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Abstract
The prevalence of prediabetes continues to grow in the United States. Our study aimed to determine
the accuracy of a population health approach that applies an algorithm to electronic health data at
identifying patients with undiagnosed prediabetes. We conducted a cross-sectional study among patients
receiving care at the Miami VA Healthcare System. The algorithm classified subjects into three groups
using HbA1c level. We then used ICD-9-CM or ICD-10 codes for diabetes and prediabetes and
medication use data to classify subjects into one of five groups: known diabetic patients with HbA1c level
greater than 6.5 percent in the past; new diabetic patients without evidence of abnormal Hba1c in the past
or diabetic medication use; patients with known prediabetes with HbA1c of 5.7 to 6.4 percent in the past
or on metformin therapy; new prediabetes patients; and normal patients. We identified 1,190 subjects and
then selected 25 percent of each group to have an overall validation sample of 300 patients. Of the sample
of 68 patients with prediabetes, 60 percent had a prior HbA1c value in the prediabetic range but no
diagnosis or recommended treatment. The positive predictive values of the algorithm were 80 percent for
new prediabetes, 100 percent for known prediabetes, 75 percent for new diabetes, and 100 percent for
known diabetes. We concluded that this electronic medical record–based automatic algorithm is accurate
and effective at identifying diabetes and prediabetes status in large at-risk populations receiving care in
health systems such as the VA. Future studies should evaluate strategies that health systems can use to
deploy sustainable evidence-based interventions known to delay the progression to diabetes.
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Introduction
The prevalence of type 2 diabetes mellitus (T2DM) among adults in the United States is increasing. In
2017, 30.3 million Americans had a diagnosis of T2DM, but this number is bound to increase
substantially given the growing prevalence of prediabetes, reported as 84.1 million among American
adults.1 Prediabetes increases the risk of diabetes in the near future.2 In Florida, 11.4 percent of people are
reported to have T2DM, and 8.6 percent of people older than 20 years are reported to have documented
prediabetes.3 However, these statistics probably underestimate the true magnitude of the problem in
certain populations. The Veterans Health Administration (VHA) cares for a population at particular risk
of diabetes. The 2014 US Department of Veterans Affairs (VA) report Screening and Management of
Overweight and Obesity estimated that 78 percent of veterans are overweight or obese.4
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Through a local quality improvement initiative, the Miami VA Healthcare System (MVAHS) found
that from October 1, 2015, to June 16, 2016, an average of 650 patients had an HbA1c level within the
prediabetes range each month. Among the 5,554 patients that met criteria for prediabetes, 88 percent
(4,897) had not received a diagnosis. Given the evidence that interventions such as lifestyle changes and
the use of metformin can reduce the prevalence of metabolic syndrome and insulin resistance and
ultimately delay the progression to diabetes, the prompt identification and management of patients at risk
of diabetes is pivotal.5, 6 Early identification will decrease the burden of the disease and eventually its
overall cost, estimated at $327 billion in 2015.7
Setting up an effective strategy to identify those with prediabetes (i.e., at risk of diabetes) within a
large health system is challenging. Most initiatives rely on individual providers using electronic health
record (EHR) tools to identify patients at risk.8 This approach can be time-consuming and ineffectual
given the number of alerts, reminders, and other preventive measures that need to be completed by
individual providers.9
Large databases (e.g., EHRs) have been used to detect populations at risk, guide policymaking, and
track healthcare system outcomes.10, 11 EHRs contain general information that has been used to improve
treatment, adopt preventive methods, and review epidemiology of diseases.12–14 EHRs may also offer an
inexpensive and scalable opportunity to conduct hypothesis-driven cross-sectional or longitudinal
research as well as to employ large-scale quality improvement strategies.15, 16 The use of clinical
databases for these purposes is controversial, limiting their utilization.17 Underutilization is also related to
differences in quality and content across databases, and to lack of knowledge of their availability.18
Nevertheless, recent studies have started to validate algorithms to identify specific outcomes from the
EHRs by comparing results to a gold standard.19, 20 Such an approach can facilitate the identification of
patients at risk or serve as a preventive screening.21 We propose using an automatic approach to
systematically identify veteran patients with prediabetes. This approach would allow the health system to
identify and engage with these patients and offer preventive programs known to delay or prevent the onset
of diabetes.22, 23
The aim of this study was to develop a reliable, automatic EHR-based algorithm to identify patients
with prediabetes who are at risk of T2DM. We validated the algorithm against the gold standard of
manual chart review to determine its accuracy. This EHR tool could help healthcare systems translate
evidence-based interventions for the prevention of diabetes into a population health strategy that could
have a large impact on the quality of care provided.

Methods
Study Design
We conducted a cross-sectional study using data drawn from the EHR system used at MVAHS. This
data registry contains information on all MVAHS patients, including laboratory, pharmacy, clinical, and
administrative data.

Study Setting
The MVAHS consists of 372 hospital beds; a community living center attached to the main facility;
two major satellite outpatient clinics, located in Broward County and Key West; and five communitybased outpatient clinics, located in Homestead, Key Largo, Pembroke Pines, Hollywood, and Deerfield
Beach.24
The VA Healthcare System 2010 diabetes mellitus guidelines recommended that primary care
providers obtain hemoglobin A1c (HbA1c) levels annually among patients who are 45 years of age or
older, have a body mass index (BMI) greater than or equal to 25 kg/m2, or have specific diabetes mellitus
risk factors.25
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Study Population
We included all patients from MVAHS 18 years of age and older who had an HbA1c value reported
between September 18 and September 30, 2016. Our sample included 1,665 patients, from all MVAHS
facilities. We selected patients from two large clinics, Miami and Broward County (more than 14 primary
care teams at each site) and applied an algorithm to identify veterans with undiagnosed prediabetes.

Definition of Algorithm
A team consisting of three clinicians, an epidemiologist, and an IT specialist developed the algorithm
for the purpose of identifying prediabetic patients and patients with poorly controlled diabetes with and
without microvascular and macrovascular complications. The algorithm was developed for quality
improvement purposes. It was tested and retested for reliability during May 2016. Since then, the Patient
Aligned Care Team has used it to diagnose prediabetes in patients. Clinic personnel receive the algorithm
output and verify that the patient meets the prediabetes criteria before entering a prediabetes diagnosis in
the EHR. The purpose of this analysis was to rigorously evaluate the accuracy of the algorithm to expand
its use to other quality improvement population health initiatives.
The algorithm collected the following parameters: HbA1c level during the selected period, presence
of HbA1c level greater than or equal to 5.7 percent at any time in the past, prior diagnosis of prediabetes
or diabetes using ICD-9-CM/ICD-10 codes, use of antidiabetic medication including oral hypoglycemic
medications and injectable medications, and use of metformin. The algorithm assessed all these
parameters simultaneously. (See Table 1.)
Using these parameters, we classified each patient into one of five different diabetes or prediabetes
status categories: newly diagnosed prediabetes, newly diagnosed diabetes, known diabetes, known
prediabetes, and normal. We applied the algorithm as follows:
Using the most recent HbA1c level, we first classified the patient into three groups according to their
HbA1c laboratory values: HbA1c level less than 5.7 percent, HbA1c level 5.7–6.4 percent, and HbA1c
level greater than or equal to 6.5 percent. We then used ICD-9-CM or ICD-10 codes and medication use
data to classify subjects into one of the following categories:
1.
2.
3.
4.
5.

known diabetes with HbA1c level greater than or equal to 6.5 percent in the past;
new diabetes without evidence of abnormal HbA1c level in the past or diabetes medication use;
known prediabetes with HbA1c of 5.7 to 6.4 percent in the past or use of metformin therapy;
new prediabetes; or
normal. (See Figure 1 and Figure 2.)

Those with a new diagnosis based on the result of the recent test were further categorized into those
who had a prior abnormal HbA1c value and those who did not.
Diabetes was defined as follows: Presence of HbA1c level greater than or equal to 6.5 percent, or
ICD-9-CM code 250.xx or CM/ICD-10 code E11, or use of oral hypoglycemic agents or injectable
antidiabetic medication.
Prediabetes was defined as follows: Patients without a diagnosis of diabetes (ICD-9-CM 790.29 or
ICD-10 R73.03) who had an HbA1c level between 5.7 and 6.4 percent.
See Table 2 for a list of the criteria for each category.

Gold Standard
Our gold standard was chart review of a random sample of 25 percent of the patients identified by the
algorithm from September 18 to September 30, 2016. We selected a random sample from each of the five
categories to have a representative sample from each. Three independent qualified reviewers with clinical
experience (D.P., W.V., and J.D.) reviewed the charts of the random sample of patients. The reviewers
were blinded to the results of the algorithm. For the review, we defined the patient as having prediabetes
if: prediabetes was listed as a problem in the assessment plan of at least one primary care clinical note,
metformin was prescribed, the patient had a fasting plasma glucose level of 100 to 125 mg/dL, or the
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patient had an HbA1c laboratory value of 5.7 to 6.4 percent.26, 27 We considered a patient to have diabetes
if the patient met one of the following criteria: diabetes was documented in the assessment plan of at least
one clinical note; the patient used oral hypoglycemic agents, insulin, or other injectable medications; the
patient had a fasting plasma glucose level of greater than 126 mg/dL; or the patient had an HbA1c
laboratory value greater than 6.5 percent.28 All definitions are listed in Table 2. We classified the sample
according to the normal, prediabetes, or diabetes status of the patients. When completing the chart review,
we gathered the same information that was collected by the algorithm in a new collection form.

Validation of Algorithm
The algorithm identified 1,665 patients. From the 1,196 patients who received care in the Broward
and Miami clinics, we selected 25.21 percent of each group for a sample of 300 patients. One reviewer
(D.P.) reviewed the EHR charts for this sample using the gold standard to classify patients into the five
described categories. Using the same methodology, two independent reviewers (J.D. and W.V.)
conducted a second review of the charts of a random sample of 150 patients. Once second review was
completed, we compared the group assignment between the two reviews, resolved any differences by
consensus, and then compared the gold standard assignments to the results of the algorithm.

Statistical Analysis
We calculated the positive predictive value (PPV) of the algorithm by comparing each algorithmbased category (newly diagnosed prediabetes, newly diagnosed diabetes, known prediabetes, known
diabetes) to the results of the gold standard. We also calculated the negative predictive value (NPV) by
comparing the results of the algorithm-based “normal” category to the gold standard. To do this, we
evaluated the random sample of patients without a diabetes or prediabetes diagnosis based on ICD-9CM/ICD-10 codes, without a new HbA1c level in the prediabetes or diabetes range, and without
medication use (metformin, insulin, hypoglycemic agents) to establish the NPV of the algorithm. We used
SAS version 9.4 (SAS Institute Inc.) to calculate the PPV and NPV with the corresponding 95 percent
confidence intervals. We then used the confirmed categories to calculate the prevalence of normal,
prediabetes, and diabetes status as well as the prevalence of previously undiagnosed prediabetes,
previously undiagnosed diabetes, and poorly controlled diabetes.

Ethics Approval
The study was approved by the MVAHS Institutional Review Board.

Results
The algorithm yielded a total sample of 1,655 patients. We selected patients only from large clinics
(Broward and Miami) for a total of 1,190 patients (excluding six duplicates). Of those, 88.4 percent
(1,053 patients) were men. Using the algorithm, we classified patients as follows: 13 percent new
prediabetes (160 patients), 10 percent known prediabetes (113 patients), 1 percent new diabetes (16
patients), 35 percent known diabetes (423 patients), and 40 percent normal (478 patients). Prediabetes
was detected in 23 percent of patients who had an HbA1c during the selected two-week period. We
randomly selected 25 percent of each diagnosis group to reach an overall sample of 300 patients. The
demographic characteristics and number of patients in each categorization group are listed in Table 3. In
the sample of 68 patients with prediabetes, 60 percent had a prior HbA1c value in the prediabetes range
but did not have a corresponding diagnosis or treatment recommendations.
In the sample of eight new diabetes cases, none of the patients had a prior HbA1c value in the
diabetes range. The PPVs for the algorithm were 80 percent for new prediabetes, 100 percent for known
prediabetes, 75 percent for new diabetes, and 100 percent for known diabetes. The NPV of the algorithm
for not having known prediabetes, new prediabetes, known diabetes, and new diabetes was 90 percent for
all categories. The PPV for all cases of diabetes was 98 percent, and the PPV for all cases of prediabetes
was 88 percent. See Table 4.
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Discussion
Our study found that an EHR-based algorithm is accurate in the mass identification of patients with
undiagnosed prediabetes. Our algorithm showed high PPV and NPV, confirming its reliability as a tool.
We used different variables, such as ICD-9/ICD-10 diagnostic codes, HbA1c laboratory value, and
medication use (metformin, oral, and non-oral hypoglycemic agents), to accurately classify a patient as
having prediabetes or diabetes. According to Wilke et al., the use of more than one parameter for patient
identification when using an algorithm increases the PPV.29
The strengths of our study are the large sample size, the multicomponent algorithm that was tested,
the access to complete medical records for validation, and the rigorous validation protocol. Nevertheless,
our study had several limitations that need to be mentioned: Our sample included mostly male veterans
receiving care at MVAHS. We did not include comorbidities other than the ones related to diabetes, such
as macrovascular and microvascular complications. The generalizability of the algorithm to other sites is
unknown; however, any practice with an at-risk population should have similar amount of data and a
captive population. We included patients who had an HbA1c level obtained during a two-week period;
however, given our weekly reports from this algorithm, the prevalence of abnormal values during this
period was likely to be similar to that found during any other period. We validated the results in only a
sample of all the patients; however, we randomly selected 25 percent of a large population for this
sample.
Prevention programs, such as the Diabetes Prevention Program (DPP), have shown that the
development of T2DM can be delayed or prevented with weight reduction and metformin use.30 However,
health systems have no systemwide mechanisms to identify patients with prediabetes in order to deploy
such strategies. A study conducted among National Health and Nutrition Examination Survey (NHANES)
respondents revealed that only 11 percent of individuals with HbA1c values in the prediabetes range were
aware of having this condition.31 To date, we have relied on each individual provider to test patients and
adhere to diabetes prevention guidelines, by referring patients for weight loss and nutritional interventions
or by prescribing metformin.32 Although such interventions have been found effective in clinical trials,33
the identification, referral, uptake, and effectiveness of the clinic-based approach has been limited in realworld settings. The reasons are multifactorial but could be summarized as a mismatch between the time
and resources needed to identify at-risk patients and engage them in lifestyle changes to modify their
health behaviors, and the time and resources that are available during the clinic visit.34
In the VA Healthcare System, many options are available for patients at risk of diabetes, such as
education, nutrition counseling, medication, and prevention programs, such as the weight-management
health promotion program MOVE!35–37 However, only 30 percent of patients at risk received one of these
interventions. The VHA has previously reported that participation in lifestyle modification programs such
as MOVE! is low; it is reported to be used only by 2 percent of the VHA outpatient population (more than
5.5 million).38 Older age, physical conditions, low literacy levels, higher prevalence of homelessness, and
mental health disorders are present in veterans and make it harder to apply weight-loss programs among
this population. The MOVE! was less frequently used in medical centers with higher home instability and
lower rates of obesogenic psychiatric drug prescriptions, and veterans living farther away from a VHA
hospital are less likely to attend the program, because of proximity-related barriers.39 A recent evaluation
of a VHA adaption of a DPP-intervention revealed that the main barrier to the dissemination of the
intervention was reaching those who could benefit.40 In that adaptation, they screened for prediabetes by
offering an HbA1c test to those who attended a MOVE! orientation session, which limited the reach of
their intervention.41 In this population of MOVE! participants, they found a prevalence of prediabetes that
ranged from 22 percent to 31 percent, which is consistent with our finding of 23 percent among those who
had an HbA1c test ordered by a provider in response to the VA recommendation of checking HbA1c
levels among veterans older than 45 years with a BMI of 25 kg/m2 or higher.42 The advantage of the
population-based approach is that we can use a computer-driven algorithm to identify the glycemic health
of hundreds of patients per month, classifying the patients as having normal, prediabetes, or diabetes
glycemic status.
Researchers, health plan administrators, and policy makers have used EHRs and databases, such as
the one from Medicare, to identify patients at risk of chronic conditions.43–46 The advantage of claims-
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based algorithms is that they can be used for a variety of different outcomes.47 Specifically for diabetes,
strategies using EHR data have been successfully used for patient identification and stratification.48–52
Extending these strategies to patients at higher risk of diabetes may help providers refer patients to
nutritional or other existing services and, in the case of the VA, may increase the reach of programs such
as MOVE! or community DPP-based intervention programs.53 Gopalan et al. found that prediabetesaware individuals in the NHANES database were 50 percent more likely to engage in physical activity
and healthy diet than those who were unaware of their prediabetic status.54 This finding suggests that a
population health strategy aiming at increasing identification and awareness of the condition may lead to
more adherence to lifestyle change recommendations. Healthcare providers in capitated systems that are
evaluated and reimbursed based on their quality metrics should be particularly interested in testing such
an approach.55
In conclusion, our algorithm accurately mass-identifies veterans with undiagnosed prediabetes as well
as those with diagnosed but poorly controlled diabetes. Identifying patients at risk is the first step to
implement prevention interventions on a larger scale. Future studies should provide evidence that using a
technology-based population health approach can both identify patients at risk of diabetes and effectively
engage them in preventive care strategies to delay the onset of diabetes.
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Table 1
Data Collected by the Algorithm
Patient name
Last four digits of Social Security number
Gender
Requesting location
Requesting staff
Requesting staff service
Date and time entered
Date and time completed
HbA1c value
Confirmed:
Y = Yes, least two HbA1c values ≥6.5 percent
N = No, only one HbA1c value ≥6.5 percent
Prediabetes diagnosis:
Yes/blank
ICD-10: R73.09, R73.9 ,R73.01, or R73.02
Diabetes diagnosis:
Yes/blank
ICD-9-CM: 250.**
ICD-10: E11.**, E10.**
Ischemic disease (Note: Patient could have other ischemic
diseases, but the system displays only one if any.)
Active metformin
Active oral medication other than metformin
Active nonoral medication

Prediabetes Case Identification: Accuracy of an Automated Electronic Health Record Algorithm

Table 2
Group Categorization Definitions
Group
Prediabetes
Diabetes
Known diabetes

Known prediabetes

New diabetes

New prediabetes
Normal

Criteria
At least 2 HbA1c levels ≥5.7 to 6.4
percent
At least 2 HbA1c levels ≥6.5 percent
ICD-9-CM diabetes (250.00)
ICD-10 diabetes (E11.9)
At least 2 HbA1c levels ≥6.5 percent
Diabetes medications: glipizide,
glyburide, glimepiride, Lantus,
Humalog, NovoLog, Metformin
ICD-9-CM prediabetes (790.29)
ICD-10 prediabetes (R73.03)
Metformin
At least 2 HbA1c levels ≥6.5 percent
No medications
No diagnosis
At least 2 HbA1c levels ≥5.7 – 6.4
percent
No diagnosis of diabetes
No diagnosis of prediabetes
No medications
No 2 or more HbA1c levels ≥5.7
percent

Note: Participants should meet at least one definition criteria to be placed in each category.
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Table 3
Demographic Characteristics of the Sample and Number of Participants in Each Categorization
Group
Characteristics

All
(n = 300)

Gender Male
Female
Age
BMI
Hemoglobin A1c
level

266
34
61.61
29.90
6.22

New
Known
Prediabetes Prediabetes
(n = 40)
(n = 28)
34
23
6
5
61.82
59.54
29.43
31.28
5.79
6.03

New
Diabetes
(n = 4)
4
0
64.75
32.60
7.08

Known
Diabetes
(n = 107)
101
6
67.71
31.22
7.52

Normal
(n = 121)
104
17
56.52
28.45
5.22

Prediabetes Case Identification: Accuracy of an Automated Electronic Health Record Algorithm

Table 4
Positive Predictive Value (PPV) and Negative Predictive Value (NPV) among the Diabetes
Categorization Groups

Groups
New prediabetes
Known prediabetes
New diabetes
Known diabetes

Number of
Patients
40
28
4
107

PPV

NPV

0.8
1
0.75
1

0.90
0.90
0.90
0.90
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Figure 1
Diabetes and Prediabetes Categorization Algorithm Flowchart

Prediabetes Case Identification: Accuracy of an Automated Electronic Health Record Algorithm

Figure 2
Flowchart of Steps for Electronic Health Record Review

Review lab values: HbA1c

Review problems list: Diagnosis of diabetes, prediabetes, microvascular complications,
macrovascular complications

Review medication list: metformin, glipizide, glyburide, glimepiride, Lantus, Humalog,
NovoLog
Review last attending physician’s note: Diagnosis of diabetes or prediabetes, diagnosis of
microvascular or macrovascular disease, medications

