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Abstract

Background: The Longitudinal Epidemiologic Assessment of Diabetes Risk (LEADR) study 

uses a novel Electronic Health Record (EHR) data approach as a tool to assess the epidemiology 

of known and new risk factors for type 2 diabetes mellitus (T2DM) and study how prevention 

interventions affect progression to and onset of T2DM. We created an electronic cohort of 1.4 

million patients having had at least 4 encounters with a healthcare organization for at least 

24-months; were aged ≥18 years in 2010; and had no diabetes (i.e., T1DM or T2DM) at cohort 

entry or in the 12 months following entry. EHR data came from patients at nine healthcare 

organizations across the U.S. between January 1, 2010–December 31, 2016.

Results: Approximately 5.9% of the LEADR cohort (82,922 patients) developed T2DM, 

providing opportunities to explore longitudinal clinical care, medication use, risk factor 

trajectories, and diagnoses for these patients, compared with patients similarly matched prior to 

disease onset.
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Conclusions: LEADR represents one of the largest EHR databases to have repurposed EHR 

data to examine patients’ T2DM risk. This paper is first in a series demonstrating this novel 

approach to studying T2DM.

Implications: Chronic conditions that often take years to develop can be studied efficiently using 

EHR data in a retrospective design.

Level of evidence: While much is already known about T2DM risk, this EHR’s cohort’s 160 

M data points for 1.4 M people over six years, provides opportunities to investigate new unique 

risk factors and evaluate research hypotheses where results could modify public health practice for 

preventing T2DM.

Keywords

Chronic disease; Diabetes mellitus; Epidemiologic methods; Epidemiologic research design; Big 
data; Electronic health records; Public health informatics; Public health practice

1. Introduction

Diabetes is the seventh-leading cause of death in the United States (U.S.), and is a large 

economic burden on the U.S. healthcare system – approximately $327 billion in 2017.1 An 

estimated 12.2% of the U.S. adult population, or 30.2 million adults, has either diagnosed 

or undiagnosed diabetes, 95% of which is type 2 diabetes mellitus (T2DM).2 A further 84 

million Americans have prediabetes.2 From other reported research, up to 70% of Americans 

with prediabetes will eventually develop T2DM.3

Electronic health records (EHRs) from healthcare organizations provide patient-level data 

that complement national survey data in building a complex picture of the epidemiology 

of T2DM risk.4 The availability of longitudinal clinical data for a large and diverse EHR-

based cohort provides opportunities to track progression to T2DM.5 Patient demographics, 

medical history, physical examination, laboratory testing, and medication data from EHRs 

can help identify incident cases of diabetes and its subtypes. Reviews of the frequency 

and completeness of recommended tests, prescriptions, screening, and treatment goals can 

help assess the quality of diabetes care delivery. Analysis of family history, demographics, 

body mass index (BMI), smoking status, prescriptions, diagnoses, and procedures aids 

in identifying diabetes risk factors, microvascular and macrovascular complications, and 

comorbidities. While healthcare organizations are primarily focused on clinical treatments 

and patient outcomes, their databases are rich with information that can be repurposed 

to investigate epidemiologic patterns and prevention strategies. Despite these advantages, 

only a few studies, such as SUPREME-DM,6 have focused on analyzing risk of developing 

T2DM using EHRs.

The goals of LEADR are to: build a robust, standardized database using EHRs; examine 

a patient’s risk profile prior to the onset of elevated glycemia; identify risk factors 

for progression to elevated glycemia; examine changes in risk factors over time and 

corresponding changes in clinical outcomes; and create a dynamic risk profile for patients 

to assess their individual risk status for developing T2DM. This manuscript describes the 

architecture of LEADR and establishes this landmark database.
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2. Methods

2.1. Healthcare organizations

In creating an improved EHR data repository for research, we partnered with healthcare 

organizations including primary care and multispecialty integrated delivery systems with 

ambulatory and inpatient components located across the U.S. These clinical sites were 

aggregated to represent four regions: Northeast (Connecticut, Vermont, Ohio), South (North 

Carolina, Tennessee), Rocky (Wyoming, Nebraska, Colorado), and West (California, Idaho, 

Washington) (Figure S1). They included a large Accountable Care Organization, private 

practices, Federally Qualified Health Centers (FQHCs), university practices, and FQHC 

Look-Alikes (i.e., community-based health care providers meeting requirements of the 

Health Research Services Administration Health Center Program but do not receive Health 

Center Program funding).7 The participating organizations provide care in inner-city, rural, 

and suburban areas, including underserved populations.

An innovation included our working collaboratively with health plans to create the unique 

EHR repository we were developing. We first identified data domains of interest. Domains 

included demographics, vital signs, medications, diagnoses, medical and surgical history, 

physical exam results, laboratory results, and referral history. The Observational Medical 

Outcomes Partnership (OMOP) Common Data Model (CDM) v4 was used to standardize 

the disparate coding schemes present in our partner EHRs, such as the International 

Classification of Diseases (ICD), National Drug Code, Current Procedural Terminology, and 

the Systematized Nomenclature of Medicine, into a common vocabulary. The application of 

OMOP CDM terminologies, vocabularies, and coding schemes allowed for the aggregation 

of disparate observational databases to a unified LEADR database.8

To maximize the EHR system for research purposes and maintain confidentiality, partnering 

LEADR healthcare organizations were masked, personally identifiable information was 

removed and coded identifications were created for patients. Date of birth was replaced 

with age of patient as of January 1, 2010. Healthcare service dates were masked by 

applying to the dates a randomly selected integer between −183 and + 183. This offset 

remained consistent across each patient’s full set of data, thereby ensuring temporal 

relationships remained intact. Since the LEADR database did not contain Personal 

Identifying Information (PII), the study was exempt from Institutional Review Board (IRB) 

review following review and approval from the Colorado Multiple IRB.

LEADR outcomes could affect the delivery of clinical care and therefore data quality 

was of highest priority. To meet this study aim, a data quality workgroup reviewed the 

consistency, accuracy, and completeness of the data by following a conceptual framework 

for assessing EHR data quality9: 1) attribute domain rules—checking for data value 

anomalies (e.g., outliers, missingness, incorrect units) for individual variables; 2) relational 

integrity rules—comparing data elements in one table to related elements in other tables; 

3) historical data rules—viewing temporal relationships to identify data gaps; 4) state-

dependent object rules—checking for logical inconsistencies (e.g., prenatal ultrasounds 

should precede a pregnancy outcome); and 5) attribute dependency rules—examining 
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conditional dependencies based on clinical scenarios (e.g., women should not have a 

diagnosis of prostate cancer).

Following quality assessment, data were aggregated into four regional databases using 

OMOP CDM v4 relational data model (Figure S2). Six OMOP tables created included 

Person, Condition, Observation, Procedure, Drug and Visit tables. Fig. 1 shows the data flow 

for the LEADR cohort.

2.2. Constructing the LEADR cohort

In constructing the LEADR Cohort, the primary aim was to construct a database that 1) 

took advantage of the longitudinal data provided by DARTNet, 2) ensured each patient had 

sufficient data over an extended period of time, and 3) was optimized to assess new cases 

of diabetes and corresponding risk factors. Based on these objectives we identified a start 

date as the first appearance in the database for each patient, including a patient in the cohort 

given sufficient data were present to support analytic objectives. Patients included in the 

LEADR cohort met all five of the following inclusion and exclusion criteria:

1. Patients had at least four encounters for any health care service, and each 

encounter occurred at least 2 weeks apart.

2. There were at least 24 months between the date of the first encounter and the 

date of the last encounter.

3. Patients were ≥18 years old on January 1, 2010.

4. Patients were free of T1DM, T2DM, or unspecified diabetes at cohort entry and 

in their first 12 months in the cohort.

5. Patients who developed T1DM during the cohort period were excluded.

In determining the number of encounters required for inclusion in the LEADR cohort, 

there is an inherent tradeoff between inclusivity and measurement ability, and we wanted 

to maximize the usefulness of the EHR repository we were creating. Supplemental Table 

S1 presents the demographic distributions, prevalence of selected risk factors, and T2DM 

incident cases for cohorts requiring differing numbers of encounters. We chose four 

encounters with a healthcare organization as part of the criteria for cohort inclusion. 

Requiring a minimum number of encounters improves data availability for all participants 

over time and thus allows for examining risk factor trajectories.

We chose a 24-month interval between the first and last encounter to ensure sufficient time 

for assessing longitudinal changes in risk factors and diabetes status.

Our approach for identifying diabetes cases derived from case definitions from previous 

literature as well as feedback from clinicians and statisticians with EHR expertise. Methods 

for defining diabetes risk vary in complexity and in clinical utility, as well as the extent to 

which they have been validated. However, common themes were found from the varying 

empirical approaches.6,10-13 For example, to ensure the LEADR cohort identifies new 

diabetes cases, a “washout period” is applied requiring no evidence of diabetes in the data 

within the first year of the patient’s EHR record.6,11,14 In addition, algorithms are applied 
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to reasonably discriminate between type 1 and type 2 diabetes, applying a combination of 

specified claims, laboratory, and medication parameters.15,16

For prevalent cases, the diabetes definition criteria was inclusive to ensure we would capture 

and exclude all possible existing diabetes cases from the cohort. We excluded patients 

with a diagnosis of T1DM, T2DM, or unspecified diabetes, prescription for an antidiabetic 

agent, or laboratory results in the diabetes range at their first encounter or in the following 

12 months. Those with hemoglobin HbA1c ≥ 6.5%, fasting plasma glucose (FPG) ≥126 

mg/dL, or random blood glucose ≥200 mg/dL17 were excluded. While one random glucose 

≥200 mg/dL is used clinically in conjunction with symptoms to diagnose diabetes,17 since 

symptom data are not included in LEADR, we relied on the random glucose measurements 

alone to ensure exclusion of all possible cases of prevalent diabetes. For pregnant women, 

laboratory values were not used to ascertain diabetes. A woman with a FPG ≥126 mg/dL 

during her pregnancy was not excluded, unless she also had any diabetes diagnosis or was 

prescribed an antidiabetic agent within 12 months of cohort entry.

2.3. Case and high risk factor definitions

Table 1 provides the LEADR definitions of diabetes and risk factors. Incident diabetes was 

captured with three types of data: diagnosis records reflecting ICD codes, prescription drugs, 

and laboratory results. The requirements for defining incident T2DM cases are different 

from those used to exclude prevalent cases from the cohort. To identify incident cases, we 

used a more restrictive diagnostic criteria to ensure we were identifying patients with a high 

likelihood of having diabetes. A new diabetes case required two separate diagnosis records 

of diabetes (T2DM or unspecified diabetes) that were at least 14 days apart. Patients with 

one diabetes diagnosis and a prescription for either metformin or glucagon-like peptide-1 

(GLP-1) agonists qualified as a case. Patients with prescriptions of metformin or GLP-1 

agonists without a diabetes diagnosis were not classified as a diabetes case because these 

drugs are also prescribed to individuals with prediabetes or conditions associated with 

insulin-resistance such as polycystic ovary syndrome.18,19,20 Patients with a prescription for 

an antidiabetic agent (other than metformin and GLP-1 agonists) were counted as a diabetes 

case as were patients with an HbA1c result ≥6.5% or a fasting blood glucose result ≥126 

mg/dL.

The utilization of random glucose measurements to identify incident diabetes cases is more 

complicated with EHR data since clinically a random glucose ≥200 mg/dL is used in 

combination with symptoms to diagnose diabetes.17 Because the sensitivity and specificity 

of random glucose tests to diagnose diabetes are lower than for HbA1c tests,21 and because 

LEADR does not have symptom data, we required two random blood glucose values 

of ≥200 mg/dL at least 14 days apart, or a single random glucose value ≥200 mg/dL 

along with one diabetes diagnosis, or a single random glucose ≥250 mg/dL to count as 

an incident diabetes case. When random blood glucose was the sole metric available for 

assessing diabetes, we selected a higher value (≥250 mg/dL) since such a high value would 

indicate the person very likely has diabetes. This value was based on diagnostic criteria for 

diabetic ketoacidosis.21 Using this criteria to flag T2DM incident cases maximizes the use 

of available data and the likelihood that identified cases are true cases. The date of diabetes 
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diagnosis was set to the earliest of 1) diabetes diagnosis, 2) prescription for antidiabetic 

drug, or 3) diabetes-related laboratory results above a set threshold.

Prediabetes was defined using diagnosis records and laboratory measurements (Table 1). 

Random blood glucose results were not used for defining prediabetes, as this is not standard 

clinical practice.22 Additionally, research on the efficacy of using random blood glucose to 

identify prediabetes as well as the thresholds to apply is mixed.23-25

We defined hypertension and elevated lipids using ICD diagnosis records, prescription 

drug records, and blood pressure measurements or laboratory results. Obesity was defined 

using ICD diagnosis records or body measurements. Depression was defined based on ICD 

diagnosis records. To determine history of tobacco use, we used records from the Condition 

table (e.g., diagnosis of tobacco dependence), Observation table (e.g., text denoting current 

use or quit smoking), Procedure table (e.g., treatment for tobacco use), and Drug table (e.g., 

prescriptions for nicotine replacement therapy). We defined family history of diabetes from 

the Observation and Diagnosis tables. Table 1 presents the details of these definitions.

Patients with no record of a specific diagnosis or a specific medication to treat that 

condition, or no related laboratory results/body measurements, were classified as missing 

for that particular health condition. A patient who did not meet the requirements of steps 

one to three in Table 1, and who had no HbA1c, fasting plasma glucose, or random glucose 

results, was classified as not able to assess their diabetes status rather than being diabetes 

free.

Data processing and statistical analysis performed in 2018 used SAS v9.4.26

3. Results

From the population of 3.7 million patients receiving healthcare services between January 

1, 2010, and December 31, 2016, 1.4 million patients met the inclusion criteria and were 

included in the LEADR cohort. There were 34.8 million encounters in LEADR with a 

median of 18 encounters per patient. The mean number of days patients were in the cohort 

(days between the first and last encounter) was 1648 days, or 4.5 years. Table 2 presents the 

distributions of number of records per patient for various data types. The count of records 

for the data types sum to much higher than the total encounters because counts for each 

data type were not required to be 14 days apart. The percent of patients in the cohort with 

no records of a specific data type ranged from 2% for condition/diagnosis to 98% for FPG. 

Eighty-three percent of patients had no HbA1c measurements and 59% had no random 

glucose measurements.

Supplemental Table S2 presents the number and percent of incident T2DM cases by a 

hierarchical identification method. Forty-seven percent of the 82,922 incident cases were 

detected through ICD diagnosis records, 20% through medications, and 32% through 

laboratory measures.

Table 3 presents the cohort profile, including the demographic distribution and the number 

of T2DM incident cases. Sixty-one percent of the LEADR cohort is female. The cohort is 
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70.1% non-Hispanic white, 9.6% Hispanic, 8.5% non-Hispanic black, 1.6% Asian, 0.4% 

American Indian/Alaska Native, and 0.8% other race/ethnicity (Table 3). The mean age is 

47.4 years and the age distribution is fairly even across six age categories ranging from 18 

to 24 years–65 years and older. Over the cohort period, 82,922 patients (5.9% of the cohort) 

developed T2DM.

4. Discussion

We created a longitudinal cohort of 1.4 million adults with diverse demographic 

characteristics and serial measurements of multiple clinical indicators covering a 7-year 

period. While LEADR was not developed to be population-based, the geographic diversity 

of the healthcare organizations, and the types of organizations contributing data to LEADR, 

provide a robust look into a cohort of individuals and their risk for developing T2DM. With 

82,922 patients developing T2DM over the 7-year study period, the LEADR cohort provides 

a foundation for investigating both common and relatively rare risk factors for T2DM, which 

we are pursuing.

While utilizing EHR data to study disease progression can be cost-efficient, assembling 

a database from multiple healthcare organizations is challenging. The methods used in 

constructing LEADR improve the approach to using EHR data repurposed to study 

disease and related outcomes. A strength of LEADR is the use of the OMOP CDM to 

standardize and harmonize diagnostic, procedural, medication, and laboratory coding across 

EHR systems, allowing for aggregation of data from different sources. Likewise, carefully 

constructed cohort inclusion criteria, well-delineated case definitions, and definitions of 

risk factors facilitate examination of diabetes diagnosis, disease progression, and their 

association with risk factors.

Limitations in using EHR data for epidemiologic research include limits in 

representativeness; data availability and completeness; availability of environmental, 

community, dietary and behavioral diabetes risk factors, and information on diabetes 

prevention approaches. Representativeness is constrained to those who obtain care from 

healthcare organizations contributing data.27 LEADR results can best be generalized to 

populations that are seeking and receiving healthcare at similar healthcare organizations. 

Further, in the first year of a longitudinal cohort, despite the one-year washout period, 

diabetes diagnosis may still be present among some individuals due to the lack of historical 

health status data.13

We recognize that missing data can be of concern when analyzing EHR records. LEADR 

has two broad categories of missing data: 1) incomplete records where tests may have 

been performed but data were not recorded, and 2) systematic differences where there 

was an apparent missingness pattern. There are various ways to address missingness in 

analyses, and given the variety of LEADR studies planned, we do not see a one-size-fits-all 

solution. Future LEADR manuscripts will choose to use techniques for handling informative 

missing data (missing not at random) such as, imputation, pattern mixture models or inverse-

probability weighting to address missing data. A rationale and justification for the specific 

approach in handling missing data will be detailed.
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Clinical documentation in EHRs is often not highly structured, nor is it as complete and 

consistent as data collected primarily for research.28,29 Further, EHR diagnoses may be 

nonspecific and not updated,30 and environmental, community, and behavioral risk factors in 

diabetes disease progression are often lacking.28,31

Despite limitations, the LEADR cohort is providing a unique tool for a variety of studies. 

For example, 1) exploration and validation of known and new risk factors and their 

associations with progression to T2DM; 2) investigation of the relationship between patient-

level characteristics and the assignment or lack of assignment of prediabetes diagnosis by 

clinical providers; 3) examination of the longitudinal relationship between traditional and 

emerging behavioral and metabolic risk factors and the progression to prediabetes, T2DM, 

and diabetes-related morbidity; 4) estimation of the levels of receipt and effectiveness 

of T2DM prevention programs, such as the National Diabetes Prevention Program, and 

including other nutritional and lifestyle counseling programs, and the use of preventive 

medications and interactions with other prescribed medications; 5) study of factors that 

affect progression to T2DM and diabetes complications; 6) examination of the long-term 

impact of T2DM preventive behaviors and services on vascular, neuropathic, and aging-

related outcomes; and 7) development and validation of risk equations/health profile to 

predict the likelihood of progression to T2DM and diabetes-related complications. We 

are also linking patient records to community characteristics, such as income, education, 

unemployment, and urban/rural data to examine the impact of socioeconomic factors and 

social determinants of health associated with risk of developing T2DM.

5. Conclusions

LEADR established a unique, diverse, longitudinal electronic cohort of 1.4 million patients 

that serves as an improved approach to use EHR data as a resource to assess the role 

of traditional and emerging risk factors and preventive services in the progression to 

T2DM and related morbidity. The availability of a large and diverse body of patient data, 

spanning anthropometry, and metabolic markers, to patterns of care utilization, will allow 

the development, testing, and validation of alternative risk stratification approaches for the 

screening, testing, and referral of persons likely to benefit from T2DM prevention services.

Supplementary Material
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Fig. 1. 
Building the LEADR cohort.
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Table 3

LEADR cohort demographics, regional distribution, and incident cases of diabetes.

Characteristic N %

Total 1,411,864 100.0

Race/Ethnicity

Non-Hispanic White 989,750 70.1

Non-Hispanic Black 119,989 8.5

Hispanic 135,401 9.6

Other/Multi-racial 11,928 0.8

American Indian/Alaska Native 5210 0.4

Asian 22,541 1.6

Missing/Unknown/Refused 127,045 9.0

Age, years (as of 2010)

18 to 24 145,279 10.3

25 to 34 232,562 16.5

35 to 44 240,909 17.1

45 to 54 292,573 20.7

55 to 64 254,779 18.1

65 and older 245,762 17.4

Sex

Female 855,937 60.6

Male 555,896 39.4

Missing/Unknown/Refused 31 <0.1

Geographic Region

Northeast 486,585 34.5

Rocky 499,764 35.4

South 249,319 17.7

West 176,196 12.5

Type 2 Diabetes Mellitus Incident Cases (developed over study period)

No 1,328,942 94.1

Yes 82,922 5.9
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