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Objective: While the American Diabetes Association (ADA) screening guidelines have been used 
widely, the way they are implemented and adapted to a particular setting can impact their practical 
application and usage. Our primary objective was to validate a best practice advisory (BPA) 
screening algorithm informed by the ADA guidelines to identify patients eligible for hemoglobin a1c 
(HbA1c) testing in the emergency department (ED). 

Methods: This cross-sectional study included adults presenting to a large urban medical center’s 
ED in May 2021. We used sensitivity, specificity, likelihood ratios, and predictive values to estimate 
the algorithm’s ability to correctly identify patients eligible for diabetes screening, with manual chart 
review as the reference standard. Eligibility criteria targeted patients at risk for diabetes who were 
likely unaware of their elevated HbA1c. We also calculated the area under the receiver operating 
characteristic curve (AUC).  

Results:  In May 2021, 2,963 (77%) of the 3,850 adults admitted to the ED had a routine lab 
ordered. Among those, 796 (27%) had a BPA triggered, and of those 631 (79%) had an HbA1c test 
completed. The algorithm had acceptable sensitivity (0.69, 95% confidence interval [CI] 0.66-0.72), 
specificity (0.91, CI 0.89-0.92), positive predictive value (0.75, CI 0.72-0.78) and negative predictive 
value (0.88, CI 0.86-0.89). The positive likelihood ratio (7.39, CI 6.35-8.42 ) was adequate, and 
the negative likelihood ratio (0.34, CI 0.30-0.37) was informative. The AUC of 0.74 (CI 0.72-0.77) 
suggests that the algorithm had acceptable accuracy. 

Conclusion: Findings suggest that an electronic health record-based algorithm informed by the 
ADA guidelines is a valid tool for identifying patients presenting to the ED who are eligible for HbA1c 
testing and may be unaware of having prediabetes or diabetes. The ease of workflow integration 
and high yield of potentially undiagnosed diabetes and prediabetes makes the BPA algorithm an 
appealing method for diabetes screening within the ED. [West J Emerg Med. 2025;XX(X)XXX–XXX.]
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Population Health Research Capsule

What do we already know about this issue?
Diabetes screening in the emergency 
department (ED) offers diabetes prevention 
opportunities to patients of low socioeconomic 
status who may be overlooked in primary care

What was the research question?
Can an algorithm embedded into an electronic 
health record system validly screen patients at 
risk for diabetes in the ED?

What was the major finding of the study?
The algorithm is valid based on performance 
characteristics (eg, sensitivity, specificity, area 
under the ROC curve).

How does this improve population health?
The ease of workflow integration and high 
yield of potentially undiagnosed diabetes and 
prediabetes make the algorithm an appealing 
method for diabetes screening within the ED.

INTRODUCTION
Diabetes affects approximately 38 million adults and 

is the seventh leading cause of death in the United States.1 
Type 2 diabetes accounts for over 90% of all people with 
diabetes.2 Approximately 23% of individuals with type 2 
diabetes, and 80% of those with prediabetes (an intermediate 
high-risk condition for type 2 diabetes) are unaware of their 
condition.1 While diabetes screening has commonly been 
offered in primary care settings,3,4 certain populations do 
not routinely use primary care services.5-9 These populations 
include those with less educational attainment,10 low 
socioeconomic status,11,12 no or inconsistent health insurance 
status,13-15 certain racial and ethnic minority backgrounds,16-18 
and those with poor English literacy.19,20 These groups are 
also more disproportionately burdened by diabetes and 
its associated complications.21,22 Therefore, individuals at 
greater risk for diabetes are less likely to be screened for 
diabetes in primary care.23 

Concurrently, those disproportionately affected by 
diabetes frequently use emergency department (ED) 
services.24-28 The ED setting, traditionally thought to focus 
on providing emergent and urgent healthcare, may be an 
opportune environment to introduce targeted preventative 
services for populations that do not routinely use primary 
care services.29,30 Studies in the US have shown that diabetes 
screening in the ED using hemoglobin A1c (HbA1c) as the 
diagnostic test is feasible.31-36 Additionally, retrospective 
studies in the US have reported a higher prevalence of 
undiagnosed diabetes and prediabetes in the ED compared 
to the national average.37,38 The higher prevalence of 
undiagnosed diabetes and prediabetes in the ED may reflect 
the prevalence of undiagnosed disease among vulnerable 
populations that frequently use the ED and are at greater risk 
for diabetes-related complications.23,24 Therefore, offering 
diabetes screening  and conducting HbA1c testing in the ED 
may provide a “safety net” to patients who underuse or have 
limited access to primary care services to prevent downstream 
complications and healthcare costs.29,30 

Previously reported diabetes screening initiatives within 
the ED were conducted within a controlled research setting 
and do not reflect implementation efforts within a real-world 
ED practice setting.31-33 Electronic health record (EHR)-
based clinical decision support tools, such as a best practice 
advisory (BPA), have been used for screening patients in the 
ED and could be an efficient tool for identifying diabetes 
at-risk patients in the acute care setting.39,40 A BPA is a pop-
up message built into the EHR that can remind, guide, or 
prompt clinician action in the course of patient care.41,42 Such 
automated EHR-driven tools have been used successfully for 
identifying and screening high-risk patients for HIV43,44 and 
hepatitis C45,46 in the ED. In 2020, the Innovating Diabetes 
Screening in Emergency Departments and Linkage Services 
(IDEAL) project implemented a routine, EHR-based diabetes 
screening BPA in the ED at the University of Illinois Hospital 

and Health Sciences (UI Health) System. The program was 
designed to identify ED patients with undiagnosed prediabetes 
or diabetes and facilitate appropriate linkage to care, which 
has been described elsewhere.47 The BPA algorithm is 
informed by the American Diabetes Association (ADA) 
screening guidelines.48

While the ADA guidelines have informed previously 
reported diabetes screening efforts within the ED 
setting,31-33,38,49 the way the guidelines are implemented and 
adapted to a particular setting can have an important impact 
on their practical application or utilization.50-52 For example, 
using personnel to identify patients at risk for diabetes can be 
resource-intensive, difficult to implement within non-research 
settings, and prone to human error.31,53,54 The advent of the 
EHR and its clinical decision support tools, like BPAs, make 
it possible to use technology to aid screening initiatives and 
eliminate inefficiencies.55-58 While the use of clinical decision 
tools to identify at-risk patients is more common, only some 
tools have been validated to demonstrate that they are accurate 
in identifying the intended population.55,59 The validation of 
an EHR-based algorithm informed by the ADA guidelines to 
identify ED patients with potentially undiagnosed prediabetes 
or diabetes has not been previously reported. Therefore, our 
objective was to validate an EHR-based diabetes screening 
BPA informed by the ADA guidelines in identifying eligible 
patients for HbA1c testing in the ED using commonly 
extractable elements from patients’ health records.
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METHODS 
Study Population

We performed a cross-sectional cohort study of adults 
(>18 years old) presenting to the UI Health ED in May 
2021 with a routine diagnostic lab ordered. An automatic 
report generated through the hospital’s EHR (Epic Systems 
Corporation, Verona, WI) identified the cohort. The University 
of Illinois Chicago Institutional Review Board reviewed and 
approved this study. A visual representation of the program 
can be seen in the Appendix figure. 

The screening algorithm was informed by the ADA 
guidelines and was simplified for ease of implementation.48 
The algorithm identified those eligible for HbA1c testing 
based on the following criteria: 1) patients >45 years old; or 
2) patients >18 years old with a body mass index (BMI) of 
≥25 kg/m2; and 3) no history of diabetes; and 4) no HbA1c 
test result three years preceding the ED visit. If BMI was 
missing at the visit, the algorithm used the most recent BMI 
on file. The algorithm did not trigger a BPA if no previous 
BMI was available or if age was missing. The algorithm 
used diagnosis-related group codes associated with diabetes 
to identify a history of diabetes within specific searchable 
fields. The algorithm searched for a previous HbA1c test 
result in the patient’s lab results in the EHR. The algorithm 
could not search through free text or information shared by 
other health systems via the integrated EHR network (ie, 
EpicCare Everywhere). If a patient presenting to the ED with 
a routine diagnostic lab ordered met the screening criteria, the 
algorithm triggered a BPA, which would notify the clinician 
that the patient could be at risk for diabetes and was eligible 
for diabetes screening (ie, HbA1c testing). The clinician could 
then “add” a preselected HbA1c test to the existing lab order.

Measures
The following parameters informed the EHR algorithm: 

age (continuous); BMI (continuous); history of diabetes 
(dichotomous); and history of HbA1c test within three years 
(dichotomous) at the time of the ED visit. The inputs for the 
algorithm were obtained using automatic reports generated via 
the EHR and manual chart extraction. Automatic reports for 
algorithm inputs were available for patients with a BPA triggered. 
No report for “potential inputs” was available for patients who 
did not have a BPA triggered. In the interest of time, researchers 
randomly sampled 10% of all patients without a BPA triggered, 
stratified by race and ethnicity, and identified the inputs that likely 
informed the BPA during the ED visit via manual chart review. 
Five individuals (MS, PP, JP, AA, PK) conducted a manual chart 
review from September 2021–October 2022 to identify reference 
values for checking against the algorithm inputs to verify whether 
the BPA was triggered or failed to be triggered appropriately. For 
all manual data extraction, one individual initially extracted the 
data, and a second individual double-checked each item. 

Personnel manually verified the algorithm input for BMI 
against the BMI taken during the ED visit and the algorithm 

input for age reported against the date of birth entered in 
the patient’s EHR. A history of diabetes was assessed by 
searching for the words “diabetes,” “DM,” “type 2 diabetes,” 
“T2D,” “T2DM,” “preDM,” and “prediabetes” using the 
chart search function in Epic, which searches through notes, 
entries, and scanned documents for the keywords (including 
their synonyms) within the EHR and across the Care 
Everywhere network. Similarly, HbA1c history was assessed 
using keywords such as “HbA1c” and “hemoglobin a1c” 
to help parse through laboratory results. Hemaglobin A1c 
testing is unreliable for diagnosing prediabetes or diabetes 
in patients with sickle cell anemia or HIV, or in women who 
are pregnant.48 To maximize the ease of implementation, no 
associated exclusion criteria was built into the algorithm at the 
time. During the chart review, BPA triggers among patients 
who were identified with the aforementioned conditions 
during their ED visit were flagged and counted against the 
algorithm since further assessment is needed to diagnose these 
patient populations (ie, false positives).

Statistical Analysis
We used the Student t-test (and Wilcoxon rank sum 

test for non-normally distributed data) and chi-square 
tests to compare continuous and categorical demographic 
characteristics, respectively, for the BPA-triggered and no 
BPA-triggered groups. We generated two-by-two tables for 
BPA alerts against manual chart review results. We reported 
estimates for sensitivity, specificity, predictive values, 
and likelihood ratios. The sensitivity and specificity were 
considered acceptable if the sum of the two values was at least 
150%.60,61 The sensitivity is the algorithm’s ability to correctly 
identify the proportion of patients who are truly eligible 
for HbA1c testing in the ED. Specificity is the algorithm’s 
ability to identify the proportion of ED patients who are truly 
ineligible for HbA1c testing.60 The positive predictive value 
(PPV) represents the probability of an individual who had a 
BPA triggered being truly eligible for HbA1c testing, while 
the negative predictive value (NPV) represents the probability 
of an individual who did not have a BPA triggered being truly 
ineligible for HbA1c testing.61 

Based on existing literature, the prevalence of 
undiagnosed diabetes in the ED is approximately 30%.37,62 
Assuming a minimum sensitivity and specificity of 75% 
for both with a 30% prevalence, the minimum desired PPV 
and NPV are calculated to be 56% and 88%, respectively.61 
Likelihood ratios are not influenced by disease prevalence 
and summarize the extent to which the algorithm changes the 
initial likelihood of the patient’s eligibility for HbA1c testing 
(ie, pretest probability) to a more accurate estimate of the 
patient’s eligibility (ie, posttest probability).63,64 A positive 
likelihood ratio (LR+) between 5-10 and a negative likelihood 
ratio (LR-) between 0.1-0.2 were deemed acceptable.64 We 
reported associated standard errors and 95% confidence 
intervals (CI). 
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We built receiver operating characteristic (ROC)  curves 
to evaluate the algorithm’s accuracy using age, BMI, history 
of diabetes, and history of HbA1c test within three years of 
the ED visit based on a weighted logistic regression model. 
The binary outcome of interest was correct BPA determination 
of HbA1c eligibility, defined as the BPA firing (or not firing) 
appropriately when verified by the medical chart review as 
the reference standard. We estimated sampling weights based 
on the underlying distribution of race and ethnicity within 
the overall population. The area under the curve (AUC) 
was generated for each model.65 An AUC between 0.7-0.8 
is acceptable, and above 0.8 is considered excellent.66 We 
performed all statistical analyses using SAS software version 
15.2 (SAS Institute Inc., Cary, NC). Statistical analysis was 
completed in April 2023.

RESULTS
In May 2021, 2,963 (77%) of the 3,850 adults presenting 

to the UI Health ED had a laboratory test ordered. Of those, 
796 (27%) had a BPA triggered, with 631 (79%) of those 
triggers leading to completed HbA1c tests. A cohort of 221 
patients was randomly selected for manual data extraction 
among the 2,167 patients who did not trigger a BPA. A 
cascade diagram of the algorithm can be seen in the Figure. A 
greater proportion of males had a BPA triggered compared to 
the proportion of females (33% vs 23%, P<0.01) (Table 1). 

The BPA-triggered group tended to be older (51 vs 46, 
P<0.01) with a similar BMI (30 vs 30, P = 0.124) compared to 
the no-BPA-triggered group. Most patients across both groups 
were non-Hispanic Blacks, although a smaller proportion of 

non-Hispanic Blacks (24%) and Hispanics (29%) had a BPA 
triggered compared to other identified racial groups. There 
was a greater proportion of uninsured (39%), other (39%), 
and privately insured patients (33%) compared to those with 
Medicare (25%) and Medicaid (23%). A two-by-two table can 
be seen in Table 2. 

The algorithm had an acceptable sensitivity (0.69, 95% 
CI 0.66-0.72), specificity (0.91, CI 0.89-0.92), PPV (0.75, CI 
0.72-0.78) and NPV (0.88, CI:0.86-0.89) (Table 3). The LR+ 
was also acceptable (7.39, CI 6.35-8.42 ), and although the 
LR- (0.34, CI 0.30-0.37) was greater than the predetermined 
cut-off, values between 0.2 and 0.5 can still be significant in 
driving change in pretest to posttest probability.64 The AUC 
of 0.74 (CI 0.72-0.77) suggests that the algorithm displayed 
acceptable accuracy.66

DISCUSSION
We sought to evaluate the accuracy of adapting the ADA 

guidelines to identify ED patients at risk of diabetes who were 
likely unaware of their condition via an EHR-based algorithm. 
To our knowledge, this is the first study validating a BPA 
diabetes screening algorithm informed by the ADA guidelines 
to identify eligible patients for HbA1c testing within the 
ED. The performance characteristics of the algorithm were 
acceptable, especially given the ease with which screening 
was integrated into the existing ED workflow and the yield of 
patients identified with abnormal HbA1c who would require 
resources to facilitate linkage to primary care. We conclude 
that the EHR-based algorithm informed by the ADA is a 
valid tool to identify patients with potentially undiagnosed 
prediabetes and diabetes within the ED. 

The algorithm had high specificity (0.91), indicating 
that it was effective in correctly excluding patients who 
were not eligible for HbA1c testing, which is desirable when 
resources are limited.67 The high yield of abnormal HbA1c 
among those screened (Figure) who will require follow-
up and possible linkage to care makes a highly specific 
screening algorithm desirable.61,68 The high NPV (0.88) 
minimizes the likelihood of missing eligible patients for 
testing among those who did not have a BPA triggered.68 
This is important since screening in the ED provides a safety 
net for patients who may not be screened in other settings 
(ie, primary care).29 The PPV (0.75) is acceptable while 
moderate, given that the HbA1c lab draw is easily added due 
to the BPA and is relatively inexpensive to run.68,69 

Also, the LR+ and LR- are intuitively related to ruling 
out and ruling in, respectively, of patient’s true eligibility for 
diabetes screening in the ED.64,70 The LR+ (7.4) gives moderate 
assurance that when the BPA did not trigger, the patient was 
truly ineligible for HbA1c testing. The LR- (0.34) may mean 
that when the BPA triggers, the patient may actually not have 
been eligible for testing. This likely reflects the algorithm’s 
inability to identify accurate identify certain inputs, which 
results in the BPA misfiring (eg, a patient with a history of 

Figure. Cascade diagram of patients eligible for diabetes 
screening in the emergency department. 
ADA, American Diabetes Association; BPA, best practice advisory; 
ED, emergency department.

Routine Laboratory 
Diagnostics ordered

Admitted to ED in May 2021 
(N=3,850)

Yes (N=2,963) No (N=887)

BPA fired

Yes (N=796) No (N=2,167)

HbA1c test 
resulted

Yes (N=631) No (N=165)

Elevated (≥5.7%) = 294 
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Table 1. Patients with best practice advisory triggered vs none triggered based on the modified American Diabetes Assocation 
screening algorithm.

Total cohort (N=2,963) BPA triggereda (n=796) No BPA triggered (n=2,167)  P-valueb

Sex, n (%) <0.01
Male 1,182 (39.9) 394 (33.3) 788 (66.7)  
Female 1,781 (60.1) 402 (22.6) 1,379 (77.4)  

Age, mean (SD) 48 (17.9) 51 (17.1) 46 (18.1) <0.01
Age, n (%) <0.01

18-44, n (%) 1,376 (46.4) 279 (20.3) 1,097 (79.7)  
45-64, n (%) 1,003 (33.9) 330 (32.9) 673 (67.1)  
65+, n (%) 584 (19.7) 187 (32) 397 (68)  

BMI, mean (SD) 30.1 (8.8) 30.4 (8.7) 30 (8.9) 0.24
Race/ethnicity, n (%) <0.01

Hispanic 763 (25.8) 218 (28.6) 545 (71.4)  
White, non-Hispanic 290 (9.8) 114 (39.3) 176 (60.7)  
Black, non-Hispanic 1,649 (55.7) 389 (23.6) 1,260 (76.4)  
Asian, non-Hispanic 99 (3.3) 38 (38.4) 61 (61.6)  
Other, non-Hispanic 125 (4.2) 29 (23.2) 96 (76.8)  
Unknown 37 (1.3) 8 (21.6) 29 (78.4)  

Insurance, n (%) <0.01
Medicaid 1,374 (46.4) 316 (23) 1,058 (77)  
Medicare 760 (25.7) 192 (25.3) 568 (74.7)  
Private 613 (20.7) 204 (33.3) 409 (66.7)  
Other 36 (1.2) 14 (38.9) 23 (63.9)
Uninsured 180 (6.1) 70 (38.9) 110 (61.1)

aInformed by the American Diabetes Association 2020 screening guidelines, focused on patients 1) >18 with a BMI ≥ 25 kg/m2 or ≥ 45 years 
old; and 2) without a previous diabetes diagnosis and without a previous hemoglobin A1c test in their chart within the previous 3 years.48

bBoldface indicates statistical significance (P<0.05).
BMI, body mass index; BPA, best practice alert.

Table 2. Modified American Diabetes Assocation- and simulated US Preventive Services Task Force-electronic health record algorithm 
best practice alerts by manual chart review.a

ADA 
Manual chart review

EHR algorithm The BPA should have triggered The BPA should not have triggered Total
BPA triggered 599 197 796
No BPA triggered 265 1,902 2,167
Total 864 2,099 2,963 

aThe upper left-hand quadrant represented true positives (ie, patients for whom BPA triggering was deemed appropriate after verifying the 
four parameters of interest through the manual chart review process). The lower right-hand quadrant represented true negative (ie, patients 
for whom BPA correctly failed to trigger, also verified by manual chart review). The upper right-hand quadrant represented false positives (ie, 
patients for whom a BPA was triggered when it should not have been based on manual chart review. Finally, the lower left-hand quadrant 
represented false ineligible patients (ie, patients for whom the BPA failed to trigger but should have based on manual chart review).
ADA, American Diabetes Association; BPA, best practice advisory; EHR, electronic health record.

diabetes or previous HbA1c test was not searchable in the 
UI Health EHR). However, overall, the algorithm displayed 
acceptable accuracy, as seen in the AUC value of 0.74,66 
especially when considering that the screening implementation 

method (ie, EHR-based BPA) allowed for easy integration 
into the existing ED workflow, the cost of testing is relatively 
inexpensive, and the volume of patients identified with 
abnormal HbA1c that require care coordination follow-up.69
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Table 3. Test characteristics of modified American Diabetes 
Association- and simulated US Preventive Services Task Force-
informed electronic health record screening algorithm.

ADA

Estimate SE 95% CI
Sensitivity 0.69 0.02 (0.66 - 0.72)
Specificity 0.91 0.01 (0.89 - 0.92)
PPV 0.75 0.02 (0.72 - 0.78)
NPV 0.88 0.01 (0.86 - 0.89)
LR+ 7.39 0.53 (6.35 - 8.42)
LR- 0.34 0.02 (0.30 - 0.37)
AUC 0.74 0.01 (0.72 – 0.77)

AUC, area under the receiver operator curve; CI, confidence 
interval; ED, emergency department; HbA1c, hemoglobin A1c; LR+, 
positive likelihood ratio; LR-, negative likelihood ratio; NPV, negative 
predictive value; PPV, positive predictive value; SE, standard error.

Previously reported diabetes screening programs 
in the ED within the US are resource-intensive and can 
be burdensome to implement, particularly if screening 
procedures disrupt the ED workflow.31-33,53 Screening 
strategies that are easily integrated into existing system 
processes will be essential for successful program 
implementation and maintenance across ED health 
systems.71,72 An EHR-based algorithm facilitates the ease of 
ED workflow integration, given that most hospitals in the 
US use an electronic record system and are familiar with 
BPAs.73,74 Previous EHR-based screening programs have 
been successfully implemented in acute care settings (ie, 
such as those for HIV and hepatitis C).44,56,75 Our findings and 
other reports from the IDEAL program affirm the feasibility 
and efficiency of using a routine EHR-based diabetes 
screening algorithm and a clinical decision support tool 
(such as the BPA) in the emergency care setting.47 

The IDEAL program has found that approximately half 
of those tested had an abnormal HbA1c, and 75% of patients 
with abnormal results who were successfully followed up 
indicated they were unaware of their condition.47 This suggests 
that patients eligible for HbA1c testing at the UI Health ED 
have a significant likelihood of having an abnormal HbA1c 
result, likely indicative of an undiagnosed condition. These 
findings are consistent with previously published literature and 
highlight the impact this EHR-based diabetes screening tool 
may have.37,47,62 

LIMITATIONS
There are several limitations to the study. The algorithm 

cannot search free text (eg, clinician notes) or information 
shared via Epic Care Everywhere, which is a literature-
reported limitations and source of misclassification errors in 
EHR data.76 Additionally, the algorithm was developed using 
the 2020 ADA guidelines,48 and our findings do not directly 

reflect the updated 2022 ADA guidelines, which lowered the 
screening age to 35.77 However, recent literature has found 
that the ADA guidelines maintained high sensitivity even 
when lowering the age threshold for screening.78 To ease the 
implementation process, the algorithm did not differentiate 
based on race (eg, Asian American), comorbidities (eg, 
hypercholesterolemia or hypertension), or family history (eg, 
first-degree relative with diabetes) since these parameters are 
often unreliably entered into the records but are recommended 
factors for consideration in the guidelines.48,79 Additionally, the 
algorithm did not exclude patients with a history of sickle-cell 
anemia, HIV, or women who were pregnant; however, BPA 
firings among these patients counted against the algorithm 
as predetermined by the research team, since HbA1c testing 
is unreliable in diagnosing prediabetes and diabetes in 
these patients.48 Future versions may attempt to account for 
these specifications. While we could not measure the true 
prevalence of HbA1c testing eligibility, we used previously 
reported estimates of undiagnosed diabetes in the ED to 
inform our acceptable ranges for PPV and NPV, which are 
influenced by disease prevalence. 

Our present validation study was conducted at a single site 
within a one-month period. Upon expansion of the program, 
future validation efforts should include multiple sites across 
a wider timeframe. Finally, the UI Health care coordination 
team attempted to follow up with patients with an abnormal 
HbA1c result and found that approximately 25% of those who 
were followed up by care coordination services indicated they 
were previously aware of an existing prediabetes or diabetes 
condition. However, we could not verify this information 
during the chart review and possibly misclassified these 
patients due to missing EHR information. 

CONCLUSION
Findings suggest that an electronic health record-based 

algorithm informed by the American Diabetes Association 
guidelines is a valid tool for identifying patients presenting 
to the ED who were at risk for diabetes and, if upon testing 
had an elevated HbA1c, were likely unaware of having 
prediabetes or diabetes. The ease of workflow integration 
and high yield of potentially undiagnosed diabetes and 
prediabetes make the BPA algorithm an appealing method 
for diabetes screening within the acute care setting. Future 
research initiatives include validating any updates to the 
algorithm and exploring effective linkage to care strategies 
and cost-effectiveness studies. 

ACKNOWLEDGMENTS
The authors would like to thank Carlie Paul, the UI Health 

Diabetes Education Program Coordinator, and Anthony M. 
Heard, the UI Health Director of Care Management, and his 
team for their contribution to the IDEAL program. The authors 
would also like to thank Dr. Todd A. Lee for his mentorship 
and guidance in the analytical approaches for the study.



Articles in Press	 7	 Western Journal of Emergency Medicine

Smart et al.	 Validating an EHR Algorithm for Diabetes Screening in the ED

Address for Correspondence: Angela Kong, PhD, University of 
Illinois Chicago, Department of Pharmacy Systems, Outcomes 
and Policy, College of Pharmacy, 833 South Wood St., M/C 886, 
Chicago, IL 60612. Email: akong@uic.edu.

Conflicts of Interest: By the WestJEM article submission agreement, 
all authors are required to disclose all affiliations, funding sources 
and financial or management relationships that could be perceived 
as potential sources of bias. This work was supported by Novo 
Nordisk A/S (grant number ISS-001235, principal investigators JYL 
and BTL). The sponsor was involved in the decision to submit the 
manuscript for publication; they were not involved in the design and 
conduct of the study; collection, management, analysis, interpretation 
of the study; or writing the report. Janet Y. Lin reported receiving 
grant funding from Novo Nordisk A/S during the conduct of the study 
and Xeris Biopharma Holdings Inc. outside the submitted work. 
Brian T. Layden is supported by the National Institutes of Health 
under Award Number R01DK104927 and P30DK020595; and the 
Department of Veterans Affairs, Veterans Health Administration, 
Office of Research and Development, VA merit (Grant No. 
1I01BX003382). Kirstie K. Danielson, Anjana Bairavi Maheswaran, 
and Brett Rydzon reported receiving grant funding from Novo Nordisk 
A/S during the conduct of this study. There are no other conflicts of 
interest or sources of funding to declare.

Copyright: © 2025 Smart et al. This is an open access article 
distributed in accordance with the terms of the Creative Commons 
Attribution (CC BY 4.0) License. See: http://creativecommons.org/
licenses/by/4.0/

REFERENCES
1.	 Centers for Disease Control and Prevention. National Diabetes 

Statistics Report website. 2024. Available at: https://www.cdc.gov/
diabetes/php/data-research/index.html. Accessed December 2, 2024.

2.	 American Diabetes Association. Diagnosis and classification of 
diabetes mellitus. Diabetes Care. 2014;37 Suppl 1:S81– 90. 

3.	 Ealovega MW, Tabaei BP, Brandle M, et al. Opportunistic screening for 
diabetes in routine clinical practice. Diabetes Care. 2004;27(1):9–12. 

4.	 Siu AL, Force USPST. Screening for abnormal blood glucose and 
type 2 diabetes mellitus: U.S. Preventive Services Task Force 
recommendation statement. Ann Intern Med. 2015;163(11):861–8. 

5.	 Pazol K, Robbins CL, Black LI, et al. Receipt of selected preventive 
health services for women and men of reproductive age - United 
States, 2011-2013. MMWR Surveill Summ. 2017;66(20):1–31. 

6.	 Brown DS, McBride TD. Impact of the Affordable Care Act on access 
to care for US adults with diabetes, 2011-2012. Prev Chronic Dis. 
2015;12:E64. 

7.	 Marcondes FO, Cheng D, Alegria M, et al. Are racial/ethnic minorities 
recently diagnosed with diabetes less likely than white individuals 
to receive guideline-directed diabetes preventive care? BMC Health 
Serv Res. 2021;21(1):1150. 

8.	 Tung EL, Baig AA, Huang ES, et al. Racial and ethnic disparities 
in diabetes screening between Asian Americans and other adults: 
BRFSS 2012-2014. J Gen Intern Med. 2017;32(4):423–9. 

9.	 Bower JK, Butler BN, Bose-Brill S, et al. Racial/ethnic differences 

in diabetes screening and hyperglycemia among US women after 
gestational diabetes. Prev Chronic Dis. 2019;16:E145. 

10.	 Hill-Briggs F, Fitzpatrick SL. Overview of Social Determinants of Health 
in the Development of Diabetes. Diabetes Care. 2023;46:1590-8.

11.	 National Academies of Sciences, Engineering, and Medicine; Health 
and Medicine Division; Board on Health Care Services; Committee 
on Health Care Utilization and Adults with Disabilities. (2018). Factors 
that affect health-care utilization. In Health-care utilization as a proxy 
in disability determination (p 24-31). Washington, DC: National 
Academies Press. 

12.	 National Center for Health Statistics (US). (2012). Trend tables. In 
Health, United States, 2011: With special feature on socioeconomic 
status and health. Hyattsville, MD: National Center for Health 
Statistics (US). Available at: https://www.ncbi.nlm.nih.gov/books/
NBK98779/. Accessed January 5, 2022.

13.	 Zhou RA, Baicker K, Taubman S, et al. The uninsured do not use the 
emergency department more. They use other care less. Health Aff 
(Millwood). 2017;36(12):2115–22. 

14.	 Ayanian JZ, Weissman JS, Schneider EC, et al. Unmet health needs of 
uninsured adults in the United States. JAMA. 2000;284(16):2061–9. 

15.	 Hoffman C, Paradise J. Health insurance and access to health care 
in the United States. Ann N Y Acad Sci. 2008;1136:149–60. 

16.	 Arnett MJ, Thorpe RJ Jr., Gaskin DJ, et al. Race, medical mistrust, 
and segregation in primary care as usual source of care: findings 
from the exploring health disparities in integrated communities study. 
J Urban Health. 2016;93(3):456–67.

17.	 Gaskin DJ, Dinwiddie GY, Chan KS, et al. Residential segregation 
and disparities in health care services utilization. Med Care Res Rev. 
2012;69(2):158–75. 

18.	 Doescher MP, Saver BG, Fiscella K, et al. Racial/ethnic inequities in 
continuity and site of care: Location, location, location. Health Serv 
Res. 2001;36(6 Pt 2):78–89. 

19.	 Cheng EM, Chen A, Cunningham W. Primary language and receipt of 
recommended health care among Hispanics in the United States. J 
Gen Intern Med. 2007;22(Suppl 2):283–8. 

20.	 American Diabetes Association. Improving care and promoting health 
in populations: standards of medical care in diabetes-2021. Diabetes 
Care. 2021;44(Suppl 1):S7–14.

21.	 Cheng YJ, Kanaya AM, Araneta MRG, et al. Prevalence of diabetes 
by race and ethnicity in the United States, 2011-2016. JAMA. 
2019;322(24):2389–98. 

22.	 Aguayo-Mazzucato C, Diaque P, Hernandez S, et al. Understanding 
the growing epidemic of type 2 diabetes in the Hispanic 
population living in the United States. Diabetes Metab Res Rev. 
2019;35(2):e3097. 

23.	 Campbell TJ, Alberga A, Rosella LC. The impact of access to health 
services on prediabetes awareness: a population-based study. Prev 
Med. 2016;93:7–13.

24.	 Hong R, Baumann BM, Boudreaux ED. The emergency department 
for routine healthcare: race/ethnicity, socioeconomic status, and 
perceptual factors. J Emerg Med. 2007;32(2):149–58. 

25.	 O‘Brien GM, Stein MD, Zierler S, et al. Use of the ED as a regular 



Western Journal of Emergency Medicine	 8	 Articles in Press

Validating an EHR Algorithm for Diabetes Screening in the ED	 Smart et al.

source of care: associated factors beyond lack of health insurance. 
Ann Emerg Med. 1997;30(3):286–91. 

26.	 Walls CA, Rhodes KV, Kennedy JJ. The emergency department 
as usual source of medical care: estimates from the 1998 National 
Health Interview Survey. Acad Emerg Med. 2002;9(11):1140–5. 

27.	 Palmer E, Leblanc-Duchin D, Murray J, et al. Emergency department 
use: Is frequent use associated with a lack of primary care provider? 
Can Fam Physician. 2014;60(4):e223–9. 

28.	 Pham JC, Bayram JD, Moss DK. Characteristics of frequent users of 
three hospital emergency departments. https://www.ahrq.gov/patient-
safety/settings/emergency-dept/frequent-use.html. Accessed January 
30, 2022.

29.	 Rhodes KV, Gordon JA, Lowe RA. Preventive care in the emergency 
department, Part I: Clinical preventive services--are they relevant to 
emergency medicine? Society for Academic Emergency Medicine 
Public Health and Education Task Force Preventive Services Work 
Group. Acad Emerg Med. 2000;7(9):1036–41. 

30.	 Stiffler KA, Gerson LW. Health promotion and disease prevention 
in the emergency department. Emerg Med Clin North Am. 
2006;24(4):849–69. 

31.	 Ginde AA, Cagliero E, Nathan DM, et al. Point-of-care glucose and 
hemoglobin A1c in emergency department patients without known 
diabetes: implications for opportunistic screening. Acad Emerg Med. 
2008;15(12):1241–7. 

32.	 Charfen MA, Ipp E, Kaji AH, et al. Detection of undiagnosed diabetes 
and prediabetic states in high-risk emergency department patients. 
Acad Emerg Med. 2009;16(5):394–402.

33.	 Menchine MD, Arora S, Camargo CA, et al. Prevalence of 
undiagnosed and suboptimally controlled diabetes by point-of-care 
HbA1C in unselected emergency department patients. Acad Emerg 
Med. 2011;18(3):326–9. 

34.	 Silverman RA, Thakker U, Ellman T, et al. Hemoglobin A1c as a 
screen for previously undiagnosed prediabetes and diabetes in an 
acute-care setting. Diabetes Care. 2011;34(9):1908–12. 

35.	 Silverman RA, Schleicher MG, Valente CJ, et al. Prevalence of 
undiagnosed dysglycemia in an emergency department observation 
unit. Diabetes Metab Res Rev. 2016;32(1):82–6. 

36.	 Anderson ES, Dworkis DA, DeFries T, et al. Nontargeted diabetes 
screening in a Navajo Nation emergency department. Am J Public 
Health. 2019;109(2):270–2. 

37.	 Sop J, Gustafson M, Rorrer C, et al. Undiagnosed diabetes in 
patients admitted to a clinical decision unit from the emergency 
department: A retrospective review. Cureus. 2018;10(10):e3390.

38.	 Sava MG, Pirrallo RG, Helsel BC, et al. Diabetes patient surveillance 
in the emergency department: proof of concept and opportunities. 
West J Emerg Med. 2021;22(3):636–43.

39.	 Ni Y, Kennebeck S, Dexheimer JW, et al. Automated clinical 
trial eligibility prescreening: increasing the efficiency of patient 
identification for clinical trials in the emergency department. J Am 
Med Inform Assoc. 2015;22(1):166–78. 

40.	 Eisenberg M, Freiman E, Capraro A, et al. Comparison of manual 
and automated sepsis screening tools in a pediatric emergency 

department. Pediatrics. 2021;147(2):e2020022590.
41.	 Fry C. Development and evaluation of best practice alerts: methods 

to optimize care quality and clinician communication. AACN Adv Crit 
Care. 2021;32(4):468–72. 

42.	 Tsai C, Patel K, Vincent A et al. 253 electronic best practice 
advisories’ effectiveness in detecting sepsis in the emergency 
department. Ann Emerg Med. 2015;66(Suppl 4):S91–2. 

43.	 Lin J, Baghikar S, Mauntel-Medici C, et al. Patient and system factors 
related to missed opportunities for screening in an electronic medical 
record-driven, opt-out HIV screening program in the emergency 
department. Acad Emerg Med. 2017;24(11):1358–68.

44.	 Burrell CN, Sharon MJ, Davis S, et al. Using the electronic 
medical record to increase testing for HIV and hepatitis C virus in 
an Appalachian emergency department. BMC Health Serv Res. 
2021;21(1):524.

45.	 Ford JS, Chechi T, Toosi K, et al. Universal screening for hepatitis C 
virus in the ED using a best practice advisory. West J Emerg Med. 
2021;22(3):719–25. 

46.	 Calner P, Sperring H, Ruiz-Mercado G, et al. HCV screening, linkage 
to care, and treatment patterns at different sites across one academic 
medical center. PLoS One. 2019;14(7):e0218388.

47.	 Danielson KK, Rydzon B, Nicosia M, et al. Prevalence of 
undiagnosed diabetes identified by a novel electronic medical record 
diabetes screening program in an urban emergency department in 
the US. JAMA Netw Open. 2023;6(1):e2253275. 

48.	 American Diabetes Association. 2. Classification and diagnosis of 
diabetes: standards of medical care in diabetes-2020. Diabetes Care. 
2020;43(Suppl 1):S14–31. 

49.	 Silverman RA, Pahk R, Carbone M, et al. The relationship of 
plasma glucose and HbA1c levels among emergency department 
patients with no prior history of diabetes mellitus. Acad Emerg Med. 
2006;13(7):722–6. 

50.	 Stirman SW, Miller CJ, Toder K, et al. Development of a framework 
and coding system for modifications and adaptations of evidence-
based interventions. Implement Sci. 2013;8:65. 

51.	 Wiltsey Stirman S, Baumann AA, Miller CJ. The FRAME: an 
expanded framework for reporting adaptations and modifications to 
evidence-based interventions. Implement Sci. 2019;14(1):58. 

52.	 Barrera M Jr, Berkel C, Castro FG. Directions for the advancement 
of culturally adapted preventive interventions: local adaptations, 
engagement, and sustainability. Prev Sci. 2017;18(6):640–8. 

53.	 Jelinek GA, Weiland TJ, Moore G, et al. Screening for type 2 
diabetes with random finger-prick glucose and bedside HbA1c 
in an Australian emergency department. Emerg Med Australas. 
2010;22(5):427–34. 

54.	 Feng JE, Anoushiravani AA, Tesoriero PJ, et al. Transcription error 
rates in retrospective chart reviews. Orthopedics. 2020;43(5):e404–8. 

55.	 Baker H, Fine R, Suter F, et al. Implementation of a best practice 
advisory to improve infection screening prior to new prescriptions of 
biologics and targeted synthetic drugs. Arthritis Care Res (Hoboken). 
2023. In press.

56.	 Lin J, Mauntel-Medici C, Heinert S, et al. Harnessing the power of 



Articles in Press	 9	 Western Journal of Emergency Medicine

Smart et al.	 Validating an EHR Algorithm for Diabetes Screening in the ED

the electronic medical record to facilitate an opt-out HIV screening 
program in an urban academic emergency department. J Public 
Health Manag Pract. 2017;23(3):264–8. 

57.	 Zarouni SA, Mheiri NMA, Blooshi KA, et al. Impact of an electronic 
medical record-based automated screening program for critical 
congenital heart disease: Emirates Health Services, United 
Arab Emirates. BMC Medical Informatics and Decision Making. 
2022;22(1):165. 

58.	 Ahmed AM, Bose S, Breeden M, et al. Interacting with best practice 
advisory (BPA) notifications in epic significantly improves screening 
rates for abdominal aortic aneurysms. J Vasc Surg. 2022;76(4):e75–6. 

59.	 Jamian L, Wheless L, Crofford LJ, et al. Rule-based and machine 
learning algorithms identify patients with systemic sclerosis 
accurately in the electronic health record. Arthritis Res Ther. 
2019;21(1):305. 

60.	 Power M, Fell G, Wright M. Principles for high-quality, high-value 
testing. Evid Based Med. 2013;18(1):5–10.

61.	 Monaghan TF, Rahman SN, Agudelo CW, et al. Foundational 
statistical principles in medical research: sensitivity, specificity, 
positive predictive value, and negative predictive value. Medicina 
(Kaunas). 2021;57(5):503.

62.	 Hng TM, Hor A, Ravi S, et al. Diabetes case finding in the emergency 
department, using HbA1c: an opportunity to improve diabetes 
detection, prevention, and care. BMJ Open Diabetes Res Care. 
2016;4(1):e000191. 

63.	 Deeks JJ, Altman DG. Diagnostic tests 4: Likelihood ratios. BMJ. 
2004;329(7458):168–9. 

64.	 Furukawa TA, Strauss SE, Bucher HC, et al. Diagnostic tests. In: 
Guyatt G, Rennie D, Meade MO, Cook DJ (Eds.), Users’ Guides 
to the Medical Literature: A Manual for Evidence-Based Clinical 
Practice, 3rd ed. New York, NY: McGraw-Hill  
 Education, 2015.

65.	 Zou KH, O’Malley AJ, Mauri L. Receiver-operating characteristic 
analysis for evaluating diagnostic tests and predictive models. 
Circulation. 2007;115(5):654–7. 

66.	 Mandrekar JN. Receiver operating characteristic curve in diagnostic 
test assessment. J Thorac Oncol. 2010;5(9):1315-6. 

67.	 Maxim LD, Niebo R, Utell MJ. Screening tests: a review with 

examples. Inhal Toxicol. 2014;26(13):811–28. 
68.	 Trevethan R. Sensitivity, specificity, and predictive values: 

foundations, pliabilities, and pitfalls in research and practice. Front 
Public Health. 2017;5:307. 

69.	 Selvin E. Hemoglobin A1c—Using epidemiology to guide medical 
practice: Kelly West Award Lecture 2020. Diabetes Care. 
2021;44(10):2197–204. 

70.	 Parikh R, Parikh S, Arun E, et al. Likelihood ratios: clinical application 
in day-to-day practice. Indian J Ophthalmol. 2009;57(3):217–21. 

71.	 Chaudoir SR, Dugan AG, Barr CH. Measuring factors affecting 
implementation of health innovations: a systematic review of 
structural, organizational, provider, patient, and innovation level 
measures. Implement Sci. 2013;8:22. 

72.	 Francke AL, Smit MC, de Veer AJ, et al. Factors influencing the 
implementation of clinical guidelines for health care professionals: a 
systematic meta-review. BMC Med Inform Decis Mak. 2008;8:38. 

73.	 Parasrampuria S, Henry J. Hospitals’ Use of Electronic Health 
Records Data, 2015-2017. Vol. 46. Washington, DC: Office of the 
National Coordinator for Health Information Technology, 2019. 

74.	 Najafi N, Cucina R, Pierre B, et al. Assessment of a targeted 
electronic health record intervention to reduce telemetry duration: a 
cluster-randomized clinical trial. JAMA Intern Med. 2019;179(1):11–5. 

75.	 Ruffner AH, Ancona RM, Hamilton C, et al. Identifying ED patients 
with previous abnormal HIV or hepatitis C test results who may 
require additional services. Am J Emerg Med. 2020;38(9):1831–3. 

76.	 Young JC, Conover MM, Funk MJ. Measurement error and 
misclassification in electronic medical records: methods to mitigate 
bias. Curr Epidemiol Rep. 2018;5(4):343–56. 

77.	 American Diabetes Association Professional Practice C. Summary 
of revisions: Standards of Medical Care in Diabetes-2022. Diabetes 
Care. 2022;45(Suppl 1):S4–7. 

78.	 Ali MK, Imperatore G, Benoit SR, et al. Impact of changes in diabetes 
screening guidelines on testing eligibility and potential yield among 
adults without diagnosed diabetes in the United States. Diabetes Res 
Clin Pract. 2023;197:110572. 

79.	 Jonas DE, Crotty K, Yun JDY, et al. Screening for prediabetes and 
type 2 diabetes: Updated evidence report and systematic review for 
the US preventive services task force. JAMA. 2021;326(8):744–60.




