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Abstract

Background: Although treatment and control of diabetes can prevent complications and reduce morbidity, few
data sources exist at the state level for surveillance of diabetes comorbidities and control. Surveys and electronic
health records (EHRs) offer different strengths and weaknesses for surveillance of diabetes and major metabolic
comorbidities. Data from self-report surveys suffer from cognitive and recall biases, and generally cannot be used for
surveillance of undiagnosed cases. EHR data are becoming more readily available, but pose particular challenges for
population estimation since patients are not randomly selected, not everyone has the relevant biomarker measure-
ments, and those included tend to cluster geographically.

Methods: We analyzed data from the National Health and Nutritional Examination Survey, the Health and Retirement
Study, and EHR data from the DARTNet Institute to create state-level adjusted estimates of the prevalence and control
of diabetes, and the prevalence and control of hypertension and high cholesterol in the diabetes population, age 50
and over for five states: Alabama, California, Florida, Louisiana, and Massachusetts.

Results: The estimates from the two surveys generally aligned well. The EHR data were consistent with the surveys
for many measures, but yielded consistently lower estimates of undiagnosed diabetes prevalence, and identified
somewhat fewer comorbidities in most states.

Conclusions: Despite these limitations, EHRs may be a promising source for diabetes surveillance and assessment of
control as the datasets are large and created during the routine delivery of health care.

Trial Registration: Not applicable.

Keywords: Diabetes mellitus, Electronic health records, Epidemiologic methods, High cholesterol, Hypertension,
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Background

Control of Hemoglobin Alc, Blood Pressure, and
Cholesterol (ABCs) is essential for preventing micro-
and macro-vascular diabetes-related complications.
The lack of state-level estimates of the prevalence and
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the ability of public health agencies to monitor diabe-
tes prevention and management at the state level [1].
Data from electronic health records (EHRs), along with
novel uses of survey data, may be able to fill gaps in the
nation’s diabetes surveillance system [2-4]. However,
more work is needed to validate estimates from these
non-traditional methods and data sources. Data from
EHRs are challenging to analyze for population-based
studies because they are generated from the routine
delivery of clinical care. Therefore, they cover partial,
sometimes non-representative subpopulations, do not
always include the same measurements on all individu-
als, and include limited variables for case finding and
adjustment [5].

We could find no previous studies that examined
metabolic comorbidities and control within the diabe-
tes population at the state level. Researchers in New
York City validated EHR-based estimates in the general
adult population relative to population-based survey and
chart review data. The EHR-based estimates performed
well for diabetes and hypertension, although the authors
recommended using EHR data for high cholesterol with
caution [6, 7]. Several studies examined EHR data from
participating health systems to describe metabolic risk
factors among diabetes patients, but they do not address
the representativeness of this group in the broader popu-
lation [8, 9]. Other analysts looked at control of the ABCs
within the diabetes population at the national level, but
did not examine state-level data [10-13]. In follow-up
work, the methods developed in this paper were applied
to NHANES data to create estimates of ABC control for
each state in the USA. [14]

The purpose of this analysis is to compare EHR-based
and survey-based estimates of the prevalence of comor-
bid hypertension and high cholesterol, and ABC control,
in the diabetes population at the state level.

Methods

We compared EHR data from the DARTNet Institute, a
collaboration of practice-based research networks, with
estimates derived from two surveys: (1) the National
Health and Nutrition Examination Survey (NHANES),
used to create synthetic state-level estimates by adjust-
ing national estimates to State demographic population
counts, and (2) the Health and Retirement Study (HRS),
used to create synthetic state-level estimates based on
within-state or neighboring-state data. We analyzed five
states representing diverse geography and populations
(Alabama, California, Florida, Louisiana, and Massachu-
setts). We focused on those age 50 and over who had an
office visit in the past year because they are included in
each dataset.
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Data sources

DARTNet EHR data 2012-2013

The DARTNet Institute is a national collaboration of
practice-based research networks that has built a collec-
tion of data from electronic health records, claims, and
patient-reported outcomes. Eight participating networks
contributed diagnosis and prescription information,
patient vitals, and ABC measurements. We used ABC
results from 2012 and 2013 for the control analysis to
better match the survey timeframes, and we used diagno-
sis, biomarker, and prescription information from 2010
to 2013 for case finding. The EHR data did not include
fasting plasma glucose (FPG) values.

NHANES 2011-2012

NHANES is a non-institutionalized population-based
survey that includes ABC measurements on all par-
ticipants, as well as variables useful for adjustment
such as age, sex, race/ethnicity, insurance type, educa-
tion, marital status, income, healthcare visit in the past
12 months, and general health status. We used the pub-
lic-use file, which does not include a state residence vari-
able. NHANES is not designed for state-level estimation,
and the dataset may not contain respondents from each
state. By design, the NHANES data included Alc values
for the whole sample and FPG values for a random half
of the sample. We used a previously developed imputa-
tion model for diabetes status that performed well and
accounted for non-measured FPG values [15].

HRS 2010-2012

HRS is a longitudinal panel study that surveys a repre-
sentative sample of approximately 20,000 non-institu-
tionalized Americans over the age of 50 every 2 years.
HRS is not designed for direct state-level estimation.
In addition to self-reported data on diabetes and other
chronic diseases, HRS includes ABC measurements on
all participants, as well as many variables for adjustment.
HRS does not include FPG values, but it had similar
covariates to NHANES so we applied the diabetes sta-
tus imputation model developed using NHANES data to
account for non-measured FPG [15].

Dataset preparation
Depending upon the data source, the information avail-
able in addition to the ABC values includes survey
responses, diagnosis codes, prescriptions written, and
other variables useful for modeling and adjustment. Prior
to analysis, we harmonized variables across datasets so
similar concepts were coded as consistently as possible.
For the analysis of the NHANES data, we created
synthetic state-level estimates. We adjusted NHANES
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national weights to reflect the demographic characteris-
tics of each target state by raking and propensity mod-
eling [16-21]. This resulted in person-level adjusted
weights that match the state-level distributions of
selected demographic variables from the American Com-
munity Survey, and health status from the Behavioral
Risk Factor Surveillance System. For HRS, we were able
to create estimates for the two largest states (California
and Florida) based on respondents from those states
alone. For the other three states, we created synthetic
state estimates using respondents in the census division
in a manner similar to the NHANES adjustment. Addi-
tional details of the adjustments for NHANES and HRS
are provided elsewhere [15].

The EHR data were originally in six datasets contain-
ing multiple records per person for visits, diagnoses,
laboratory tests, prescription drugs ordered, providers,
and demographic characteristics. We merged records
from these files to create an analytic file with a single
comprehensive record for each individual that included
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variables representing disease status, ABC results, pre-
scription history, and age and sex. The EHR data prepa-
ration process is illustrated in Additional file 1: Online
Appendix Figure Al.

The EHR dataset includes clinic ZIP code, allowing
us to assess the geographic distribution of clinic visits.
In each state, visits were highly clustered by county. For
example, Fig. 1 illustrates the geographic clustering in
Florida. There are clusters in several urban areas, and
relatively few visits in other areas. We designed a two-
step weighting strategy to improve the geographic rep-
resentation within each state. First, cases within each
county were weighted to county-level American Com-
munity Survey totals of age and sex cross-tabulations.
This ensures that each county in the dataset receives a
total weight proportional to its total population. Sec-
ond, the weighted totals of age by sex groups for the
counties represented in the data were raked to the cor-
responding state totals for those with an office visit in
the past year.
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Fig. 1 Geographic distribution of patients in the EHR dataset, Florida 2012-2013
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Significance testing and precision of estimates

We quantified the precision of the NHANES and HRS
estimates with confidence intervals (CIs) calculated
using standard errors that take into account the sam-
ple design, and used a t test to calculate whether differ-
ences in estimates across the datasets were statistically
significant. For the EHR data, we calculated CIs and t
tests that incorporate the geographic weights described
above.

Case and disease control definitions
We developed case definitions for diabetes, hyperten-
sion, and high cholesterol, and for control of the ABCs,
that could be applied across the data sources. Addi-
tional details can be found in Additional file 2: Online
Appendix Tables A1, A2, and A3.

Diabetes

We classified individuals into three categories: diag-
nosed diabetes, undiagnosed diabetes, or no diabetes.
Pregnant women were excluded from all analyses. For
NHANES and HRS, diagnosed diabetes was based on
self-report of ever being diagnosed by a healthcare pro-
vider, excluding gestational diabetes. Patients in the
EHR data with at least one ABC result in 2012-2013
were assigned a diabetes status using diagnosis codes
and drug prescriptions recorded in 2013 or earlier [22—
25]. We used the Healthcare Effectiveness Data and
Information Set Comprehensive Diabetes Care phar-
macy list as our source for anti-diabetic prescription
drugs. Individuals in each dataset who were not diag-
nosed were classified as undiagnosed cases if they had
Alc>6.5% or FPG > 126 mg/dl in any laboratory result
[26].

Hypertension

We required at least one hypertension diagnosis
code, two or more elevated systolic or diastolic blood
pressure readings (systolic>140 mmHg or dias-
tolic > 90 mmHg), or a prescription for blood pressure
medication to identify cases of hypertension [27, 28].
We did not distinguish between diagnosed and undiag-
nosed hypertension.

High cholesterol

We required at least one high cholesterol diagno-
sis code, a self-report or documentation of drugs to
lower cholesterol, or a laboratory result of non-HDL-
C>130 mg/dL to identify cases of high cholesterol. We
used non-HDL-C, calculated as total cholesterol minus
HDL-C, as the lipid measure since the HRS dataset
does not include low-density lipoprotein cholesterol

Page 4 of 10

(LDL-C) values, and only 50% of those in the NHANES
dataset had an LDL-C value by design [29]. Evidence
suggests that non-HDL-C is a good marker of risk in
both primary and secondary prevention studies of
atherosclerotic cardiovascular disease [30], and the
cut point of non-HDL-C > 130 mg/dL to identify high
cholesterol has been established in the literature [31].
We did not distinguish between diagnosed and undiag-
nosed high cholesterol.

ABC control

For this study, we used an Alc cut point of<9% to repre-
sent “not-poorly controlled” diabetes (1, [32]. This target
is less stringent than the American Diabetes Association’s
Standards of Medical Care’s target of Alc<7.0% for most
people with diabetes [26]. Less stringent Alc goals may
be appropriate for patients with a history of severe hypo-
glycemia, the very elderly, extensive comorbid conditions,
or long-standing diabetes [33]. Consistent with National
Committee for Quality Assurance’s 2016 criteria for the
Comprehensive Diabetes Care measure and the ADA’s
guidelines, we defined systolic blood pressure of<140
and diastolic blood pressure<90 as “adequate control”
[22, 34, 35]. While cholesterol control targets for patients
with diabetes may be individualized based on personal
risk, we used a control target of non-HDL-C<130 mg/
dL.

Results

As shown in Table 1, the diagnosed diabetes prevalence
estimates were higher in the HRS-adjusted data than in
the NHANES-adjusted data in four out of five states, sig-
nificantly so in California and Florida (p<0.01). There
were no significant differences between the surveys for
undiagnosed diabetes. The EHR prevalence estimates for
diagnosed diabetes were more highly variable, being sig-
nificantly higher than the surveys in some states and sig-
nificantly lower in others. The EHR-based estimates for
undiagnosed diabetes were consistently low across all of
the states.

As shown in Table 2, the prevalence of major metabolic
comorbidities within the diabetes population is high.
The adjusted NHANES and HRS estimates are not sig-
nificantly different except in Alabama, where the hyper-
tension and “Both” condition estimates are significantly
higher in HRS (p<0.01). In most states, the EHR data
show significantly fewer diabetes patients with one or
both comorbidities. Massachusetts is a notable exception
in that the EHR-based prevalence is significantly higher
for both hypertension and high cholesterol. Figure 2
illustrates the variability across states in the prevalence of
one or both comorbidities by data source.
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Table 1 Diabetes prevalence by data source and state among adults age 50-plus with an office visit in the past year

NHANES, adjusted estimates

HRS, adjusted estimates

EHR, adjusted estimates

2011-2012 2010-2012 2012-2013

% of population 95% ClI % of population 95% Cl % of population 95% Cl
Alabama
Diagnosed diabetes 226 206,246 27.0 217,322 18.0 4 13.9,222
Undiagnosed diabetes 34 26,43 40 22,58 0241 0,4.1
California
Diagnosed diabetes 15401 13.0,179 20.5 18.0,23.0 24641 20.5,2838
Undiagnosed diabetes 524 3.7,6.7 34 15,53 1.6 0,56
Florida
Diagnosed diabetes 174 155,193 2431 18.0,30.6 19.0 14.9,23.1
Undiagnosed diabetes 37 3.0,45 28 1.0,4,6 0744 0,47
Louisiana
Diagnosed diabetes 2311 20.2,26.0 20.3 16.8,23.9 18.0 14.0,22.0
Undiagnosed diabetes 371 27,46 37 00,76 03} 0,42
Massachusetts
Diagnosed diabetes 15.3) 11.6,19.0 18.6 157,215 20.14 16.0, 24.1
Undiagnosed diabetes 321 25,39 1.7 09,25 1.2 0,5.1

4 ({) indicates significantly above (below) one of the other data sources (p<.01); 11 (| }) indicates significantly above (below) both of the other data sources (p<.01)
NHANES National Health and Nutrition Examination Survey, HRS Health and Retirement Study, EHR electronic health record, CI confidence interval. All NHANES

estimates are synthetically derived, based on adjusted data

Nearly all of the individuals in the NHANES or HRS
survey samples had all three ABCs measured. In the
EHR data, only 52% of the patients with diagnosed dia-
betes had Alc measurements, 96% had blood pressure
measurements, 46% had cholesterol measurements, and
41% had all three measurements. The EHR-based control
percentages shown in Table 3 are based on only those
patients who had the relevant test(s). In Alabama, the
EHR estimates for control of all three ABCs are lower,
significantly so for cholesterol and all three indicators
(p<0.01). In addition, the EHR estimates for blood pres-
sure control are significantly lower in Florida and Loui-
siana. In California, the HRS rates for blood pressure
and cholesterol control are significantly low, driving a
lower rate for control of all three ABCs. In addition, the
Alc control rate is significantly higher in HRS in several
states. Otherwise, there is no consistent pattern across
the other data sources and states, with most of the differ-
ences not significant.

To facilitate comparisons across datasets, we analyzed
those aged 50-plus who had contact with the healthcare
system in the past year, the subpopulation represented
in all three datasets. For completeness, we also looked
at pair-wise comparisons of the datasets for larger sub-
populations. Specifically, we compared adjusted EHR and
NHANES results for those age 18-plus and not pregnant
who had healthcare contact in the past 12 months, and
we compared adjusted HRS and NHANES results for

those age 50-plus regardless of whether they had health-
care contact. The patterns of prevalence and control were
similar in those analyses (data not shown).

Discussion

Results across data sources

We tested methods for improved diabetes surveillance by
exploring three novel data sources for state-level estima-
tion of diabetes comorbidities and ABC control. We did
not expect the prevalence and control estimates to align
completely, even after adjustment. We cannot reach con-
clusions about which dataset is most accurate; however,
we can describe the patterns across data sources, which
illuminate their strengths and weaknesses. While almost
every general statement about consistency across data-
sets has an exception in at least one of the states exam-
ined, the two surveys—NHANES and HRS—generally
aligned well when using them to make state-adjusted
synthetic estimates. The adjusted HRS estimates may be
more accurate as the larger HRS sample allowed for the
analysis of respondent subsets with closer geographic
representation to the target states, especially in Califor-
nia and Florida which, in this analysis, did not involve
adjustments to any out-of-state data.

Although one prior study documents good perfor-
mance of EHR data for estimating diabetes prevalence at
the local level [7], we found several differences between
the EHR estimates and those derived from the surveys;
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Table 2 Hypertension and high cholesterol prevalence in the diabetes population by data source and state among adults age 50-plus

with an office visit in the past year

NHANES, adjusted estimates

HRS, adjusted estimates

EHR, adjusted estimates

2011-2012 2010-2012 2012-2013

% of population 95% Cl % of population 95% Cl % of population 95% Cl
Alabama
High cholesterol 69.9 63.3,76.6 75.9% 67.2,84.6 63.0) 573,687
Hypertension 78.1 72.0,84.1 879t 80.6, 95.1 685 62.8,74.2
Both 56.8 50.6, 63.1 70211 59.1,813 4561 40.0,51.2
Neither 9.0 6.1,119 6.4 08,121 14111 9.0,192
California
High cholesterol 72.8% 67.0,785 65.1 55.1,751 64.2] 594,69.0
Hypertension 749 68.8,81.1 823 734,911 6550 60.6,70.3
Both 56.0 486,634 573 474,67.2 43401 386,482
Neither 8.8J 52,123 10.0 20,180 13.84 93,183
Florida
High cholesterol 68.8 63.5,74.0 734 64.8,82.1 53204 48.2,58.1
Hypertension 776 725,826 785 72.9,84.1 6281 59.8,65.7
Both 55.7 49.5,62.0 598 53.1,66.6 31501 26.9,36.2
Neither 9.6 6.0,133 79 29,129 15641 11.0,20.2
Louisiana
High cholesterol 69.71 64.1,753 63.7 545,729 589] 54.2,63.7
Hypertension 80.6 75.2,86.1 84.1 76.8,91.5 776 73.2,820
Both 584 520,648 575 49.1,66.0 46.20 414,509
Neither 84 53,114 9.7 27,167 9.6 54,138
Massachusetts
High cholesterol 70.8 64.7,76.9 69.7 61.2,783 82.114 77.6,86.5
Hypertension 799 745,854 81.1 746,876 90911 86.6,95.1
Both 59.0 51.9,66.1 61.0 525,694 76411 718,809
Neither 84 50,119 10.2 38,165 3401 0,75

4 ({) indicates significantly above (below) one of the other data sources (p <.01); 11 (| }) indicates significantly above (below) both of the other data sources (p<.01)

NHANES National Health and Nutrition Examination Survey, HRS Health and Retirement Study, EHR electronic health record, CI confidence interval. All NHANES

estimates are synthetically derived, based on adjusted data

notably that the EHR-based prevalence estimates were
consistently lower for undiagnosed diabetes, significantly
so in most states. Alc results were not present for 85%
of the EHR population age 50 and older, likely because
there was no clinical reason to order the test. Some of
the untested individuals likely have undiagnosed dia-
betes, cases that cannot be identified using EHR data, a
conclusion that would hold even if other types of labo-
ratory tests were considered. For diagnosed diabetes, the
EHR data produced more variable prevalence estimates
than the surveys. Because the EHR data are not popula-
tion-based and are geographically clustered within each
state, it is possible that this variability is more influenced
by local patterns in healthcare utilization, diagnostic, or
coding practices than the survey data.

EHR-based prevalence estimates for hypertension and
high cholesterol within the diabetes population were
generally below the estimates from the surveys, except

in Massachusetts. The lower EHR comorbidity rates in
most states may be due to undercounting of undiagnosed
cases, as with diabetes. It is possible that individuals in
Massachusetts, a state with near full health insurance
coverage and citizens who seek healthcare more often
[36], are more likely to have chronic conditions diag-
nosed. For ABC control, the EHR-based rates were again
variable, although there were fewer significant differences
than in the prevalence analyses. In all three datasets,
rates of Alc control were almost always highest, followed
by blood pressure control, and non-HDL-C control.

Implications for surveillance

EHRs are a promising data source for diabetes surveil-
lance as the datasets are large and created at low cost
during the routine delivery of health care. However, any
EHR-based data source represents only those who sought
care in that provider network. The geographic coverage
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Table 3 Control of the ABCs in the diagnosed diabetes population by data source and state among adults age 50-plus with an office

visit in the past year

NHANES, adjusted estimates

HRS, adjusted estimates

EHR, adjusted estimates

2011-2012 2010-2012 2012-2013

% in Control 95% ClI % in Control 95% Cl % in Control 95% ClI
Alabama
Alc 86.1 79.8,92.3 95.51M1 91.0, 100.0 89.3 84.4,94.2
Blood pressure 71.2 64.1,78.3 69.6 591,772 66.6 612,719
Cholesterol 58.2 46.3,70.1 64.91 52.6,77.2 52.10 45.6,58.6
All three 40.1 286,516 45.7 32.5,59.0 20641 147,264
California
Alc 86.8 81.1,924 9111 86.3,95.9 854 80.8,89.9
Blood pressure 73.1 65.7,80.5 56.20 1 472,653 713 66.4,76.2
Cholesterol 553 46.7,63.8 492] 35.0,634 63.21 58.2,68.3
All three 378 309,447 22301 164,282 40.7 353,46.1
Florida
Alc 859 80.2,91.7 92.1 87.8,96.4 89.6 84.4,94.8
Blood pressure 709 64.5,77.3 724 60.9, 83.9 61.141 56.1,66.2
Cholesterol 576 48.9,66.2 47.1 29.7,64.6 57.7 50.7,64.6
All three 3964 324,468 36.6 18.0,55.2 4801 430,531
Louisiana
Alc 84.6 774,91.8 904 82.5,98.3 878 83.0,926
Blood pressure 67.3 634,713 72.0 65.8,78.1 58701 53.9,635
Cholesterol 553 46.2,64.5 48.8 36.9,60.6 59.7 540,653
All three 358 286,43.0 380 278,483 358 302,414
Massachusetts
Alc 84.9] 776,92.2 93.8¢ 89.2,984 89.5 85.1,93.9
Blood pressure 724 65.2,79.7 64.6 546,746 729 68.2,776
Cholesterol 588 47.5,70.1 54.7 459,635 59.0 540,639
All three 420 318,522 376 29.7,454 40.2 352,452

4 ({) indicates significantly above (below) one of the other data sources (p <.01); 11 (| }) indicates significantly above (below) both of the other data sources (p<.01)
NHANES National Health and Nutrition Examination Survey, HRS Health and Retirement Study, EHR electronic health record, CI confidence interval. All NHANES

estimates are synthetically derived, based on adjusted data

of the data tends to be clustered in certain localities, and
there are limited covariates available for adjustments.
Further, clinician decisions to administer the tests needed
to assess ABC control, or detect undiagnosed cases of
chronic diseases, are non-random. In addition, it is pos-
sible that some patients were treated at multiple practices
and are double counted. All of these factors introduce the
potential for bias in EHR-based surveillance estimates,
and are likely responsible for the observed variability in
the EHR estimates relative to survey-based estimates.
Propensity modeling or other approaches for handling
missing data may reduce this bias [4, 37, 38]; however, the
optimal adjustment for any particular measure A, B, or C,
may not be optimal for the other measures since different
subgroups of patients are measured for each indicator. In
addition, it is difficult to quantify the uncertainty in EHR-
based estimates when the goal is population surveillance.

We found relatively high consistency in the prevalence
of diabetes, hypertension, and high cholesterol among
those 50 years and older between the NHANES and HRS
surveys. This was reassuring since they use similar case
ascertainment and data collection methodologies. These
surveys did not have state-based samples among our five
states for our study years, although NHANES has pro-
duced a California file that aggregates and reweights data
from four NHANES cycles (2007-2014). We did not ana-
lyze this dataset as it did not match the time period of
this analysis [39]. The lack of state-based samples neces-
sitated the use of statistical adjustments to create state-
level estimates. In previous studies, synthetic adjustment
of NHANES data noticeably changed state estimates [15],
and improved accuracy relative to a gold standard [4]. A
description of alternative methods that might be used
can be found in Rao and Molina [40].
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an office visit in the past year. NHANES National Health and Nutrition Examination Survey, HRS Health and Retirement Study, EHR electronic health
record. All NHANES estimates are synthetically derived, based on adjusted data

Conclusions

EHR data availability for research and epidemiology,
and methods for analyzing it, are likely to improve over
time as the use of these systems expands. Inclusion
of key covariates such as race would allow for reduc-
tions in their biases. There are few sources of EHR data
available for research outside of the health systems that
generate the data. The DARTNet Institute, which com-
piles data from numerous providers and makes it avail-
able for research, is one notable exception. As the use
of EHRs continues to expand, organizations that com-
pile and standardize the data for research will be inte-
gral to their use for state-level diabetes surveillance.
While our analysis is limited to five states, it suggests
areas for future research that could enhance national
surveillance efforts and provide state-level estimates of
measures obtained primarily in clinical or laboratory
settings.
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