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Abstract 
Phenotyping for Type 2 Diabetes (T2DM) is needed due to the increasing demand for T2DM research on electronic 
health records (EHRs). eMERGE is a reliable and interpretable rule-based algorithm for the identification of T2DM 
cases and controls in EHRs. MIMIC-IV, an extension of MIMIC-III, contains more than 520,000 hospital admissions 
and has become a valuable EHR database for secondary medical research. However, there was no prior work to 
extract T2DM cases and controls from MIMIC-IV, which requires a comprehensive knowledge of the database. Our 
work provided insight into the structure and data elements in MIMIC-IV and adapted eMERGE to accomplish the 
task. The results included MIMIC-IV’s data tables and elements used, 12,735 cases and 9,828 controls of T2DM, and 
summary statistics of the cohorts in comparison with those on other EHR databases. They could be used for the 
development of statistical and machine learning models in future studies about the disease. 

Introduction 
Diabetes has become one of the major diseases that can cause severe complications and deaths.1 There are three main 
types of diabetes mellitus (DM), namely, type 1 (T1DM), type 2 (T2DM), and gestational diabetes. A report in 2015 
predicted that the number of people with diabetes would increase from 415 million in 2015 to 642 million in 2040.2 
T2DM is one of the most significant healthcare concerns of the 21st century.3 Approximately 90% of diabetes patients 
are T2DM cases, which may cause many forms of complications leading to their morbidity and mortality.4 There is 
also a worrying trend that the prevalence of T2DM in children, adolescents, and young adults has also increased.5

Since the need for T2DM clinical research keeps growing, diagnosing and identifying T2DM have also been a heavy 
task for researchers. However, there were different phenotype definitions of diabetes mellitus.6 The criteria for 
screening and diagnosis of diabetes kept changing, from the WHO’s one without a threshold of blood sugar levels in 
1965 to the American Diabetes Association’s standard based on fasting blood glucose, HbA1c, and oral glucose 
tolerance test in 2017.7 Even the Hb1Ac cut-off of 6.5% could not be a single marker as T2DM could be present at 
HbA1c levels below 6.5%.8 In contrast to many other phenotypes for which structured data recorded in electronic 
health records (EHRs) are sufficient, T2DM requires validation by expert review of clinical notes to understand the 
final determination of a diagnosing physician.9 In fact, many T2DM cases went undiagnosed, particularly at an 
estimated rate of 25% in the United States (US) due to the prohibitive administering of laboratory tests to everyone.10 
Therefore, it has attracted much research effort in diabetes diagnosis and prediction.1, 11 In this paper, we focus on 
T2DM but not the other types of diabetes. 

Starting in 1992, when hardware became more powerful and the internet became faster, EHRs have developed for 
over 30 years.12 In the US, nearly 96% of hospitals had EHRs in 2015.13 Although EHRs have been growing rapidly 
in recent years, establishing and using such rich datasets is still challenging since the initial goal of EHRs was for 
billing.14 With the goal of integrating deidentified and complex clinical data for secondary medical research, MIMIC-
III (Medical Information Mart for Intensive Care) system was established, which is a large and freely available EHR 
database containing deidentified health-related data from patients who were admitted to the intensive care units (ICU) 
of the Beth Israel Deaconess Medical Center.15 MIMIC-III contains data with 53,423 unique hospital admissions for 
patients admitted between 2001 and 2012. Recently a significant number of research investigations have been devoted 
to T2DM research on MIMIC-III, such as predicting mortality of T2DM using machine learning16-18 and detecting the 
association between risk factors and DM.19, 20 All such kinds of research required automated identification of T2DM 
patients from an EHR database. However, the phenotyping algorithms in those studies on MIMIC-III have a limitation 
that used only a simple combination of diagnosis codes, medications, and lab values. We recall that diagnosis codes 
have limited accuracy and completeness,21, 22 for which one should not rely only on them for phenotyping. 

There are also some EHR-based T2DM phenotyping algorithms applied to other EHR databases. Recent phenotyping 
algorithms in EHRs can be categorized into rule-based, machine learning, statistical modelling, and hybrid ones. In a 
rule-based system, a set of rules needs to be developed on the extracted features as a condition that can lead to the 
final decision. These rules are set by a group of experts in the given field or derived from an organization. Existing 
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popular rule-based algorithms include eMERGE (Electronic Medical Records and Genomics)23, SUPREME-DM24, 
DDC25, CCW26 and PCORnet27. Distinguished from the others, eMERGE has a systematic and restrictive flowchart 
that excludes T1DM and other diabetes-related diseases and provides rules to identify both cases and controls for 
T2DM.6 SUPREME-DM is a rule-based algorithm developed by a consortium of 11 integrated health systems to 
identify patients with T1DM and T2DM for research purposes. The DDC algorithm identifies T2DM cases in Durham 
County, North Carolina. The CCW algorithm uses questionnaires, physical examinations, medical facility records, 
and death certificates, which can be found in Medicare claim records. PCORnet adapts existing computable 
phenotypes for identification of patients with T2DM.  

Machine learning methods usually use natural language processing (NLP) to exploit unstructured clinical notes for 
phenotyping.28-31 One phenotyping algorithm based on PheMap, a knowledge base of medical concepts with quantified 
relationships to phenotypes extracted by natural language processing from publicly available resources.28 There was 
also a phenotyping algorithm using a Bayesian latent model.32 Besides, hybrid systems have been used in some studies, 
such as Mayo Clinic’s proposed method that combined a rule-based algorithm and a keyword-based search technique.33 
A review of these rule-based and machine learning algorithms is provided in Table 1, including the data elements they 
used and their performance measures. The first four rule-based algorithms in the table were evaluated on the same 
EHR dataset in a study in 2017.20 Some performance measures of the remaining methods were reported in their original 
papers evaluated on different EHR datasets, for which the values are just for a reference, but not a direct comparison. 
Moreover, besides the performance of a method, its interpretability is also important so that clinicians can understand 
and trust its results, for which rule-based methods are preferred to black-box ones. 

The four common measures to evaluate the performance of a diagnosis or prediction method are sensitivity, specificity, 
positive predictive value (PPV), and negative predictive value (NPV).34 By definition, there is often a tradeoff between 
these measures.6 In particular, increasing the sensitivity (or specificity) may decrease the PPV (or NPV), and vice 
versa. We note that, for case identification, a true positive instance is a true case, i.e., a patient who truly has the 
phenotype of discourse. Meanwhile, a true negative instance is the opposite, which cannot be confirmed as a case but 
is not necessarily a control. Dually, for control identification, a true positive instance is a true control, i.e., a patient 
who truly does not have the phenotype, while a true negative instance is not necessarily a case. Therefore, unlike other 
works, eMERGE provided both of T2DM case identification and control identification algorithms, for which the case 
identification outputs either a case or “unknown” and the control identification outputs either a control or “unknown”. 
In this work, we aim at obtaining accurate T2DM case and control cohorts for future construction of statistical and 
supervised machine learning models, for which high PPVs for both case and control identifications are desirable. 

An early research showed that eMERGE achieved PPVs of 98% and 100% for identification of T2DM cases and 
controls, respectively, across five different EHR systems.35 Then, it was shown to achieve PPVs of 95% and 92.6% 
respectively for T2DM cases and controls when there was data fragmentation across healthcare centers.36 Later, a 
study in 2017 compared some rule-based algorithms and showed that eMERGE’s PPV was 86%, higher than those of 
SUPREME-DM (71%), DDC (66%), and CCW (78%) evaluated on the same EHR dataset. Recently in 2020, 
eMERGE was updated to incorporate ICD-10 codes and its PPVs for T2DM cases and controls were still 82% and 
100%, respectively.37 eMERGE has also been used to construct gold-standard T2DM cohorts for supervised machine 
learning, or a reference standard to evaluate T2DM phenotyping algorithms.28, 38 Therefore, eMERGE has been 
considered as a reliable algorithm for positive and negative T2DM classification in many case-control cohort studies. 

Meanwhile, in 2020, MIMIC-IV was published by PhysioNet.39 It was an update and improvement to MIMIC-III in 
the following aspects: (1) it covers more patients, with 523,740 unique hospital admissions from 2008 to 2019; (2) it 
optimizes the database structure; and (3) it includes new sources of data such as electronic medication administration 
records. Following MIMIC-III, MIMIC-IV has become a valuable EHR database for secondary medical research, in 
particular on T2DM. However, to the best of our knowledge, our work here was the first attempt to extract T2DM 
case and control cohorts from MIMIC-IV. 

In this work, we chose eMERGE to do this task for the following reasons: (1) it has been used and evaluated in many 
T2DM studies; (2) it identifies both T2DM cases and controls by two distinct flowcharts, but excludes T1DM and 
other diabetes-related diseases; (3) it has high PPVs for both case and control identifications on different cohorts; (4) 
eMERGE flowcharts are simple and easily understood by medical practitioners; and (5) clinical notes have not been 
provided in MIMIC-IV yet, and thus machine learning models relying on them are not even applicable. Our obtained 
results provide a necessary basis for answering T2DM research questions from the MIMIC-IV population. 
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Table 1. Data elements and performance measures of the cited T2DM case identification algorithms 

Algorithm Algorithm 
Type 

Separated Case 
and Control 
Flowcharts? 

 T1DM 
Exclusion 

Data Elements Used 

Sensitivity Specificity PPV ICD 
Diagnosis 

Codes 

Lab 
Values Medications Clinical 

Notes 

eMERGE23 Rule-based       0.658 0.990 0.860 

SUPREME-
DM24 Rule-based       0.877 0.965 0.710 

DDC25 Rule-based       0.942 0.952 0.660 

CCW*26 Rule-based       0.837 0.978 0.780 

PCORnet27 Rule-based       - - 0.962 

PheMap28 Machine 
Learning       0.976 0.917 0.969 

MAP40 Machine 
Learning       - - 0.891 

SVM41 Machine 
Learning       0.951 - 0.919 

Decision 
Tree38 

Machine 
Learning       0.812 - 0.903 

ARM38 Machine 
Learning       0.894 - 0.900 

Bayesian 
Model32 Bayesian       0.959 0.997 - 

Mayo 
Clinic33 

Rule-based 
+ ML       0.990 0.990 0.990 

The first four rule-based algorithms were evaluated on the same EHR dataset.42 
* CCW also based on responses from the participants in the study to identify cases. 

Methods 
Data sources 
All the data are extracted from MIMIC IV v1.0 published on March 16, 2021.39 In the MIMIC-IV database, there are 
three modules namely, core, hosp and icu. The core module includes patients’ information and the record of admission 
and transformation. The hosp module stores data obtained from hospital stays including lab events, microbiology 
cultures, medication prescriptions, etc. The icu module contains data from the clinical information system.  

Data extraction and pre-processing 
The eMERGE case and control identification algorithms require certain patient-level data elements to be extracted 
from an EHR database that includes diagnoses, lab results, and medications. The flowchart provided by eMERGE’s 
original paper23 expressing the logic of the T2DM case identification algorithm is shown in Figure 1, applied to 
MIMIC-IV with the number of remaining patients satisfying each checked condition. A summary of all the data 
elements that we used to perform eMERGE’s case identification algorithm and the corresponding tables where to find 
those elements in MIMIC-IV are provided in Table 2. In EHR databases such as MIMIC-IV, disease diagnoses are 
recorded by ICD-9 and/or ICD-10 codes. Since the ICD-10 codes for T2DM were not found in MIMIC-IV, we only 
used ICD-9 codes for the case identification. To identify T2DM cases and exclude T1DM ones, the ICD-9 codes for 
T1DM and T2DM diagnoses provided by eMERGE’s original paper in 2012 are shown in Table 3. For T2DM 
medications, since the eMERGE’s original drug list was in 2012, we applied the additional updated medications from 
a recent study in 202243 provided by the author clinicians, based on the feedback and pharmacology resource of the 
American Diabetes Association in 2020 (Table 4).  

For lab values, the definition of an abnormal lab value indicative of DM is as follows: value of random glucose > 200 
mg/dl; value of fasting glucose ≥ 125 mg/dl; or value of HbA1c ≥ 6.5%.44 The eMERGE’s original paper used LOINC 
code 4546-4 to extract HbA1c values and other LOINC codes to find other glucose measurements. However, only the 
HbA1c LOINC code exists in MIMIC-IV, but none of the other LOINC codes. Therefore, we constructed a list 
updating the glucose measurements in MIMIC-IV with their item identifiers and labels, by using eMERGE’s HbA1c 
LOINC code and the glucose measurement identifiers and labels in a study in 202145 to search in MIMIC-IV (Table 
5). Except for HbA1c, we assumed all of the other values are fasting glucose, since the reference normal range for 
those values are 70 mg/dl to 100 mg/dl as recorded in the labevents table in MIMIC-IV, close to the normal fasting 
glucose range advised by CDC (Centers for Disease Control and Prevention) being [70, 99] mg/dl.46 All glucose values 
≥ 1000 mg/dl are viewed as outliers and are removed.44 Specifically, the glucose values were extracted from two tables 
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in MIMIC-IV, namely, labevents and chartevents. The labevents table stores the results of all laboratory 
measurements made for a single patient. The chartevents table contains all the charted data available for a patient 
during their ICU stays. Furthermore, even though laboratory values are captured in labevents, they are frequently 
repeated within chartevents. Fingerstick glucometer measurements are only recorded in chartevents. As by eMERGE, 
we used the largest fasting glucose value available to each patient for the case and control identifications. There is a 
condition in eMERGE’s original paper that it requires at least 2 diagnoses by physicians. In MIMIC-IV, since all the 
diagnoses were recorded by trained persons, we adapted the condition to be simply at least 2 diagnoses. 

For application of eMERGE’s control identification algorithm, the data elements used in eMERGE as shown in Table 
1 were also extracted from MIMIC-IV. Specifically, one ICD-9 code and one ICD-10 code were used to determine 
family histories of diabetes (Table 5). The flowchart of eMERGE’s control identification is shown in Figure 1. We 
note that, for identifying a T2DM control, the thresholds for the abnormal fasting glucose and HbA1c are lower than 
for a T2DM case identification: value of fasting glucose ≥ 110 mg/dl; or HbA1c ≥ 6%. The DM-related diagnoses and 
medications are the same as in the case identification algorithm (Table 3 and Table 4) 

(A) Case identification flowchart (B) Control identification flowchart

Figure 1. (A) eMERGE’s flowchart for identifying T2DM cases in MIMIC-IV; (B) eMERGE’s flowchart for 
identifying T2DM controls in MIMIC-IV. The numbers in the flowcharts indicate the remaining numbers of patients 
after each step by our study.  

Table 2. The MIMIC-IV tables for extraction of the data elements used in eMERGE 
Data Elements in eMERGE Tables in MIMIC-IV 
Counts of T1DM ICD-9 code assignment dates  diagnoses_icd (Table 3) 
Counts of T2DM ICD-9 code assignment dates diagnoses_icd (Table 3) 
The earliest date of T1DM medications prescriptions prescriptions (Table 4) 
The earliest date of T2DM medications prescriptions prescriptions (Table 4) 
The maximum fasting blood glucose lab values labevents (Table 5) 

chartevents (Table 5) 
The maximum HbA1c lab values labevents (Table 5) 
Diabetes family history diagnoses_icd (Table 6) 

Table 3. DM-related diagnosis codes in MIMIC-IV 
Diabetes Type ICD-9 
T1DM 250.x1, 250.x3 
T2DM 250.x0, 250.x2

(excluding 250.10, 250.12) 
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Table 4. DM-related medications in MIMIC-IV 
Diabetes Type Medication Name 
T1DM insulin 

pramlintide 
T2DM acetohexamide, tolazamide, chlorpropamide, glipizide, glyburide, glimepiride, repaglinide, 

nateglinide, metformin, rosiglitazone, pioglitazone, troglitazone, acarbose, miglitol, sitagliptin, 
exenatide 

T2DM additional updated medications alogliptin, saxagliptin, linagliptin, ertugliflozin, dapagliflozin, empagliflozin, canagliflozin, 
dulaglutide, semaglutide, liraglutide, lixisenatide, colesevelam, bromocriptine 

Table 5. DM-related lab values in MIMIC-IV 
Table Item ID Label LOINC Code 
labevents 50809 Glucose - Blood - Blood Gas 

50931 Glucose - Blood - Chemistry 6777-7 
52569 Glucose - Blood - Chemistry 
52027 Glucose (Whole Blood) - Blood - Blood Gas 
50852 % Hemoglobin A1c 4548-4 

chartevents 220621 Glucose (Serum) 
225664 Glucose Finger Stick  
226537 Glucose (Whole Blood) 

Table 6. DM-related family history ICD codes in MIMIC-IV 
ICD System ICD Code 
ICD-9 V180 
ICD-10 Z833 

Results 
By conducting eMERGE on MIMIC-IV with 382,278 patients, we extracted 12,735 T2DM cases (i.e., 3.33%) and 
9,828 T2DM controls (i.e., 2.57%). The number of patients filtered by each route of the flowcharts is shown in Figure 
1. Table 7 summarizes the number of patients, admissions, diagnoses, medications, and lab results in each cohort.

In the obtained T2DM cases and controls, we derived their demographic statistics separately, including the gender, 
ethnicity, and age (Table 8, Table 9). In the case cohort, the number of females is smaller than that of males (46.4% 
vs. 54.7%), while in the control cohort the number of females is larger than that of males (67.5% vs. 32.5%), indicating 
that the ratio of getting T2DM for males is higher than that of females (Figure 2).  In 2013, there were 14 million more 
men than woman with diabetes,47 which is consistent with our results. For ethnicity, there is inconsistency with some 
patients in MIMIC-IV, for whom the most frequent ethnicity among all the records was viewed as the final one. Our 
results show that over 62% of T2DM patients are White (Table 8, Figure 3). The mean age of T2DM patients is 65.6, 
which is significantly older than 40.0 of the controls (Table 8, Figure 4). For the HbA1c distribution of the T2DM 
cases, the highest value of HbA1c is 23.0% and the lowest value is 2.7%. For the glucose distributions, the median of 
glucose measurements for the T2DM cases is greater than 200 mg/dl, while that of the controls is 93 mg/dl (Figure 5). 

We also compared the obtained results on MIMIC-IV with those on MIMIC-III and the nationwide Cerner EHR 
database.48 The summary statistics for Cerner is from a technical report in 2020 from UTHealth, which used eMERGE 
for T2DM case identification.49 The summary statistics for MIMIC-III is from a study in 202118, which used a T2DM 
case identification algorithm simpler than eMERGE. Actually, to our knowledge after doing literature review, there 
has been no application of eMERGE on MIMIC-III so far. That algorithm excluded gestational DM and drug-induced 
DM, and required T2DM patients to have HbA1c ≥ 6.5% or T2DM prescriptions besides diagnoses. The total numbers 
of patients in MIMIC-IV, MIMIC-III and Cerner are 382,278, 46,520, and over 65,000,000, respectively. The 
percentages of T2DM cases are respectively 3.33%, 5.23%, and 1.75% (Table 10). Compared to the summary statistics 
of Cerner (Table 11), the ratio of females by males with T2DM from MIMIC-IV (0.86) is smaller than that from 
Cerner (1.05). For Cerner, Caucasian takes over among all races (70.0%). Similarly for MIMIC-IV, the majority of 
T2DM cases are White (62.6%). The median ages of T2DM cases from MIMIC-IV and Cerner are close, which are 
65.6 years old for MIMIC-IV and 61.4 years old for Cerner. 

Discussion 
Cohort identification is important to assemble a group of patients who have a certain disease (i.e., cases) and a group 
of those who do not (i.e., controls) for medical research, in particular for determining risk factors and making 
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prediction of getting the disease. A large scale of EHRs requires automatic cohort identification, when the traditional 
method with manual chart review becomes impractical.50 By conducting eMERGE on MIMIC-IV, we could extract 
the T2DM cases and controls cohorts separately. We chose eMERGE because it has high PPVs for both case and 
control identifications and its flowcharts are simple and interpretable, which has been proved reliable in many studies. 
Identification of both cases and controls and exclusion of T1DM and other diabetes-related diseases are eMERGE’s 
strengths as compared to other DM phenotyping algorithms. 

Table 7. The numbers of patients, admissions, diagnoses, medications, 
and lab results in MIMIC-IV and T2DM case and control cohorts 

Table MIMIC-IV T2DM Cases T2DM Controls 
Patients 382,278 12,735 9,828 
Hospital admissions 523,740 53,038 24,129 
Diagnoses 5,280,351 708,476 144,797 
Medications 17,008,053 2,223,164 300,042 
Lab results 122,103,667 13,853,256 2,401,647 

Table 8. The gender, ethnicity, and age distributions of T2DM cases in MIMIC-IV 
Demographics Number of T2DM Cases Percent of T2DM Cases (%) 
Gender 
Female 5,906 46.4 
Male 6,829 54.7 
Ethnicity 
White 8,042 63.1 
Black/African American 2,354 18.5 
Asian 476 3.7 
Hispanic/Latino 854 6.7 
American Indian/Alaska Native  23 0.2 
Other 572 4.5 
Unknown 414 3.3 
Age in years 
Mean (SD) 65.6 (14.2) 
Median (Range) 66 (18, 91) 
Patients under 18 (%) 0 

Table 9. The gender, race, and age distributions of T2DM controls in MIMIC-IV 
Demographics Number of T2DM Controls Percent of T2DM Controls (%) 

Gender 
Female 6,636 67.5 
Male 3,192 32.5 
Race 
White 6.309 64.2 
Black/African American 1754 17.8 
Asian 429 4.4 
Hispanic/Latino 589 6.0 
American Indian/Alaska Native  36 0.4 
Other 522 5.3 
Unknown 189 2.0 
Age in years 
Mean (SD) 40.0 (18.1) 
Median (Range) 35.0 (0, 91) 
Patients under 18 (%) 50 (0.5%) 

Figure 2. The gender distributions of T2DM cases and controls. 
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Figure 3. The ethnicity distributions of T2DM cases and controls. 

Figure 4. The age distributions of T2DM cases and controls. 

Figure 5. The HbA1c and glucose distributions of T2DM cases and controls. The orange line in each plot rectangle 
is the median. The left edge of the rectangle denotes the .75 percentile, and the right edge of the rectangle denotes 
the .25 percentile. The plots for glucose were generated after removing the glucose value outliers. 

As noted in a previous study,6 we found that eMERGE’s case identification algorithm has relatively low sensitivity 
because it was designed to identify exact T2DM cases and exclude any other potential type of similar diseases such 
as T1DM, obesity, and gestational diabetes. Therefore, it might still miss T2DM cases in MIMIC-IV. However, we 
recall that increasing the sensitivity may decrease the PPV.  

Some NLP-based phenotyping algorithms have both high sensitivity and PPVs because they make use of clinical notes 
written by physicians, but they may also become complicated. To have larger case and control T2DM cohorts from 
MIMIC-IV when it is supplemented with clinical notes, future work may combine structured data elements and 
unstructured clinical notes for phenotyping. In the meantime, eMERGE is a suitable method for T2DM case and 
control identifications on MIMIC-IV.  

Another limitation of our study is that we do not have a gold-standard T2DM cases and controls in MIMIC-IV verified 
by clinical experts to evaluate our results. It can only be accomplished with clinical notes, because in many cases just 
structured data elements do not provide sufficient information for clinical experts to confirm if a patient has T2DM or 
not, and even two reviewers of clinical notes may have different opinions that need to be resolved by a another 
physician.9. Despite these limitations, thanks to eMERGE’s high PPVs, our work provides the first T2DM case and 
control cohorts from MIMIC-IV that can be used for further T2DM studies. 
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Table 10. Comparison on different EHR databases MIMIC-IV, MIMIC-III, and Cerner 
Count MIMIC-IV MIMIC-III Cerner 
Number of total patients 382,278 46,520 > 65,000,000 
Number of T2DM cases 12,735 2,435 1,136,301 
Number of admissions in T2DM cohort 53,038 - 34,893,649 

Table 11. Gender, race, and age distributions of T2DM cases in Cerner 
Demographics Number of T2DM Cases Percent of T2DM Cases (%) 
Gender 
Female 581,276 51.2 
Male 554,903 48.8 
Unknown 122 0.0 
Race 
Caucasian 795,957 70.0 
African American 201,051 17.7 
Other 58,145 5.0 
Asian 25,039 2.2 
Unknown 22,346 2.0 
Hispanic 16,090 1.4 
Native American 14,138 1.2 
Pacific Islander 2,413 0.2 
Biracial 1,122 0.1 
Age in years 
Mean (SD) 61.4 (14.8) 
Median (Range) 62 (0, 90) 
Patients under 18 (%) 5,463 (0.5%) 

Conclusion 
We chose the rule-based eMERGE phenotyping algorithm to extract T2DM cases and controls from the MIMIC-IV 
database because of its high reliability and interpretability. We applied the up-to-date lists of ICD-9 codes and 
medications for T2DM and identified those MIMIC-IV tables that contain the data elements used by eMERGE. We 
obtained 12,735 T2DM cases and 9,828 T2DM controls from nearly 400 thousand patients in MIMIC-IV, and 
presented the distributions of gender, ethnicity, and age of the cohorts. To our knowledge, these are the first case and 
control T2DM cohorts that can be used for further research on T2DM in the MIMIC-IV population, such as estimation 
of diabetes risk or prediction of diabetes-related outcomes. This study could be useful for applying eMERGE to extract 
T2DM cases and controls from MIMIC-III, which has similar data structures as MIMIC-IV. For future work, we also 
suggest overcoming the above-discussed limitations by using clinical notes when they are supplemented to MIMIC-
IV. 
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