling the use of 

likelihood ratio tests for significance testing. Since our purpose is to construct the full 

hierarchy of clusters, we do not perform significance testing and use the martingale 

residuals instead of the deviance residuals. 

Clustering and statistical analysis were conducted with the use of R version 3.0.1. 

 

3.3 Results 

In what follows, we demonstrate that our clustering algorithm successfully 

identified potentially interesting clusters that consist of patients with substantially higher 

or lower risk of diabetes than the general patient population. The clustering (the 

collection of leaf clusters) assigns each patient to exactly one leaf cluster and each leaf 

cluster possesses a cumulative hazard curve (specific to the subpopulation that the leaf 

consists of). Thus, the clustering can be used to estimate a patient’s risk of diabetes and 

can hence serve as a diabetes index. We will also demonstrate that our clustering used in 

this fashion outperforms the popular Framingham score. Thirdly, we will also show by 

constructing the entire hierarchy of clusters, that we can extract clusterings that 
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encompass varying amounts of detail. Finally, we will demonstrate that our clustering can 

model non-proportional hazards as well as interactions among the risk factors. 

 

3.3.1 Identifying high and low risk subpopulations 

We performed hierarchical clustering of our patient population under the user-

defined constraint that clusters with less than 50 patients are not bisected further. We 

identified 275 leaf clusters. From these leaves, we selected two: one indicative of very 

high risk and one indicative of very low risk. We then compared these leaves with the 

general population. 

In Figure 3-1, we display the Kaplan-Meier survival curve and the cumulative hazard 

curve for the entire population (blue dotted line) and for the above two clusters: red solid 

line is used for the high-risk cluster and green dotdash line for the low-risk one. The 

patients (n = 61) in the high-risk cluster have fasting plasma glucose greater than 110 

mg/dL (ifg.pre2), hyperlipidemia that requires therapeutic interventions (hyperlip.tx), and 

are current smokers (tobacco). The low-risk cluster consists of the patients (n = 498) 

characterized by fasting plasma glucose level equal to or lower than 100 mg/dL, no 

indication of hypertension, no indication of hyperlipidemia, no obesity, no renal disease, 

no congestive heart failure, no ischemic heart disease, no aspirin use, male non-smokers 

being between 45 and 65 years of age. 

From Figure 3-1, the difference in diabetes progression among these three subpopulations 

is obvious and the risk factors for these patients are consistent with our clinical 

expectation. 
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Figure 3-1 Kaplan-Meier survival curve (Left) and Cumulative incidence of diabetes 

(Right) for two pre-diabetic subpopulations (red sold and green dotdash) and the 

entire population (blue dotted) 

 
3.3.2 Clustering as a diabetes index 

As we described earlier, the leaf clusters form a non-overlapping clustering, 

where each patient belongs to exactly one leaf cluster. Since each leaf cluster contains a 

survival function of the corresponding subpopulation, it is possible to use the clustering 

as a diabetes index, providing a risk estimate for each patient. In this section, we compare 

the clustering as a diabetes index against the popular Framingham score, an actual 

diabetes index in clinical use. Specifically, we use concordance as our evaluation 

measure. Concordance is the probability that for any two patients where one progressed 

to diabetes earlier than the other, the one that progressed earlier has a higher predicted 

risk. The clustering achieved a concordance of 0.78, while the Framingham score 

achieved a lower concordance of 0.70, signifying the clustering has imporved 

discriminatory power. 
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3.3.3 Controlling the amount of detail 

An important advantage of the proposed clustering technique over alternative 

methods, such as association rules, is that it offers fine control over the amount of detail it 

presents to the user. This control can be achieved by cutting the hierarchy at a particular 

level. To illustrate this point, we depict the entire cluster hierarchy in Figure 3-2. The leaf 

clusters are listed along the horizontal axis and the vertical axis indicates the SSR of the 

cluster. The hierarchy is represented by a dendrogram, which can be interpreted as 

follows. The root of the dendrogram is at the top (SSR=4645) and it represents a cluster 

that includes all patients. The root is split into two clusters (on ifg.pre2; not shown) one 

with SSR 730 (ifg.pre2=true) and one with SSR 3914 (ifg.pre2=false). The subpopulation 

having ifg.pre2=true is split on htn.pers into two clusters, one with SSR 41 (persistent 

hypertension present) and one with SSR 688 (htn.pers=false). In short, the dendrogram 

allows us to trace the bisections our algorithm performed and it also depicts the SSR of 

the resultant clusters. 

We can cut the dendrogram at any SSR of our choice. Cutting the hierarchy 

produces a new set of leaf clusters, which in turn forms a non-overlapping complete 

clustering of the patient population. For example, if we cut the dendrogram at SSR of 

4000 (which is very close to the top), we obtain only two leaf clusters: ifg.pre2=true with 

SSR of 730 and ifg.pre2=false with SSR of 3914. If we cut the dendrogram at a lower 

SSR, say at 500, we will obtain a larger set of leaf clusters (26 in this example) each 

having lower SSR. This particular cut is shown in Figure 3-2 as a magenta line. Larger 

number of leaf clusters offers a larger amount of detail. Selecting an SSR for cutting the 
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dendrogram is what allows us to control the amount of detail (number of leaf clusters) in 

a predictable fashion. The SSR of the resulting leafs also shows the within-cluster 

similarity of the patients. 

 

Figure 3-2 Dendrogram of the entire hierarchy of clusterings 

Naturally, a tradeoff exists between the amount of detail and the predictive 

capability of a clustering. In Figure 3-3, we visualize this tradeoff. The horizontal axis 

represents the SSR at which the dendrogram was cut and the vertical axis represents the 

resultant clustering with the number of clusters depicted in left pane and the predictive 

capability (as measured by concordance) in the right pane. The figure shows that as we 

increase the SSR (move right on the horizontal axis), we decrease the amount of detail 

(number of clusters) and along with the decreased amount of detail, the predictive 

capability of the clustering decreases, as well.  
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Figure 3-3 Tradeoff between the amount of detail (number of clusters) and the 

predictive capability (concordance) 

 

3.3.4 Non-proportional hazard 

We plot the cumulative hazard functions for the 26 clusters we extracted earlier 

(by cutting the hierarchy at SSR 500) in Figure 3-4. To avoid overcrowding the image 

and preserve good visibility of the lines, we separated the 26 clusters into four panes 

essentially at random. The IDs in the legend refer to their original IDs (IDs before 

cutting), thus they can exceed 26. Cumulative hazards across the clusters are not 

proportional because the LOGLOGS plots of the 26 clusters (shown in Figure 3-5) do not 

appear as parallel lines, indicating interactions between time and subpopulations. This 

non-proportionality was correctly captured by our approach. To show these clusters are 

clinically relevant, we selected the 12 highest risk clusters out of the 26 and described in 

Table 3-2. 

 



 

43 
 

 

  

  

Figure 3-4 Identified pre-diabetic subpopulations based on cumulative hazard after 

infinite follow up time 
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Figure 3-5 LOGLOGS plot of cumulative hazard 

 

Table 3-2 Subpopulation summarization with cumulative hazard at the end of the 

study 

Cluster 
ID 

Patient 
Count SSR Cumulative 

Hazard Risk Factors 

4 74 40 1.02 ifg.pre2=true, htn.pers=true  
8 297 180 1.00 ifg.pre2=true, htn.pers=false, obese=true 

14 212 121 0.91 ifg.pre2=true, htn.pers=false, obese=false, 
hyperlip.tx=true 

10 227 81 0.47 ifg.pre2=false, ifg.pre1=true, hyperlip.multi=true 

20 280 88 0.45 ifg.pre2=false, ifg.pre1=true, hyperlip.multi=false, 
renal=false, htn.pers=true 

12 736 88 0.15 ifg.pre2=false, ifg.pre1=false, htn.pers=true 
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24 1130 380 0.44 ifg.pre2=false, ifg.pre1=true, hyperlip.multi=false, 
renal=false, htn.pers=false, hyperlip.tx=true 

15 1276 384 0.42 ifg.pre2=true, htn.pers=false, obese=false, 
hyperlip.tx=false 

28 241 68 0.41 
ifg.pre2=false, ifg.pre1=true, hyperlip.multi=false, 
renal=false, htn.pers=false, hyperlip.tx=false, 
ihd=true 

32 949 277 0.37 
ifg.pre2=false, ifg.pre1=true, hyperlip.multi=false, 
renal=false, htn.pers=false, hyperlip.tx=false, 
ihd=false, obese=true 

36  735 166 0.28 
ifg.pre2=false, ifg.pre1=true, hyperlip.multi=false, 
renal=false, htn.pers=false, hyperlip.tx=false, 
ihd=false, obese=false, htn.tx=true 

40 493 102 0.25 
ifg.pre2=false, ifg.pre1=true, hyperlip.multi=false, 
renal=false, htn.pers=false, hyperlip.tx=false, 
ihd=false, obese=false, htn.tx=false, aspirin=true 

 

3.3.5 Interactions among risk factors 

Cluster 4 consists of patients who have ifg2.pre2 and htn.pers, and the estimate of 

the cumulative hazard at the end of the study is 1.02. To estimate the hazard under the 

assumption that the two risk factors are additive (act independently), we fit a Cox 

regression model to the entire population using only the above two variables as 

predictors. We used this Cox model to make a prediction for the subpopulation 

represented by cluster 4 and their cumulative hazard is 1.44. The difference between this 

prediction (of 1.44) and the prediction of 1.02 by the clustering strongly suggests that an 

interaction between these two risk factors (FPG and HTN) exists. While we do not know 

the exact risk of diabetes (true value for the cumulative hazard) in this subpopulation, it is 

between the observed prevalence of diabetes in this subpopulation, which is 0.57, and 1.0 

(each patient can only experience at most one event of diabetes). 1.02 is closer to this 

range than 1.44, thus the additive Cox regression model overestimated the risk. 
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3.4 Discussion 

 In this paper, we presented a novel bisecting divisive hierarchical clustering 

algorithm to identify clinically relevant patient subpopulations using type 2 diabetes as 

the endpoint. In a good clustering, patients within the same cluster are more similar to 

each other than to patients in a different cluster. Patients in our clusters are similar to 

each other because they share the same risk factors that are most relevant to diabetes and 

also have similar risk of developing diabetes. We have shown that our clustering can be 

used as a diabetes index: when the clustering is sufficiently detailed, it outperformed the 

Framingham score in terms of concordance (ability to distinguish high-risk patients from 

low-risk patients). While ARM models have also shown excellent predictive 

performance, their high level of redundancy leads to unnecessary computational cost. In 

the following discussion, we examine the beneficial properties of the clustering 

particularly compared to ARM models and the potential of overfitting. 

 

3.4.1 Comparison to Association Rule Mining  

Recent developments of ARM163, including survival association rule mining154 

have demonstrated its applicability in the EHR mining domain and its appropriateness to 

serve as a diabetes index. The key advantage of the ARM methodology lies in its 

interpretability: individual rules are straightforward to interpret, and the interpretation 

provides a context around the risk estimate (e.g. the high risk is due to persistent 

hypertension and severe hyperlipidemia).  
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As previously discussed, the disadvantage of ARM is that it generates an 

exponentially large, redundant rule set. With many rules applying to the same patient, 

making prediction for an individual becomes non-trivial153,154, making a direct 

comparison between ARM and clustering leave room for arguments. Just to show that the 

predictive performance of ARM and clustering are similar, we performed a simple, albeit 

admitted imperfect, comparison.  

We largely followed the methodology outlined in the studies using ARM to assess the 

risk of type 2 diabetes11,153: we built a Cox model with age and gender as the predictors, 

and extracted distributional association rules12,153 indicating an association between the 

martingale residual and the major risk factors (IHD, hypertension and hyperlipidemia as 

defined in Table 3-1 that covered at least 50 patients (same coverage as used for 

clustering). For each patient, we made a prediction using the most specific rule. The 

concordance of the resultant model was .7601 with a standard error of 004. This is 

comparable to the performance of the clustering model. Additionally, both the ARM-

based models and our clustering have the ability to automatically discover interactions 

among risk factors and seamlessly incorporate them into the model or clustering.  

Our proposed method goes beyond the state of the art by allowing the user to control the 

amount of details the clustering should incorporate. This is particularly beneficial, 

because the amount of detail can be adjusted to the needs of the consumer of the model. 

For example, when the user of the clustering is an automated clinical decision support 

system, a highly detailed clustering may be desirable. Computational systems can handle 
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complex models, even as complex as the ARM models, and thus a clustering that 

incorporates a large amount of details (without overfitting) can be most appropriate.  

Another potential use of the clustering produced by our method concerns clinical 

investigation, where clinicians, rather than computers, view the clustering results. 

Presenting excessively detailed complex models to investigators can be more distracting 

than useful, thus a moderately complex clustering may be most desirable. Our method 

constructs the entire cluster hierarchy upfront allowing investigators to drill down for 

further details. This can be achieved through further clustering a specific subpopulation 

(leaf), as needed.  

 

3.4.2 Overfitting 

Models as flexible as the clustering-based model or the association rule set are 

susceptible to overfitting the data. In this application, we were not particularly concerned 

with the predictive performance of the model as it is secondary to its interpretability. To 

avoid overfitting, we required the presence of at least 50 patients in each node (or 

association rule), which is sufficient to reliably estimate their risk. Also, Figure 3-3 

shows no sign of overfitting: increased number of nodes have consistently led to 

improved performance on a validation set. Nonetheless, when the clustering is used as a 

predictive modeling tool, the number 50 needs to be tuned more carefully and attention 

must be paid to the potential overfitting. 

In summary, we have demonstrated that our clustering method retains the benefits 

of existing diabetes risk models and adds its own advantage through allowing for fine 
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control of detail that is presented to the user. This promises great potential of contributing 

to clinical practice.   
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Chapter 4 Multi-Task Learning to Identify Outcome-Specific Risk 

Factors that Distinguish Individual Micro and Macrovascular 

Complications of Type 2 Diabetes Subpopulations 

 

4.1 Introduction 

Type 2 Diabetes Mellitus (T2DM) is an irreversible chronic disease. It is 

associated with the metabolic syndrome, a cluster of interrelated conditions that include 

high blood pressure (BP), chronically elevated fasting plasma glucose (FPG), abdominal 

obesity, and lipids imbalance including elevated triglycerides (TG), and low high-density 

lipoprotein (HDL)109. Since complicated interactions among these conditions exist, even 

a minor adjustment on a single risk factor can dramatically influence the patient’s health 

status and clinical outcomes2,116,117. Hence, a comprehensive understanding of the effects 

of these risk factors on various complications is necessary for the successful long-term 

management of T2DM patients. 

Studies that identify risk factors for complications of T2DM abound61,164,165, 

however they fail to paint an accurate picture of the patient’s health status and 

progression to the most likely next complication. In these studies, regardless of which 

complication they focus on, the risk factors tend to be largely the same (e.g., BP, FPG, 

lipids, and kidney function). The reason for this large overlap is that the above risk 

factors capture the effect of deteriorating overall metabolic health that underlies all these 

outcomes rather than capturing the effects that differentiate among the outcomes. This 
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suggests that the risk factors have two roles: first, they describe the extent to which the 

patient’s overall metabolic health has deteriorated and second, they signal a particular 

complication that the patient is progressing to. Given that existing studies have focused 

on a single or occasionally a few complications and modeled them independently, they 

have not separated these two roles. Hence, it is difficult to know whether a risk factor is 

significant in progression to a particular complication or whether it merely describes the 

deterioration of overall metabolic health. To understand the direction of progression, 

namely, which of the many possible complications the patient is most likely to develop 

next, separating these two roles is critical. 

The deterioration of underlying metabolic health is a commonality across all the 

complications. If we identify the commonality and remove it from the entirety of a risk 

factor’s effect, all that remains is outcome-specific effect. To model this, we had two 

challenges. First, to correctly capture the commonality, we needed to examine a wide 

range of complications using sufficient amounts of patient data. Because, if we study a 

single complication, the commonality is not identifiable, so the distinction is lost. In this 

study, we used two independent datasets. As the primary, we had EHR data (N=9,793) 

collected from the University of Minnesota Medical Center (UMMC) and used them for 

model training and internal validation. As the secondary, we had claims and EHR data 

from the OptumLabs Data Warehouse (OLDW) (N=72,720)166 and used them for 

external validation. Because these datasets contained years of medical history of a large 

number of patients, they offered sufficient amounts of patient data and allowed us to 

examine multiple complications simultaneously. 
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Second, it was methodologically challenging to isolate the commonality from the 

entirety of a risk factor’s effect because, it is not distinguishable. Multi-Task Learning 

(MTL) is a technique to model multiple related outcomes by exploiting their 

commonality167,168. In our case, modeling progression to each individual complication is 

a modeling task, and these tasks are related because deterioration in overall metabolic 

health underlies them all. We used MTL to integrate these tasks and identify the 

commonality among them. This approach is tantamount to applying MTL in reverse: 

rather than exploiting the commonality across the outcomes towards improved predictive 

performance, we discard the commonality to reveal differential markers, risk factors that 

are specific to each complication. 

Considering that an accurate and timely prognosis for the patients often remains 

unsatisfactory119 and there is limited evidence available for clinical decision support, our 

methodology that improves the interpretation of predictions and generates more 

understandable clinical information will help prioritizing the outcomes and developing 

optimal individualized T2DM management. 

 

4.2 Methods and Materials 

4.2.1 Primary Dataset for Training and Internal Validation 

We used 10-year, de-identified EHR data (Jan 1, 2004-Dec 31, 2013) including 

inpatient, outpatient, and emergency department visits from the University of Minnesota 

Medical Center (UMMC), a main university hospital, located in Minneapolis, MN. From 
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the EHR data, we extracted patient demographics (age, gender), smoking status, vital 

signs (BP, pulse, and Body Mass Index BMI), lab results (HbA1c, lipid panel, 

Glomerular Filtration Rate GFR), three diagnoses comorbid to T2DM (dyslipidemia, 

hypertension, obesity), and six diagnoses of complications of interest: chronic kidney 

disease (CKD), acute renal failure (ARF), ischemic heart disease (IHD), congestive heart 

failure (CHF), peripheral vascular disease (PVD), and cerebrovascular disease (CVD). 

ARF is not usually associated with T2DM but involves organs or functions that are 

affected by T2DM. To demonstrate our proposed methodological validity, we 

intentionally included ARF as one of outcomes. We used 80% and 20% of UMMC data 

for model training and internal validation, respectively. 

 

4.2.2 Study Design and Cohort Selection 

We conducted retrospective cohort study. In UMMC data, we set up the study 

baseline at Jan. 1, 2010, collected patients’ 6-year medical history to create baseline 

patient characteristics, and followed them from baseline to Dec. 31, 2013, determining 

whether or not they developed any complication of interest (Figure 4-1). 
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None: No complication is developed; IHD: Ischemic Heart Disease; CKD: Chronic 

Kidney Disease; CVD: Cerebrovascular Disease; PVD: Peripheral Vascular Disease; 

CHF: Congestive Heart Failure; ARF: Acute Renal Failure 

Figure 4-1 Study Design 

Initially, we identified 22,946 adult T2DM patients based on ICD-9 codes. These 

patients were at least 18 years old at baseline, and they were generally diagnosed with 

T2DM within the 6-year period. When patients develop multiple complications, the 

effects of risk factors become conflated. Thus, we excluded 8,979 patients who already 

developed any of the complications before baseline and 914 patients who developed 

multiple complications during the follow-up period. This was because we wanted to start 

with simple data without such conflated effects and achieve our goal of examining the 

feasibility of our methodology able to separate the two roles. We excluded 1,152 patients 

who had no HbA1c measurements at all, 1,611 patients who had no BP, pulse, or BMI 
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measurements at all, 494 patients who had no lipids information at all, and 3 patients 

without any known smoking status, resulting in 9,793 patients.  

 

4.2.3 Second Dataset for External Validation  

For external validation, we used claims and EHR data from the OptumLabs Data 

Warehouse (OLDW), which includes de-identified claims data for privately insured and 

Medicare Advantage enrollees in a large, private, U.S. health plan, as well as de-

identified EHR data from a nationwide network of provider groups. The database 

contains longitudinal health information on enrollees, representing a diverse mixture of 

ages, ethnicities and geographical regions across the United States. The health plan 

provides comprehensive full insurance coverage for physician, hospital, and prescription 

drug services. The EHR data sourced from provider groups reflects all payers, including 

uninsured patients166. We extracted 10-year data (Jan 1, 2006-Dec 31, 2015) from the 

OLDW and identified 72,720 T2DM patients using the same study design (Figure 4-1) 

and selection procedure. 

 

4.2.4 Baseline Patient Characteristics in UMMC and OLDW Datasets 

Table 4-1 shows baseline patient characteristics in UMMC and OLDW datasets 

with variables available in this study. These variables represent risk factors and are used 

henceforth. UMMC patients had similar HbA1c but higher SBP and DBP compared to 

US adults with diabetes (HbA1c, SBP, and DBP are 7.2%, 131.5mmHg, and 69.4mmHg, 
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respectively.)169, and they had signs of established CKD based on GFR170. Compared to 

UMMC patients, OLDW patients were older and had better HbA1c, better lipids, better 

kidney function, but higher SBP and DBP.   

 

Table 4-1 Baseline Patient Characteristics in UMMC and OLDW Datasets 

Variable Description UMMC 
(N=9,793) 

OLDW 
(N=72,720) 

male Male  51 46 
age Age (years)  58±13 60±12 
never_smoker Non-smoker 56 45 
a1c HbA1C 7.2±1 7.0±1 
ldl LDL-cholesterol (mg/dL) 103±28 101±28 
hdl HDL-cholesterol (mg/dL) 44±12 46±12 
trigl Triglycerides (mg/dL) 172±90 169±117 
tchol Total-cholesterol (mg/dL) 181±34 179±34 
gfr Glomerular Filtration Rate 

(ml/min/1.73m2) 
58±32 76±27 

gfr_norm Normal Glomerular Filtration Rate 22 7 
bmi Body Mass Index (kg/m2) 34±7 34±8 
sbp Systolic Blood Pressure (mmHg) 127±11 131±11 
dbp Diastolic Blood Pressure (mmHg) 75±7 77±7 
pls Pulse (bpm) 76±9 77±9 
hyperlip Hyperlipidemia  81 86 
htn Hypertension  71 81 
obese Obesity (BMI > 30)  70 67 

 

4.2.5 Developing Multi-Task Learning Methodology 

Under our hypothesis, each risk factor played two roles. The first role quantified 

the extent to which the patient’s metabolic health had deteriorated, and the second role 

signaled which complication the patient was most likely to develop next. The first role 

was common across all complications (common effect), and the second role was specific 

to each complication (outcome-specific effect).  
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Formally, given a design matrix X that contained patients as rows and variables as 

columns, and t measuring time to event (complication or censoring), we simultaneously 

built the following six models, one for each complication c 

 	
@A: CA(/) = CD

A(/)exp(Xα)exp(IJA)

	
subject	to ‖R‖S ≤ US	and	

‖JA‖S ≤ UV

                                            Eq. (1) 

where CA(/) was the patient’s hazard of developing complication c at time t, CDA(/) was a 

complication-specific baseline hazard, C1 and C2 were user-defined thresholds, chosen 

via cross validation, and ‖. ‖S denoted the L-1 norm (LASSO-penalty). X contained all 

variables in Table 4-1 except T2DM-comorbidities (hyperlipidemia, hypertension and 

obesity) since their defining factors (lab results and vital signs) were included. 

Conceptually, each Dc model could be separated into two submodels as  

													CA(/) = {YD(/) exp(IR)}{YD
A(/) exp(IJA)}      Eq. (2) 

where the first submodel (with coefficients α) was a Cox model171 capturing the common 

effects, and the second submodel (with coefficients JA) was a Cox model capturing 

outcome-specific effects for each complication c. We called the first submodel General 

Progression Model and the second submodel Differential Progression Model.  

Since these two models used the same set of variables, coefficients α and JA were 

generally not identifiable (for each complication c, the effects of α and JA were not 

distinguishable). While the first of the two LASSO constraints in Eq. (1) simply induced 

sparsity in General Progression Model with the purpose of performing variables 
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selection, the second LASSO-penalty made Differential Progression Models identifiable 

as it shrunk JAcoefficients towards 0 forcing General Progression Model to explain as 

much of the variability as possible. We iteratively updated α and JA coefficients until 

they were stabilized (squared differences of coefficients between previous and current 

iterations were effectively zero). 

If the entirety of a variable’s effect was only general deterioration of the 

metabolic health, its JA would be exactly 0. Conversely, if	JA > 0, the variable increased 

the risk of complication c by JA	from R (harmful); and if JA < 0, it decreased the risk of 

complication c by JA	from R (protective). Therefore, non-zero JA coefficients identified 

differential markers; these were the risk factors that had effects beyond General 

Progression and enabled improved interpretation of progression to the most likely next 

complication. 

 

4.2.6 Internal and External Validation 

To determine the significance of α and JA coefficients, we performed 1,000 

permutation tests and calculated empirical p-values172. The key idea of permutation test 

was that variables were independent of randomly permuted labels; thus, coefficients of 

permuted labels were expected to have weaker associations than those of true labels. 

Then, the p-value of a coefficient could be calculated as the ratio of the number of 

permutation tests resulting in a stronger association to the total number of permutation 

tests. 
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We internally evaluated predictive performance of our models in 20% of UMMC 

data and externally evaluated it in OLDW data using concordance index (c-index), 

typically used to assess predictive performance of Cox models. In internal validation, we 

also performed 1,000 bootstrapping with sample size of 100% UMMC patients to obtain 

95% confidence intervals (95CIs). 

To demonstrate that we did not suffer a loss of performance due to our proposed 

MTL-based methodology, we compared predictive performance between ours and a 

reference methodology that built six independent models (LASSO-penalized Cox 

regression) for the six complications at a time. 

 

4.3 Results 

In this section, we are presenting results from our proposed methodology focusing 

on improved interpretation of risk factors and predictive performance in comparison with 

the reference methodology. 

 

4.3.1 Coefficients from Multi-Task Learning Methodology 

Figure 4-2 presents α and JA coefficients from General Progression and 

Differential Progression Models. The rows are the variables. The first column 

corresponds to α coefficients from General Progression Model and the remaining 

columns correspond to JA coefficients from Differential Models for each complication c. 

The interpretation of the coefficients is analogous to the regular Cox models: the 

exponent of a coefficient is the hazard ratio (HR) that the variable confers on the patient. 
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Figure 4-2 Coefficients from Multi-Task Learning Methodology 

 

For most variables (e.g., HbA1c, LDL) which higher values are associated with 

higher risks, if	α > 0, it indicates a harmful association; and if	α < 0, it indicates a 

protective association with General Progression. In Differential Progression, if	JA > 0, 

the variable increases the risk of complication c by JA	from R, making the variable more 

important (harmful effect becomes larger); and if	JA < 0, the variable decreases the risk 

of complication c by JA	from R, making the variable less important (harmful effect 

becomes smaller). There are also variables (HDL, GFR, normal GFR, and never smoker) 

which higher values are associated with lower risks; thus, the interpretation of their 

coefficients is opposite. For example, if α of GFR > 0, it means that higher GFR is 

protective of General Progression; if JA of GFR > 0, it indicates that higher GFR is more 

important in progression to complication c (prospective effect becomes larger). 
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To help detecting significant α and 	JA	coefficients, we visualized associations 

between variables and complications (harmful, protective, more important, and less 

important) and p-values (Figure 4-2). Coefficients with a circle are statistically 

significant, and those without are insignificant. Larger circles indicate smaller p-values 

(more significant). The exact p-values can be found in appendix Table A-1. 

As expected, most variables significantly predicted General Progression: HbA1c, 

triglycerides, total cholesterol, GFR, normal GFR, BMI, SBP, DBP, non-smoker, and age 

(Figure 4-2). Traditionally, higher DBP is known to be harmful. But, several recent 

studies showed that DBP was protective of cardiovascular disease especially for older 

adults75. We also found that DBP is protective of General Progression. General 

Progression Model was a latent model in the sense that it did not have an observable 

outcome; it described the extent of deterioration in overall metabolic health. These 

variables of General Progression were those that many studies found to be significantly 

associated with an increased risk of micro and macrovascular complications and all-cause 

mortality108,173. 

 

4.3.2 What is General Progression Model? 

We defined General Progression mathematically as the effects that were common 

across all the complications and explained that General Progression captured 

deteriorating overall metabolic health. As an alternative, we interpreted α coefficients as 

the log HR of progression to any complication. To illustrate this, we built a LASSO-

penalized Cox model that predicted the development of any complication (this model had 
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an event if a patient developed any complication) and compared coefficients from this 

model (Figure 4-3) with α coefficients from General Progression Model (Figure 4-2). We 

found that they were similar with respect to effect size, sign, and significance, and this 

suggested that General Progression could be indicative of progression to any 

complication. 

 

Figure 4-3 Coefficients for Risk of Development Any Complication 

 

4.3.3 Interpretation of Coefficients from Multi-Task Learning Methodology 

After achieving the overarching goal of our proposed methodology to separate 

common effects (α) and outcome-specific effects (JA)	of a risk factor, we examined if 

results and their interpretations from our models clinically made sense. Especially, we 

wanted to have some of them consistent with known facts because if they were not, the 

utility of our methodology could be in doubt. To demonstrate this, let us consider the role 

of HbA1c in progression to CKD and IHD as an example as it is commonly accepted 
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facts in practice: hyperglycemia is a key driver of microvascular complications (e.g., 

CKD), while dyslipidemia is a key driver of macrovascular complications (e.g., IHD)101.  

General Progression showed that a unit increase in HbA1c conferred a HR of 

1.039 (exp(.0385)) on all complications uniformly (Figure 4-2, row1, column1). 

However, higher levels of HbA1c ultimately affect the different complications 

differently. As mentioned, it is well-known that HbA1c is more predictive of CKD than 

IHD. Indeed, Differential Progression for CKD showed that a unit increase in HbA1c 

conferred an additional log HR of .0407 on patients, increasing the HR of CKD from 

1.039 to 1.0824 (exp(.0385+.0407) (Figure 4-2, row1, column2). 

It is also known that HbA1c is not as important in IHD as in CKD. Differential 

Progression for IHD showed that patients with higher HbA1c tended to suffer other 

(microvascular) complications. The log HR of IHD that a unit increase in HbA1c 

conferred on patients was negative, which decreased the HR of IHD from 1.039 to 0.9842 

(exp(.0385-.0544)) (Figure 4-2, row1, column4). What it means is that patients with 

higher HbA1c are more likely to progress to a complication than patients with lower 

HbA1c, and that complication is less likely to be IHD but more likely to be a 

microvascular complication such as CKD. That is, General Progression described the 

patient’s tendency to progress to a complication, and the Differential Progression helped 

to target which complication the patient is more likely to develop next. 
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4.3.4 Differential Markers of CKD, IHD, PVD and CHF 

To easily detect distinguishing patterns of differential markers, we visualized each 

of CKD, IHD, PVD and CHF as a series of spider plots174 in Figure 4-4. In a spider plot, 

variables are arranged as axes extending radially from a central point, and each 

observation makes a closed polygon connecting points on all of the axes. Emphasis is 

upon discerning the characteristic shapes of these polygons among observations, rather 

than extracting specific values.  

The interpretation of our plots is as follows. Each plot corresponds to a 

complication. Ten variables for vital signs and lab results construct individual axes, 

radially arranged around a center point. The JA cofficient of each variable is depicted by 

an anchor (node) on an axis. As higher values of HDL, GFR, and DBP are protective, the 

sign of coefficients of them are reversed only for visualization purposes. The same color 

encoding was used to identify significantly more or less important differential markers.  

For each variable, distance from the center indicates an increased risk. In each 

plot, a navy line connecting the JA coefficients represents Differential Progression, while 

a green line connecting zero on each axis conceptually represents General Progression, a 

reference for Differential Progression. By comparing these two lines on each axis, 

differential risk for complication c beyond or below General Progression is easily 

distinguished.  

As we focused on straightforward interpretation, we did not perform 

normalization; thus, the scales of the variables are not comparable with each other. What 



 

65 
 

is important is whether the navy line (Differential Progression) is outside or inside the 

green line (General Progression) on each axis. 

 

Figure 4-4 Characteristic Shapes of Differential Markers for CKD, IHD, PVD, CHF 

IHD, PVD, and CHF are well-known concomitant macrovascular complications. 

They share similar pathophysiology and are believed to have similar risk factors85. Given 

these facts, distinguishing among them without a methodology like ours is more difficult. 

In Figure 4-4, spider plots show distinguishing patterns of differential markers among 

these very similar diseases. In progression to IHD, LDL was more important; SBP, and 

lower DBP were less important75. In progression to PVD, SBP and lower DBP were more 

important; BMI was less important. In progression to CHF, lipid abnormalities were less 

important; BMI, pulse, and SBP were more important (irregular or fast pulse is one of the 

symptoms of CHF). 

    

4.3.5 Coefficients from Reference Methodology 

Figure 4-5 shows coefficients from reference models. The rows are the variables, 

and the columns are complications. If a coefficient > 0, it indicates a harmful association; 

and if a coefficient < 0, it indicates a protective association with a complication c. In 
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reference models, the two roles of a variable (α and JA coefficients) were not identifiable; 

thus, only the entirely of a variable’s effect was estimated, and the outcome-specific 

effect was masked. This was the motivation of our study and the key difference from our 

proposed methodology. To help detecting significant coefficients, we visualized the 

association between variables and complications (harmful and protective) and p-values. 

The exact p-values can be found in appendix Table A-2. 

 

Figure 4-5 Coefficients from Baseline Methodology 

 

4.3.6 Utility of Our Proposed Multi-Task-Learning Methodology  

To demonstrate clinical utility of our methodology in comparison with reference 

methodology, let us take ARF as an example. Although a major cause of ARF is not 

diabetes, reference models identified virtually all the variables to be predictive of ARF 

(Figure 4-5). While, Differential Progression Model for ARF showed that progression to 
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ARF was only associated with the underlying advanced metabolic deterioration (General 

Progression), and all the variables were not specific to ARF (Figure 4-2).  

Another example is CKD. Risk factors of CKD are well-understood. The 

reference model for CKD identified HbA1c (barely), GFR and age as significant risk 

factors, and they are indeed known risk factors. In fact, reference models identified age as 

a risk a factor for every complication; however, it is not that a patient is more likely to 

develop CKD just because he is older. Whereas, General Progression Model and 

Differential Progression Model for CKD suggested that older patients were more likely to 

have their metabolic health deteriorated than younger patients; and, age played no role in 

progression to CKD beyond General Progression. 

 

4.3.7 Internal and External Validation 

Table 2 presents predictive performance in C-Index of our MTL-based models 

and reference models. Generally, they achieved similar predictive performance. Minimal 

albeit statistically significant differences were only observed in complications with small 

number of progressing patients.  

For both, predictive performance was lower in external validation. UMMC data 

consisted of smaller number of patients from one healthcare system. Thus, they might be 

less representative of T2DM population than OLDW patients, or they might be 

subpopulation of OLDW patients. Also, patient characteristics differed fundamentally 

between them (Table 4-1). However, except CKD, C-Indices were still within 95CIs. 
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Table 4-2 Predictive Performance in C-Index (95CIs) 

 

Dataset Methodology CKD ARF IHD PVD CHF CVD 

Internal 
(UMMC) 

MTL .74 
(.73-.79) 

.58 
(.48-.82) 

.57 
(.52-.58) 

.75 
(.59-.80) 

.83 
(.70-.91) 

.75 
(.63-.78) 

Reference .74 
(.73-.79) 

.62 
(.48-.79) 

.57 
(.52-.58) 

.75 
(.60-.81) 

.84 
(.67-.91) 

.78 
(.65-.80) 

External 
(OLDW) 

MTL .71 .61 .53 .61 .73 .64 
Reference .71 .63 .53 .61 .74 .68 

 

4.4 Discussion 

Given that the effect of deteriorating overall metabolic health is common across 

all the complications, we hypothesized each risk factor had two roles: describing the 

extent of deteriorating overall metabolic health and signaling a particular complication 

the patient is progressing towards. We have successfully demonstrated that our proposed 

methodology separated these two roles of risk factors and revealed distinguishing 

patterns of differential markers. Also, we modeled multiple complications simultaneously 

by sharing their information; thereby, generating systematic and comprehensive 

interpretation of different roles of risk factors among various complications.  
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Our study has important strengths. First, we made more understandable 

predictions for clinicians by focusing on improved interpretability. Usually, high 

predictive accuracy is of key importance in prediction models. However, lack of clarity in 

the interpretation of predictions limits their usefulness in practice. Second, we externally 

evaluated predictive performance of our models, which were rarely done in other studies. 

Although the reference model did well or slightly better than our proposed model, the 

difference was minimal. So, we would say that we did not compromise predictive 

performance due to our proposed methodology. Third, our methodology is of high utility 

because it can be applied to other clinical conditions in which comorbidities matter. 

We have several limitations. When identifying cohorts, we excluded patients who 

developed multiple complications. Although this action limits the generalizability of our 

work, our primary interest was to demonstrate the feasibility and utility of our proposed 

methodology. Additionally, we excluded patients with unknown vital signs, lab results, 

and/or smoking status. We tested differences between final study cohort and these 

excluded patients. All variables except hdl, tchol, dbp, never_smoker, and age were 

significantly different, and the excluded patients were generally sicker. Thus, our study is 

subject to selection bias. But, ours was not to estimate the effect of a risk factor, in which 

addressing selection bias using imputation methods is critical, but to separate the entirety 

of the effect into common and outcome-specific effects. Lastly, we used variables easily 

obtained from EHR data. Many studies have found that T2DM is disproportionally 

affected by race, ethnicity and/or socioeconomic status175. Although they are very 

important risk factors, we mainly focused on modifiable risk factors.  
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When we build a model on large amounts of data, most variables become 

statistically significant; however, they may be clinically irrelevant. To impact 

individualized patient care, it is critical to develop enabling technologies that extract 

clinically useful information from the large amounts of data.  

Our future work is to extend this work to larger cohorts and overcome the 

limitations. If we can obtain reasonable levels of generalizability, we believe that our 

methodology will have significant potential to help clinicians prioritizing outcomes and 

making a more accurate prognosis for T2DM patients.  
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Chapter 5 Towards More Accessible Precision Medicine:  Building a 

More Transferable Machine Learning Model to Support Prognostic 

Decisions for Micro- and Macrovascular Complications of Type 2 

Diabetes Mellitus 

 

5.1 Introduction 

Machine learning holds great promise for precision medicine, providing a new 

way to generate evidence that enhances clinical practice guidelines with more 

personalized recommendations8. One disease that would immensely benefit from this 

approach is Type 2 Diabetes Mellitus (T2DM), a complex chronic disease that requires 

multifactorial risk-reduction strategies to prevent and manage clinically significant 

micro- and macrovascular complications176. In recent years, machine learning models 

have been increasingly developed for clinical decision support for T2DM patients, yet the 

adoption of these models into clinical practice remains limited17,19,20,177.  

 Most of these machine learning models are learned from a population in a single 

healthcare system, which narrows their applicability to that particular population. 

Machine learning models are developed on a training (or development) cohort and are 

expected to be applicable to the population from which the training cohort was drawn. If 

the model performs well on the population, the model is said to generalize well to that 

population; if it does not, the model is said to overfit the training cohort. Internal 

validation ensures that the model generalizes from the training cohort to the population 
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from which the training cohort was drawn. Most models today are trained on a cohort 

from a single healthcare system, are internally validated, and thus generalize well to the 

patients in the population of that healthcare system. However, when these models 

encounter patients who are not typical for that healthcare system but may be common in 

other parts of the nation, these models invariably fail. The uncertainty caused by the fact 

that the model may fail for a (possibly atypical) patient erodes the applicability of the 

model to clinical decision support, hindering the adoption of machine learning in clinical 

practice.  

In observational studies, external validation is considered the strongest evidence 

of the generalizability of a model. A model is said to be transferable to a different 

healthcare system if the model generalizes to the patient population in the target 

healthcare system. Thus, external validation ensures not only generalizability but also 

transferability. If the models were transferable, they would reliably apply to a much 

greater variety of patients, reducing the above uncertainty. Today’s models are rarely 

transferable; in fact, it has been shown that even the simplest decision-tree-based models 

require retraining when they are applied to patients in a different healthcare system178. 

Given the expectation that complex machine learning models will not be transferable, 

they are rarely externally validated144–146.  

In this paper, we aim to (1) demonstrate that even a complex machine learning 

model built on a nationally representative sample can be transferred to two local 

healthcare systems, (2) while a model constructed on a local healthcare system’s data will 
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be difficult to transfer to a different healthcare system; and (3) we discuss criteria for 

external validity. 

 

5.2 Methods and Materials 

5.2.1 Dataset 

We used three, independent, retrospectively collected datasets. The first dataset 

was nationally representative. It included 10-year claims and EHR data (Jan 1, 2006-Dec 

31, 2015) from the OptumLabs® Data Warehouse (OLDW)179,180, a database which 

includes de-identified claims data for privately insured and Medicare Advantage 

enrollees in a large, private, U.S. health plan, as well as de-identified EHR data from a 

nationwide network of provider groups. The database contains longitudinal health 

information on enrollees, representing a diverse mixture of ages, ethnicities and 

geographical regions across the United States. The health plan provides comprehensive 

full insurance coverage for physician, hospital, and prescription drug services. The EHR 

data sourced from provider groups reflects all payers, including uninsured patients 

(N=951,793 patients diagnosed with T2DM before Jan 1, 2011, an index date).  

The second and third datasets were from local healthcare systems. The second 

dataset was 8.5-year EHR data (Jan 1, 2008-Jun 30, 2016) from the University of 

Minnesota Medical Center (UMMC) in Minneapolis, MN (N=12,797 patients diagnosed 

with T2DM before Jun 1, 2011), a local healthcare system. The third dataset was 8-year 

EHR data (Jan 1, 2007-Dec 31, 2014) from the Mayo Clinic, Rochester (MCR), MN 

(N=5,479 patients diagnosed with T2DM before Jan 1, 2010), another local healthcare 
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system. All three datasets contained patients’ demographics, smoking status, diagnoses, 

lab results, vital signs including BMI, and prescription drug information.  

 

5.2.2 Cohort selection and study design 

The cohort selection criteria used to identify study cohorts is shown in Table 5-1, 

which resulted in 81,091 OLDW, 8,091 UMMC, and 2,247 MCR primary care patients 

with T2DM.  

This study was a retrospective cohort study. We established baseline 

characteristics of the OLDW cohort using 5 years of medical history (4 years for the 

UMMC and MCR cohorts) before the index date. From the index date, we followed the 

cohort for 5 years, determining their outcomes. When patients developed multiple 

complications during the 5-year follow-up period, we censored them after their first event 

occurred, so that we focused on the most likely complication that individual patients 

could develop next. 

Table 5-1 Cohort selection criteria (OLDW cohort)  

Description Patient (N) (%) 
Inclusion  
Patients w/ at least two encounters w/ diagnosis or history of 
T2DM during the 2-years before the index date (Jan 1, 2011)  

                915,739                  100 

Exclusion  
Patients w/ ICD-9 codes for T1DM, gestational diabetes, 
secondary diabetes, poisoning by hormones and synthetic 
substitutes, or other specified disorder of pancreatic internal 
secretion (source: HEDIS 2015 Diabetes Exclusions Value Set). 

 
-208,938=706,801 

77 

Patients w/ multiple DOBs or sex.   -22,037=684,764 75 
Patients whose age < 18 at as of the index date -178,581=506,183 55 
Patients w/o any record since the index date.   -36,359=469,824 51 
Patients w/o any HbA1c measurements at all before the index 
datea. 

-129,813=340,011 37 
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Patients w/o any SBP and DBP measurements at all before the 
index dateb. 

  -28,795=311,216 34 

Patients w/o any pulse measurements at all before the index date.   -65,150=246,066 27 
Patients w/o any BMI measurements at all before the index date.   -41,920=204,146 22 
Patients w/o any known smoking status before the index date.   -30,576=173,570 19 
Patients w/ ICD-9 codes for hyperlipidemia but no LDL, HDL, 
and Triglycerides measurements at all before the index date.  
Patients w/ ICD-9 codes for chronic kidney disease or chronic 
renal failure but no creatinine and GFR measurement at all 
before the index date.  

    -8,504=165,066 18 

Patients w/ indication of HTN (i.e. ICD-9 codes for HTN or 
abnormal SBP and DBP) but no drug records at all before the 
index date.  
Patients w/ indication of HLD (i.e., ICD9 codes for HLD or 
abnormal lipids) but no drug records at all before the index date.  

    -8,664=156,402 17 

Patients w/ shorter than 4-year follow-upc.   -31,075=125,327 14 
Patients whose minimum gap of two adjacent HbA1c 
measurements was larger than the 3-years before the index dated. 
Patients whose maximum gap of two adjacent HbA1c 
measurements was less than the 1-year before the index dated. 

  -44,236=  81,091   9 

Abbreviations: T2DM, Type 2 Diabetes Mellitus; T2DM, Type 1 Diabetes Mellitus; DOB, date of 

birth; SBP, Systolic Blood Pressure; DBP, Diastolic Blood Pressure; BMI, Body Mass Index; LDL, 

Low Density Lipoprotein; HDL, High Density Lipoprotein; GFR, Glomerular Filtration Rate; HTN, 

Hypertension; HLD, Hyperlipidemia; 
a If patients are diabetic, their HbA1c should be measured regularly. 
b If patients are diabetic, their blood pressure should be measured at every routine visit. 
c Although survival analysis effectively handles the censoring of patients, unequal follow-up among 

different complications may produce biased results. Also, since complications of T2DM develop 

over many years, we preferred observing a patient for at least 4 years. We found that the excluded 

31,075 patients had more pre-existing complications, worse lab results, and worse vital signs (long-

standing T2DM and/or less controlled health conditions) than the remaining 126,327 patients. 
d In an effort to identify active primary care patients, we loosely applied recommendations for the 

HbA1c test181. Specifically, we considered a diabetic patient as a primary care patient if he had at 

least two HbA1c tests with a maximum gap of at most 3-years, and a minimum gap of at least 1-

year during the baseline period. The excluded 44,236 patients were not different from the remaining 

81,091 patients in terms of mean baseline characteristics and outcome rates. This exclusion only 

reduced the variance of baseline characteristics.  
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5.2.3 Outcomes 

We considered six outcomes relevant to T2DM: ischemic heart disease (IHD), 

congestive heart failure (CHF), cerebrovascular disease (CVD), peripheral vascular 

disease (PVD), chronic kidney disease, with CKD representing earlier stages of chronic 

kidney disease and chronic renal failure (CRF) representing advanced chronic kidney 

disease or end-stage renal disease. Although CKD and CRF are generally considered the 

same clinical entity, the patient can take many years to progress from the earlier to the 

more advanced stages of CKD; thus, we defined them as separate outcomes. Outcomes 

were determined using billing diagnoses listed in Table 5-2. 

Table 5-2 ICD9-codes of outcomes (micro- and macro complications of T2DM 

Outcome ICD-9 Code 
Ischemic Heart Disease 
(IHD) 

410.*, 411.*, 412, 413.*, 414.0x, 414.2, 414.3, 414.4, 414.8, 414.9, 
V45.81, V45.82 

Congestive Heart Failure 
(CHF) 

428.0, 428.1, 428.2, 428.3, 428.4, 428.9 

Cerebrovascular Disease 
(CVD) 

431, 432.9, 436, 437.0, 437.1, 437.8, 437.9, V12.54, 433.*, 434.*, 
435.*, 438.* 

Peripheral Vascular 
Disease (PVD) 

440.2x, 440.4, 443.9, 445.89, 444.2x, 444.8x, 445.0x, 557.* 

Chronic Kidney Disease 
(CKD) 

585.1, 585.2, 585.3, 585.9 

Chronic Renal Failure 
(CRF) 

585.4, 585.5, 585.6, 586  

 

5.2.4 Overview of model development and validation 

Available variables and measurement methods could differ across healthcare 

systems. For example, HbA1c was only available in the UMMC dataset, while fasting 

plasma glucose (FPG) was only available in the MCR dataset. To externally validate our 

model against these two local datasets, we built model variants based on the different 
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datasets and measurement methods: variantOL.A1c, variantOL.FPG, variantUMMC, and 

variantMCR (Figure 5-1). For example, the variantOL.A1c is built on data from OptumLabs 

Data Warehouse (OLDW) using HbA1c. Due to the above availability constraints, the 

UMMC variant uses HbA1c and the MCR variant uses FPG. 

 

Figure 5-1 Overview of model development and validation 

 

The variantOL.A1c and variantOL.FPG were built on 80% of the nationally 

representative OLDW cohort, internally validated against the remaining 20% of the 

OLDW cohort, and externally validated against the entire UMMC and MCR cohorts, 

respectively. The variantUMMC was built on 80% of the local UMMC cohort, internally 

validated against the remaining 20%, and externally validated against the entire MCR 

cohort. Likewise, the variantMCR was built on 80% of local MCR cohort, internally 
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validated against the remaining 20%, and externally validated against the entire UMMC 

cohort. We used the concordance index (C-index)182 as a performance measure and 

followed 183 to convert between HbA1c and FPG.  

 

5.2.5 Internal Validation 

We calculated the C-index for each model variant and complication pair on its 

internal validation cohort (20% cohort). To construct 95% confidence intervals (95CIs) of 

the C-index, we performed bootstrapping on its entire cohort with 500 iterations. In each 

iteration, we built the model variant on the bootstrap sample and calculated the C-index 

for each of the outcomes on the Out-of-bag (OOB) sample (which was not used for 

building the model). Using the C-indices from the 500 OOB samples, we finally 

constructed 95CIs for each outcome. Validation was considered successful if the C-index 

of the model variant on the internal validation cohort fell into the 95CIs. 

 

5.2.6 External Validation 

In external validation, we examined whether a model variant built on one cohort 

was validated on a different (external) cohort. We defined successful validation as (i) the 

model variant achieved non-random C-index (C-index is statistically significantly 

different from .5), (ii) the C-index of the model variant on the external cohort fell into the 

95CI of the training C-index (computed during internal validation), and (iii) the 

significant coefficients in the model variant being validated had the same effect directions 

as a model variant built on the external cohort. 
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5.2.7 Modeling Method  

The model variants we evaluated in this study were developed using our 

previously published Multi-Task Learning (MTL)-based methodology184. This 

methodology learns the six outcomes simultaneously by extracting a variance component 

that is common across all outcomes and isolating variance components that are specific to 

the individual complications. We call the common component the General Progression 

model and the individual components as Differential Progression models. The result of 

the procedure is seven Cox proportional hazard regression models: one for the General 

Progression and one for each of the six outcomes. We will discuss the interpretation of 

the coefficients in the results section. 

We deliberately chose a relatively complex model with a latent outcome (the 

General Progression) to demonstrate that even models of this complexity could be 

externally validated. 

 

5.3 Results 

5.3.1 Baseline characteristics of the OLDW, UMMC, and MCR cohorts  

Table 5-3 shows baseline characteristics of the OLDW, UMMC, and MCR 

cohorts. Univariate cohort differences were tested using ANOVA for continuous 

variables or Chi-square tests for categorical variables. Although p-values were adjusted 

by the Bonferroni correction, significant differences among the cohorts were found in 

most variables. Significant coefficients (Bonferroni corrected P £ .001) are marked with 

an asterisk ‘*’. 
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Table 5-3 Baseline characteristics of the OLDW, UMMC, and MCR cohorts 

Variable OLDW 
(N=81,091) 

UMMC 
(N=8,091) 

MCR 
(N=2,247) 

P-value 

Age (year)  60.4±9.7a 62.6±11.3 61.9±12.9 <.001* 
Male (%) 48 49 51 .006*     
Census Region (%)      
 South (reference) 43   N/A 
 Midwest 41 100 100 N/A 
 Northeast 6   N/A 
 West 8   N/A 
 Unknown 2   N/A 
Smoking Status (%)      
 Never Smoker 22 43 12 <.001* 
 Former Smoker 61 25 71 <.001* 
 Current Smoker 17 32 17 <.001* 
Lab Results     
 HbA1c (%)  7.1±1.2 6.9±1.1 N/A 1.000*     
 FPG (mg/dl)  116.34±43.0 N/A 131.9±19.0 <.001* 
 LDL (mg/dl) 96.4±29.2 96.6±28.7 103.9±23.9 0.145* 
 HDL (mg/dl) 44.7±12.4 42.9±12.3 43.9±10.6 <.001* 
 Triglycerides (mg/dl)  173.7±118.2 178.7±120.5 199.3±98.5 <.001* 
 Missing LDL 0.6 1.4 0.0 <.001* 
 Missing HDL 0.6 1.5 0.0 <.001* 
 Missing Triglycerides 0.6 1.3 0.0 <.001* 
 GFR (ml/min/1.73m2) 93.1±20.6 74.1±16.5 54.8±14.3 <.001* 
 Normal GFR (%)b 0.4 0.4 4 <.001* 
Vital Signs     
 BMI (kg/m2) 34.7±7.5 34.0±7.0 34.1±7.0 <.001* 
 SBP (mmHg) 130.1±11.3 127.1±10.3 133.4±12.4 <.001* 
 DBP (mmHg) 75.8±7.2 73.8±6.8 73.4±8.6 <.001* 
 Pulse (bpm) 76.7±9.0 75.7±8.8 77.7±9.7 <.001* 
Pre-Existing Complicationsc      
 IHD 22 22 37 <.001* 
 CHF 7 8 5 <.001* 
 CVD 11 10 14 <.001* 
 PVD 8 7 20 <.001* 
 CKD 9 15 18 <.001* 
 CRF 3 2 8 <.001* 
Severity of HTN, HLD, and DM (%)  
 HTN      
  No indication of HTN 

(No Dx, normal SBP and 
DBP, and no HTN drug) 

7 8 8 .008* 
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  Untreated HTN (presence 
of Dx, or abnormal SBP 
or abnormal DBP but 
HTN drug) 

5 5 5 .655* 

  At most two HTN drugs  49 44 58 <.001* 
  At least three HTN drugs 

and controlled HTN 
(normal SBP and DBP) 

28 36 17 <.001* 

  At least three HTN drugs 
but uncontrolled HTN 
(abnormal SBP or DBP) 

11 7 12 <.001* 

 HLD      
  Cholesterol drug use 78 87 83 <.001* 
 DM      
  Metformin only 33 41 25 <.001* 
  Monotherapy except 

Metformin or 
combination therapy 
without insulin  

37 32 35 <.001* 

  Insulin 30 26 40 <.001* 
Drug (%)      
 Aspirin  29 38 NA  
 HTN Drug      
  ACEI or ARB 76 76 79 .009* 
  Diuretic 55 57 13 <.001* 
  Beta Blocker 43 53 54 <.001* 
  Calcium Channel Blocker 29 29 31 .062* 
  Other 6 5 3 <.001* 
 Cholesterol Drug      
  Statin 76 86 79 <.001* 
  Fibrate 15 18 17 <.001* 
  Other 7 24 15 <.001* 
 Diabetes Drug      
  Metformin 72 69 71 <.001* 
  Alpha-Glucosidase 

Inhibitor 
0.4 0.4 0 .408* 

  Amylin 0.4 0.3 0 .750* 
  Meglitinide 1 2 2 .001* 
  Incretin 7 7 4 <.001* 
  Sulfonylurea 41 41 52 <.001* 
  Thiazolidinedione 25 26 21 <.001* 
  DDP4 Inhibitor 14 5 5 <.001* 
  Insulin 30 26 39 <.001* 
  Other 2 1 1 <.001* 
Drug Missingness (%) 
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 No HTN, Cholesterol and 
DM drug info 

0.1 0.1 0.1 .062* 

Abbreviations: FPG, Fasting Plasma Glucose; LDL, Low Density Lipoprotein; HDL, High Density 

Lipoprotein; GFR, Glomerular Filtration Rate; BMI, Body Mass Index; SBP, Systolic Blood 

Pressure; DBP, Diastolic Blood Pressure; IHD, Ischemic Heart Disease; CHF, Congestive Heart 

Failure; CVD, Cerebrovascular Disease; PVD, Peripheral Vascular Disease  Chronic Kidney 

Disease; CRF, Chronic Renal Failure; HTN, Hypertension; HLD, Hyperlipidemia; DM, Diabetes; 

Dx, Diagnosis; ACEI, Angiotensin-Converting Enzyme Inhibitor; ARB, Angiotensin Receptor 

Blocker; DDP4, Dipeptidyl Peptidase 4. 
a Data are presented as mean ± standard deviation unless otherwise indicated. 
b N/A indicates not applicable 
c This indicates % patients with no Dx of CKD, creatinine or GFR measurements at all prior to 

index date. We considered them to have normal kidney function. We imputed zero for these patients’ 

GFR.  
d When patients had already presented with outcome complication(s) on the index date, we called 

them pre-existing complications.  

 

5.3.2 Cumulative hazard curves  

Figure 5-2 presents the cumulative probabilities for developing each of the 

complications in the OLDW (median follow-up: 4.95-year), UMMC (median follow-

up:4.83-year), and MCR (median follow-up:4.81) cohorts. As for major differences, the 

UMMC cohort showed higher incidence of CKD and IHD; and the MCR cohort showed 

higher incidence of CKD, PVD, and CHF, compared to the OLDW cohort. 
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Figure 5-2 Kaplan-Meier curves of the Nelson-Aalen Estimator for the OLDW, 

UMMC, and MCR cohort 

 

5.3.3 Description of the Model 

Table 5-4 presents coefficients in log hazard ratio (HR) resulting from 

variantOL.A1c. The first column corresponds to the General Progression model and the 

remaining columns correspond to the Differential Progression models. Significant 

coefficients (Bonferroni corrected P £ .001) are in the colored cells (red for harmful, blue 

for protective, orange for more important, and light blue for less important) . To show 

how to interpret them, let us consider HbA1c. HbA1c increases the risk of progressing to 

any complication by a HR of 1.08(=exp(0.0740)) (Table 4, row 4, column 1), and it 

further increases the risk of progressing to CKD by a HR of 1.03(=exp(0.0360)) (Table 4, 

row 4, column 6). Most effect directions coincide with what is reported in the relevant 

literature (RCTs and prospective cohort studies)61,63,72,73,75,185. A more detailed 

description of how to interpret the coefficients can be found in our previous work184.  
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Table 5-4 Coefficients in log hazard ratio from variantOL.A1c 

 

 

5.3.4 Performance Evaluation 

Table 5-5 shows that C-indices of the various model variants predicting the 

outcomes on the three data sets. We report the C-indices on validation cohorts and the 

95CIs of the validation performance in parentheses. Rows 1-4 correspond to internal 

validation and rows 5-8 to external validation. 
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Table 5-5 Predictive performance measured by the C-index 

 

Row 
Validation 

Type 
Validation 

Dataset 
Model 

Variant IHD CHF CVD PVD CKD CRF 

1 

Internal 
 

OLDW 
variantOL.A1c 

.74 
(.73-.87) 

.81 
(.73-.87) 

.74 
(.73-87) 

.75 
(.73-87) 

.80 
(.73-87) 

.86 
(.73-.87) 

2 variantOL.FPG .75 
(.73-.87) 

.81 
(.73-.87) 

.74 
(.73-.87) 

.74 
(.73-.87) 

.81 
(.73-.87) 

.87 
(.73-.87) 

3 UMMC variantUMMC .73 
(.71-.94) 

.80 
(.71-.94) 

.75 
(.71-.94) 

.73 
(.71-.94) 

.80 
(.71-.94) 

.92 
(.71-.94) 

4  MCR variantMCR .78 
(.70-.94) 

.82 
(.68-.95) 

.73 
(.68-.94) 

.75 
(.70-.94) 

.76 
(.70-.94) 

.90 
(.70-.95) 

5 

External 
UMMC 

variantOL.A1c .73 .76 .75 .75 .79 .92 
6 variantMCR .62 .73 .67 .70 .74 .90 
7 

MCR 
variantOL.FPG .73 .76 .73 .74 .75 .92 

8 variantUMMC .69 .75 .69 .68 .68 .89 
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In internal validation, all model variants showed very similar predictive 

performance (C-indices: .73 to .92) (row 1-4 in Table 5-5). All models were successfully 

validated: for all variant-outcome pairs, the validation performance fell into the 95CIs, 

indicating the overfitting did not occur. While all performances were high, variantOL.A1c 

and variantOL.FPG built on the national cohort showed much narrower 95CIs than 

variantUMMC and variantMCR built on the local cohorts. Given the large sample size, this is 

expected.  

In external validation, all models achieved non-random performance (first 

criterion). When variantOL.A1c and variantOL.FPG (built on the nationally representative 

cohort) were applied to local cohorts, they still performed well (.73-.92) (row 5,7); in 

fact, they performed as well as variantMCR and variantUMMC in their own populations (row 

3,4), satisfying the second criterion of external validation. In contrast, the performance of 

variantMCR and variantUMMC reduced substantially when applied to each other’s healthcare 

system (.62-.90) (row 6,8) with C-index outside the internal validation CI for IHD, CVD, 

PVD (only for the variantUMMC) and CKD (only for the variantUMMC) thus failing external 

validation.  

 

5.3.5 Consistency of the effect directions for significant coefficients among variants  

The third criterion for external validation is that we required the significant 

variables of the model to have the same effect directions in the validation sets. 

Specifically, we wanted to observe the same effect directions of variables between 

variantOL.A1c and variantUMMC, and between variantOL.FPG and variantMCR. So, we 
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visualized coefficients of modifiable clinical variables in the Differential Progressions—

individual complication- specific effects—identified by each variant (Figure 5-3).  

The cells of only significant coefficients (Bonferroni corrected P £ .001) were 

colored where orange cells indicate the variables that are significantly more important in 

determining progression to a particular outcome than in the General Progression (i.e. 

progression to any of the seven diseases) and light blue cells indicate the variables that 

are significantly less important in progression to a particular outcome than in the General 

Progression. Unless we observed symbols with different colors for a variable between the 

variant pair of comparison, we considered the role of the variable to be consistent 

between the variant pair. Statistically insignificant roles without a symbol were not 

counted as evidence of being inconsistent. We found that the effect directions of all the 

variables to be consistent. 

 

Figure 5-3 Consistency of the effect directions of significant Differential Markers 

among variants 
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5.4 Discussion 

In healthcare, the generalizability of study results has always been emphasized 

as evidenced by various reporting standards for clinical trials186, observational studies187, 

diagnostic and prognostic studies188,189, and meta-analyses190,191. Detailed and transparent 

reporting is very helpful to objectively evaluate the generalizability of models developed 

for clinical applications; however, merely following them does not guarantee that the 

resultant model is generalizable or transferable. For example, we followed the reporting 

guidelines (the TRIPOD statement 189) with our models, yet the models constructed on 

local data sets failed external validation. In this work, we stress the importance of 

external validity. 

External validity. The concept of external validity is complex and not easily 

formalized192. The terms external validity, generalizability, transferability, and 

applicability are often used interchangeably with overlapping meanings. Even the criteria 

for external validation are undefined. In the vast majority of machine learning literature, 

predictive performance is predominantly used as a criterion for external validity 193,194, 

although in clinical applications, external validity could, in theory, include clinical 

findings such as risk factors. Complex machine learning models tend to be challenging to 

interpret195–198. For such models, making clinical findings part of the validity criterion is 

impractical, hence the vast dominance of validation based on predictive performance. In 

our work for the prognosis of complications of T2DM, the model was interpretable and 

thus we used a compound criterion including predictive performance and common 

significant risk factors. 
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Another challenge to incorporating risk factors into the external validation is 

posed by institutional policies, which can influence available variables for study: some 

variables may only be available in certain healthcare systems and not in others. For 

example, health disparity related variables are highly predictive175,199,200 but not 

commonly collected in routine practice. Although one healthcare system may build a 

model using those variables, the unavailability of the variables will render the models 

impractical in many other healthcare systems. 

Dangers of ignoring external validity. It could be argued that as long as a model is 

only applied to a patient population on which it was developed (e.g. the model is never 

transferred to a different healthcare system), internal validity is sufficient. This is not 

necessarily true. We already mentioned that a model that overfits a particular healthcare 

system will have difficulty making a prediction for a patient who is atypical in that 

particular healthcare system, but common in other parts of the nation.  

Institutional and administrative policies can vary among healthcare systems and 

change anytime. Most models for clinical applications are based on patient and disease 

characteristics; however, the policies can influence patient outcomes in a way that is not 

determined by patient and disease characteristics192. Besides physiological factors, 

models will implicitly incorporate the effects of institutional policy, as well. The 

institutional policies could suddenly change and render the model inaccurate. External 

validation can help at least detect the presence of such policies; using a nationally 

representative cohort collected over multiple provider networks can help marginalize 

such institution-specific effects.  
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Large samples. The use of small sample sizes, such as data from a single 

healthcare provider, may lead to optimistic predictive performance and limited 

generalizability22,201. Another factor that may have contributed to the lack of external 

validation is the high cost of obtaining a high-quality external validation set. An 

argument can be made that a better use of high-quality external data sets would be to add 

them to the training data to increase the sample size and decrease the effects of 

institutional policies rather than using them for external validation. In our work, with a 

nationally representative cohort in hand, we prioritized external validation and we used 

our two external cohorts as validation cohorts. These cohorts have baseline characteristics 

and outcome incidence rates that are fairly different from our training cohort, which 

makes our external validation more robust. 

Limitations. Many patients were excluded due to missing lab results and vital 

signs measurements, which we did not impute. If patients are diabetic, they are supposed 

to receive routine check-ups or have access to primary care in order to have lab tests and 

their vital signs measured. Hence, for patients who did not have any HbA1c or blood 

pressure measurements at all during the 5-year baseline period, we were uncertain as to 

whether or not we could establish their baseline characteristics correctly; thus, they were 

excluded.  

Summary. We demonstrated that even a complex machine learning model can be 

successfully externally validated when it is constructed on a nationally representative 

large data set collected from multiple providers. Having a nationally representative data 

set allows the model to capture patients who may be atypical in certain parts of the 
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nation, but common in others. It can also help marginalize institutional policies that could 

suddenly change, and render a model trained in a single institute inaccurate. Conversely, 

we have also demonstrated that models built in a single local healthcare system did not 

transfer to a different healthcare system. Given the current status quo of machine learning 

models being built on local healthcare systems and not being externally validated, their 

robustness can be questioned. We advocate for external validation for machine learning 

models to make them more robust, which will undoubtedly help in their adoption for 

clinical decision support. 

 

5.5 Conclusions 

Our modeling approach, in which a model is learned from a nationally 

representative cohort and is externally validated, can facilitate the production of a more 

generalizable and transferable model, thus allowing for precision medicine to be more 

accessible and to become a reality. 
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Chapter 6 Face Validation of the MTL-based Models 

 
As a part of our last study described in Chapter 5, we conducted extensive 

literature review to examine whether interpretation of modifiable clinical factors 

identified by our MTL-methodology applied to the national cohort were consistent with 

the best available clinical evidence or beliefs (i.e., face validation202). Due to the strict 

word count restriction, we were not able to include this section into the manuscript so 

present it separately in this chapter. 

The directions of associations between the variables and General Progression are 

in agreement with conclusions from other numerous studies50,66,74,78,79, however 

Differential Markers (i.e., outcome-specific risk factors) are more explicit about 

explaining the various roles of their corresponding variables. For instance, although an 

extensive body of evidence has shown that higher LDL is harmful for IHD72,73, CVD70, 

and CKD60,61, our model shows that LDL is particularly more harmful for IHD and CVD 

and less harmful for CKD. As for HDL, our model explained that higher HDL protects 

patients against complications in general (e.g., IHD73, PVD79, and CKD60) and 

particularly against IHD. 

Also, a large body of evidence has shown that higher HbA1c significantly 

indicates progression to all the outcome complications51–61. However, based on our 

findings, indeed, HbA1c signals only CKD; its effect on the development of other 

complications is totally explained by General Progression. Given the different pathogenic 

mechanisms of micro- and macrovascular complications101,203, our interpretation of 



 

93 
 

various roles for LDL, HDL, and HbA1c depending to individual complications seem to 

be consistent with the current clinical understanding.  

The most recent evidence suggests that age-related hemodynamic changes 

influence the associations between blood pressure indices and cardiovascular risk75,204,205. 

Our model shows that lower DBP, higher SBP, and higher pulse are harmful for General 

Progression, consistent with recent study findings in patients older than 59-years75,77,206. 

Moreover, our model identifies pulse as a Differential Marker for IHD and CHF but not 

for CVD, also consistent with existing study results demonstrating such hemodynamic 

changes occur more frequently in cardiac than cerebrovascular diseases185,206–209.  

Even in cardiovascular diseases, our model further distinguishes the role of pulse 

between IHD (less harmful) and CHF (more harmful), suggesting that if patients with 

higher pulse progress, IHD is less likely but CHF is more likely to occur. Lower DBP and 

higher pulse are recognized characteristics of PVD206, and uncontrolled blood pressure 

indices are leading indicators of CRF206, consistent with their distinguishing patterns in 

Figure 1-1. 

The impact of BMI on clinical outcomes in T2DM patients is somewhat 

controversial in that its impact can be both protective (CVD, advanced CKD stages 3-568, 

renal impairment61, and all-cause mortality64–67) and harmful (IHD62, CHF63, and micro- 

and microalbuminuria60,61,69). And the roles of BMI we found are consistent with these 

results (Figure 6-1).  

The interpretation of these plots in Figure 6-1 is as follows. Each plot represents a 

complication; axes are clinically modifiable variables; a darker polygon is drawn 
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connecting the coefficients in Differential Progression (Table 5-4) depicted by anchors on 

axes; as higher HDL, GFR, and DBP are protective, the sign of their coefficients is 

reversed only for visualization purpose. Thus, the correct readings of the axes of these 

variables are lower HDL, lower, GFR, and lower DBP. 

 
Figure 6-1 Distinguishing patterns of modifiable clinical Differential Markers 
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Chapter 7 Summary and Conclusions 

 

7.1 Summary of studies 

This dissertation documents our effort to reduce the gap between the promise and 

the reality of precision medicine in the management of T2DM. I successfully achieved all 

of the specific aims laid out in Chapter 1.3. 

The first study aimed to develop a semi-supervised divisive hierarchical clustering 

algorithm for a subpopulation-based T2DM risk model. In this work, I identified 

subpopulations (clusters) that possessed different risk factors, risks, and time-to-

progression and behaved differently from the general population. Also, the clustering 

which incorporated interactions among the risk factors, outperformed an additive 

statistical model (i.e., the Framingham score). By assigning each patient to a single 

subpopulation in a clustering, it obtained enhanced interpretability.  

 The second study aimed to develop a Multi-Task Learning (MTL)-based 

methodology that separated the overall deterioration of metabolic health from progression 

to specific complications utilizing large amounts of EHR data. My proposed 

methodology was able to separate the hypothesized two roles of the risk factors, offering 

an unprecedentedly detailed view on the progression to each individual complication. 

Also, the improved interpretability did not come at the cost of compromising predictive 

performance. 

The third study aimed to demonstrate the transferability of the models constructed 

using the proposed approach, in which a model was learned from a nationally 
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representative cohort and was externally validated on two local health systems data. I 

systematically quantified and compared the external validity of a national model and 

locally constructed models with respect to a range of criteria for external validity. By 

demonstrating that the locally constructed models were difficult to transfer and 

discussing issues related to external validity, I successfully raised the awareness of the 

importance of external validity. 

 

7.2 Contribution to Health Informatics and Medicine 

 My thesis work offers contributions to the fields of health informatics and 

medicine through (i) improved hypothesis generation, (ii) improvements to clinical 

research methodologies and (iii) the translational potential of the findings. 

 Improved hypothesis generation. Against the backdrop of contradictory evidence 

from RCTs, my studies can improve hypothesis generation for clinical research. As for 

the first study, among subpopulations identified by my semi-supervised divisive 

hierarchical clustering, one can identify subpopulations with specific risk factors that may 

benefit from an alternative management approach. Additionally, since my clustering 

offers fine control over the granularity of the clustering, researchers can explore the entire 

cluster hierarchy by drilling down for further details to discover clinically interesting 

subpopulations. Considering the heterogeneity of T2DM patients, the clustering 

algorithm’s ability to identify clinically meaningful subpopulations will definitely help in 

improving hypothesis generation to maximize clinical benefits for that targeted 

subpopulation.  
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The roles of risk factors elucidated by my MTL-based methodology can also help 

hypothesis generation. After proving the feasibility of the methodology in the second 

study, I applied the methodology to a nationally representative dataset and 

comprehensively examined whether the identified roles of risk factors coincided with the 

best available clinical evidence or beliefs (Chapter 6) in the third study. My study 

findings and the results of the face validation can help improving hypothesis generation 

to develop therapeutic strategies for T2DM patients with multiple potential outcomes. 

 Improvements to clinical research informatics methodologies. My studies 

improve the state of the art in clinical research. My proposed algorithms and 

methodology not only retained key advantages of modern machine learning techniques 

but also added their own advantages. In the first study, my clustering algorithm 

demonstrated the ability to automatically discover interactions among risk factors 

seamlessly incorporating them into the model (clustering) and showed high predictive 

performance, originally proven as benefits of the ARM-based models. On top of that, the 

clustering obtained improved interpretability by eliminating the redundancy, known to be 

a shortcoming of the ARM-based models.  

Regarding the second study, most studies aiming to model the progression to 

complications of T2DM focused on a single complication, thus the commonality was not 

identifiable and the distinction of the two roles were lost. With the large amounts of EHR 

data containing survival outcomes of six individual complications, my MTL-based 

methodology that learned the progression to various individual complications 

simultaneously was able to extract the commonality; thereby, revealing outcome-specific 
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effects. Also, the methodology did not compromise predictive performance due to the 

improved interpretability. 

In the third study, I noticed that most machine learning studies tended to focus on 

model development but omitted external validation, failing to prove that the models 

capture universal physiological facts that hold true anywhere rather than simply learning 

local artifacts that are only true at a particular locale and could change at any time. This 

limits the practical utility of these models. I made considerable effort to present concrete 

strategies for model development that result in a transferable machine learning model and 

to demonstrate the external validity of this model using three independent big datasets. 

Translational potential of the findings. Results from my studies may have 

significant translational potential for evidence-based practice and precision medicine. 

While machine learning models are increasingly being developed for clinical decision 

support for T2DM patients, the adoption of these models into clinical practice remains 

limited. I believe that the lack of clinical usefulness and evidence on transferability are 

the key impediments to the adoption so attempted to overcome the impediments. First, I 

focused on useful clinical findings (i.e., subpopulations and outcome-specific risk 

factors) but not typical findings (e.g., HbA1c increases the risk of T2DM). Second, I 

emphasized both predictive performance and interpretability in my modeling tasks. Third, 

I put effort into not only developing machine learning models but also into generating the 

evidence of external validity or transferability, which is another factor that can 

undoubtedly help the acceptance of machine learned models. 
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The second point is very pertinent to modern black-box models. Although the 

predictive performance of some machine learning models is adequate and in some areas 

may even surpass humans93, high performing models are typically black-box models. 

They make decisions in a way that is not interpretable and thus engenders little clinician 

trust. Recently, the machine learning community itself has raised questions about the 

interpretability of their methods, and some recommendations on how to make them more 

interpretable have emerged195–197,210. I focused on the interpretability, because I believe 

that it will help to increase clinicians’ acceptance of our models195–198.  

 With respect to contribution to medicine, I believe the ability of generating 

clinically useful hypotheses, and even evidence itself, using big data, and machine 

learning techniques will complement the current evidence-based approach, enhancing 

current clinical practice guidelines. 

 

7.3 Conclusion 

 The availability of reliable clinical evidence is critical for clinicians to make the 

right decision and produce high-quality results in healthcare delivery. In all of my work, I 

studied big data and machine learning techniques for the clinical applications in T2DM, 

which could potentially be transformed into intelligent decision support tools. My 

methods produce findings that coincide with evidence (when evidence exists), are 

interpretable, and can be externally validated. Such reliable and intelligible findings when 

implemented in decision support are the cornerstone of learning health care systems. 

Incorporating clinical expertise, scientific evidence, and patient preferences, such 
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intelligent decision tools will help ensuring that patients and clinicians have the 

information and tools they need to make informed and right decisions in patient care.   
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