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A B S T R A C T   

The electronic health records (EHR) infrastructure offers a tremendous resource for identifying controls who 
match the characteristics of study participants in a single-arm trial. The objectives are to (1) demonstrate the 
feasibility of curating a synthetic control group for an existing study cohort through EHR data extraction and (2) 
evaluate the effect of a lifestyle intervention on selected cardiovascular health metrics. A total of 711 university 
employees were recruited between 2008 and 2012 to participate in a health partner intervention to improve 
cardiovascular health and were followed for five years. Data of nearly 8000 eligible subjects were extracted from 
the EHR to create a synthetic control cohort during the same study period. To minimize confounding, crude 
comparison, exact matching, propensity score matching, and doubly robust estimation were used to compare the 
selected cardiovascular health metrics at 1 and 5 years of follow-up. Blood pressure and body mass index 
improved in the intervention group compared to the EHR synthetic controls. The findings of changes in lipid 
measurements were somewhat unexpected. When analyzing the subgroup without lipid-lowering medications, 
the intervention group exhibited better control of cholesterol levels over time than did our synthetic controls. 
Some measurements in the EHR system may be more robust for synthetic selection than others. EHR synthetic 
controls can provide an alternative to estimate intervention effects appropriately in single-arm studies for these 
measurements.   

1. Introduction 

Recent years have seen a significant increase in lifestyle intervention 
programs around the globe expanding to various groups in clinics, in-
stitutions, and communities (Lotfaliany et al., 2020; Ferrara et al., 2020; 
van Dammen et al., 2018; Keyserling, 2016; Kandula, 2015; Keyserling 
et al., 2014). The general goals of such programs are to improve or 
maintain health and to minimize health care use. Evaluations of these 
intervention programs often do not receive great attention since many 
are not planned for research investigations. The key elements of inter-
vention are largely based on prior study evidence rather than serving as 
areas of research evaluation. These lifestyle programs are commonly 

developed to ensure feasibility and effective use of resources. Never-
theless, when there is a need to evaluate the program, the pre-post 
comparison is usually considered to be satisfactory for the program 
provider. The gold-standard randomized controlled trial (RCT) designs 
are generally not used, as randomizing participants to a control group 
seems inappropriate in this type of setting. Also, such RCT design re-
quires additional resources, (at least) doubles the study expense through 
the development of a control arm, and often results in substantial 
dropouts, especially among those assigned to the control group. 

Although a pre-post study design has temporality to suggest that the 
outcome is caused by the intervention, a major limitation is lack of a 
control group to account for potential changes in the outcomes over 

* Corresponding author at: Department of Biostatistics and Bioinformatics, Rollins School of Public Health, Emory University, 1518 Clifton Road N.E., Atlanta, GA 
30322, United States. 

E-mail address: yi-an.ko@emory.edu (Y.-A. Ko).  

Contents lists available at ScienceDirect 

Preventive Medicine Reports 

journal homepage: www.elsevier.com/locate/pmedr 

https://doi.org/10.1016/j.pmedr.2021.101572 
Received 17 May 2021; Received in revised form 16 September 2021; Accepted 23 September 2021   

mailto:yi-an.ko@emory.edu
www.sciencedirect.com/science/journal/22113355
https://www.elsevier.com/locate/pmedr
https://doi.org/10.1016/j.pmedr.2021.101572
https://doi.org/10.1016/j.pmedr.2021.101572
https://doi.org/10.1016/j.pmedr.2021.101572
http://creativecommons.org/licenses/by-nc-nd/4.0/


Preventive Medicine Reports 24 (2021) 101572

2

time. As such, the observed changes or improvements cannot be fully 
attributed to the intervention program (Thiese, 2014). This complica-
tion is amplified in studies with long follow-up periods where the 
outcome measure can fluctuate with time. 

Several studies have utilized historical controls to assess treatment 
effects to reduce bias from pre-post comparisons, decrease patient 
burden, and to save costs (Desai et al., 2013; Gökbuget et al., 2016; 
Mendell et al., 2016; Viele, 2014; Peddada et al., 2007). When it is not 
feasible to identify appropriate controls from previous trials, the elec-
tronic health record (EHR) infrastructure offers a tremendous resource. 
By leveraging EHR data, one can sample a hypothetical, or “synthetic” 
control cohort from the same study population that matches the char-
acteristics of the study participants. Recent evolution of standardized 
EHR data collection and the availability of advanced statistical methods 
and data science tools enable researchers to evaluate the efficacy of an 
intervention program in a cost-effective way. 

The objectives of this study were to evaluate the feasibility of 
curating a synthetic control group through EHR data extraction for a 
lifestyle intervention program and to investigate the effect of the pro-
gram. Our goal was to explore the effect of having a personalized health 
partner who provided continued lifestyle consultation on cardiovascular 
health metrics in terms of blood pressure, body mass index (BMI), serum 
cholesterol concentrations, and 10-year Atherosclerotic Cardiovascular 
Disease (ASCVD) risk score (Grundy, 2019). We hypothesized that those 
coaching with a health partner would improve or maintain health over 
time compared to those who received no intervention or regular care via 
primary physicians or annual check-ups. 

2. Methods 

2.1. Predictive health study participants 

A total of 711 employees of Emory University (Atlanta, Georgia) 
were recruited as part of the Emory/Georgia Tech Predictive Health 
Initiative in 2008–2012 via random sampling among employees who 
had been employed ≥ 2 years with university-sponsored insurance (Al 
Mheid et al., 2016; Rask et al., 2011). The program focused on main-
taining health and evaluating the impact of health partner intervention 
on cardiovascular health. Study participants were generally healthy 
without uncontrolled or acute illness. At the baseline visit, each subject 
was assigned a health partner who provided continued counseling 
throughout the study. These health partners were specifically trained to 
utilize the participant’s health data and collaboratively generate a goal 
to establish a personalized action plan promoting a healthy lifestyle 
(Brigham, 2010). Individuals were followed for five years, with visits at 
6 and 12 months, followed by annual visits. During each visit, blood 
pressure (average of three measures) and BMI were measured, and blood 
samples were taken after an overnight fast to monitor health status. 
Measurements of serum concentrations of glucose, total cholesterol, 
high-density lipoprotein cholesterol (HDL), low-density lipoprotein 
cholesterol (LDL), and triglycerides were analyzed by Quest Diagnostics 
Lipid Panel. Baseline disease diagnosis (including hypertension, dia-
betes, and dyslipidemia) was obtained through questionnaires, com-
bined with self-reported medication prescriptions reviewed by two 
cardiologists. The study was approved by the institutional review board 
of Emory University. Written informed consent was obtained from all 
participants. 

2.2. Synthetic control group derived from the EHR 

Medical records data for eligible individuals during clinical visits 
were extracted from the Emory Healthcare Data Warehouse from 2008 
to 2017 (since 2012 was the last year of Predictive Health study 
recruitment). The inclusion criteria were Emory employees with at least 
one billed encounter at a primary care / family medicine clinic within 
the Emory system between 2008 and 2012 (i.e., the study recruitment 

period). Employees were identified through Emory sponsored insurance 
plans. We implemented the same exclusion criteria as the study using 
ICD-10 codes, including psychosocial disorders, congestive heart failure, 
vascular and cognitive disease (e.g., peripheral vascular disease, cere-
brovascular disease, hemiplegia/paraplegia, dementia), rheumatic dis-
ease, renal disease, moderate or severe liver disease, pregnancy, any 
malignancy (including lymphoma and leukemia except malignant 
neoplasm of skin), AIDS/HIV, substance abuse, and any hospitalization 
within 1 year prior to the baseline date (identified along with medica-
tions that are only prescribed during hospitalization). 

A total of 434 Predictive Health study participants found in the EHR 
database were further removed by matching full name and date of birth 
(Ko et al., 2020). For those who met the eligibility criteria, the following 
data elements were obtained at each hospital encounter between 2012 
and 2017 along with visit date: birth date, sex, race, height, weight, 
systolic and diastolic blood pressure measurements, education, smoking 
status, ICD-10 codes, lab results (glucose, total cholesterol, HDL, LDL, 
and triglycerides), and medication prescriptions. Diagnoses of hyper-
tension, diabetes, and dyslipidemia were derived via a combination of 
ICD-10 codes and medication prescriptions. We assumed no disease if no 
relevant record within 3 years prior to the baseline year was found. 
Given that fasting is generally not required for blood draws during 
hospital visits, we did not restrict time of blood draws for laboratory 
data. Multiple measurements of blood pressure within a single visit day 
were summarized using the median to avoid possible outliers or typos in 
the medical records. Individuals that had any measurement outside the 
data range of the Predictive Health study were excluded. Additionally, 
individuals with only one clinical encounter or a maximum follow-up 
time < 180 days were excluded. The study was approved by the insti-
tutional review board of Emory University. 

2.3. Statistical analysis 

Baseline characteristics were summarized as means or medians and 
standard deviations or interquartile ranges for continuous variables and 
as counts and percentages for categorical variables. Baseline age, sex, 
race, education, smoking, BMI, blood pressure, and laboratory values 
were compared between the Predictive Health study participants and 
those obtained from the EHR using two-sample t-test, Mann-Whitney U 
test, and Chi-square test, as appropriate. The follow-up time was 
compared using two-sample t-test. 

The cardiovascular health metrics included systolic and diastolic 
blood pressures at resting status, BMI, total cholesterol, HDL, LDL, tri-
glycerides, and ASCVD risk score (Lloyd-Jones, 2019). To summarize the 
change in each health metric over 5 years of follow-up for each indi-
vidual with varying numbers of measurements, a linear mixed-effects 
model was used to obtain a temporal “slope” estimate for each indi-
vidual. Specifically, each metric was regressed on time (years) in the 
mean model along with subject-specific random intercept and random 
time slope to account for within-subject correlation. The best linear 
unbiased predictors (including the fixed and random effects of time) 
were extracted, which were used as a simple summary of individual 
estimated change per year. As most of the improvement in these metrics 
was found in the first year in the Predictive Health study, we addition-
ally focused on changes within 1 year by calculating the difference be-
tween 1-year follow-up and baseline visits. Since not everyone in the 
EHR cohort would have data available at exactly 1 year from the base-
line time point, we included those who had a follow-up observation 
between 9 months and 15 months. 

For each cardiovascular health metric, to examine if there were any 
differences in the slope across 5 years and the change in 1 year between 
the two groups while considering covariate imbalance, we adopted 4 
analysis strategies as follows: (1) crude comparison without covariate 
adjustment, (2) exact matching, (3) propensity score matching, (4) 
doubly robust estimation. Since the EHR data were extracted from 
subjects who met the study inclusion criteria, we initially compared 
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their slope estimates with the Predictive Health group using a two- 
sample t-test. Since several characteristics appeared to be different be-
tween the two groups and there were a large number of control in-
dividuals to choose from, for each Predictive Health subject, we 
identified a matched control by matching age (within 5 years), sex, race 
(African American or other, given that African American is a known risk 
factor for our outcomes), smoking history (yes, no), as well as baseline 
diagnosis of diabetes, hypertension, and dyslipidemia. Next, with the 
same covariates, a propensity score was calculated for each individual 
using a logistic regression model (Rubin, 2007). Matched controls were 
selected using nearest neighbor with 1:1 matching of propensity scores. 
A paired t-test was used to compare the slope estimates between the 
Predictive Health group and the matched controls. To further account 
for covariate imbalance between the two groups, we performed doubly 
robust estimation that combines an outcome regression (linear regres-
sion) with the propensity score model (via inverse probability weight-
ing) to estimate the causal effect of the intervention on an outcome. The 
advantage is that only one of the two models need be correctly specified 
to obtain an unbiased effect estimator (Funk, et al., 2011). In particular, 
the R package ‘drtmle’ that allows an adaptive estimator of the pro-
pensity score was used to implement these methods (Benkeser, et al., 
2017; van der Laan, 2014). In both models, we also included the baseline 
value of the outcome (e.g., baseline BMI for regression of BMI) in 
addition to the aforementioned baseline covariates (including age, sex, 
race, smoking history, diabetes, hypertension, and dyslipidemia). 
Finally, to delineate the intervention effect on changes in lipids without 
medication effects, we identified a subset of individuals who were never 
prescribed with lipid-lowering medications at baseline or during the 
study period and repeated the same analysis procedure. R 4.0.2 was used 
for analysis. 

3. Results 

3.1. Data availability and baseline characteristics 

Table 1 shows the numbers of available observations in the EHR 
system for each outcome metric. Baseline demographic and clinical 
characteristics of the Predictive Health study participants and the EHR 
cohort are summarized in Table 2. Out of the original 711 Predictive 
Health participants, 599 were included for analysis because of opt-outs 
and lack of follow-up data. In the EHR cohort, 4497 had at least two lab 
measurements with a follow-up time of 6 months of longer. Overall, the 
distribution of sex was similar with more females (64–67%) present in 
both groups. The majority of the Predictive Health study participants 
were Caucasian (73% vs. 55% in the EHR cohort) and 22% were African 
American (vs. 37–38% in the EHR cohort). The Predictive Health group 
appeared to have prevalent diagnoses of hypertension (34%), diabetes 
(11%), and dyslipidemia (17%), whereas the corresponding prevalence 
values were 16–21%, 4–6%, 11–18% in the EHR cohort. The follow-up 
time was similar (median: 3–3.5 years). 

3.2. Changes in 5 years of follow-up 

Fig. 1 shows the 5-year trajectories of systolic and diastolic blood 

pressures, BMI, serum total cholesterol, HDL, LDL, triglyceride concen-
trations, and ASCVD risk score for the two groups based on the estimates 
presented in Table 3. Table 3 displays the number of individuals used for 
each outcome measure depending on data availability and summarizes 
the individual slope estimates (derived from the best linear unbiased 
predictors). Given a variety of EHR data availability, the sample size 
varied across different metrics. On average, the Predictive Health group 
exhibited decreases in BMI, diastolic blood pressure, total cholesterol, 
LDL, and triglycerides and minimum increases in systolic blood pressure 
and HDL each year. In contrast, the synthetic controls demonstrated 
increases in the averages of all metrics except LDL and triglycerides. The 
ASCVD score increased by approximately 0.3% per year in both groups. 

Fig. 2 shows the estimated difference in the averaged change per year 
(based on the slope estimate for each individual over 5 years of follow- 
up) between the Predictive Health study and the synthetic control group 
for each cardiovascular health measure using the crude, exact matching, 
nearest neighbor (based on propensity score matching), and the doubly 
robust estimation methods. The findings (in terms of statistical signifi-
cance) were generally consistent across four sample selection and esti-
mation methods (Supplementary Table 1). Compared to the synthetic 
control group, the Predictive Health study intervention group demon-
strated significant reductions in the average BMI, a lower increase in 
systolic and a lower diastolic blood pressure, and a significantly greater 
decrease in total cholesterol and triglyceride levels over 5 years, Fig. 3. 

Table 1 
Data captured in electronic health records (EHR) from the Emory data ware-
house for individuals who met the study inclusion criteria.  

Data element Number of 
observations 

Number of 
individuals 

Year 

ICD code 20,257,707 165,997 2005–2017 
Lab (cholesterols) 2,298,689 72,462 2008–2017 
Vitals (blood pressures) 4,898,374 104,158 2008–2017 
Height, weight, BMI 2,972,027 104,097 2008–2017 
Date of birth, sex, race, 

education 
107,897 107,897 2008–2017  

Table 2 
Baseline characteristics of the Predictive health study participants and the EHR 
synthetic control cohort.  

Variable Predictive 
Health (N =
599) 

Synthetic 
Controla (N =
7548) 

Synthetic 
Controlb (N =
4497) 

Age (years) 49 (11) 41 (12) 45 (11) 
Sex (female) 395 (66%) 5063 (67%) 2856 (64%) 
Race    
African American 130 (22%) 2893 (38%) 1665 (37%) 
Caucasian 437 (73%) 4153 (55%) 2477 (55%) 
Other 32 (5%) 502 (7%) 355 (8%) 
Hypertension 204 (34%) 1209 (16%) 959 (21%) 
Diabetes 63 (11%) 307 (4%) 276 (6%) 
Dyslipidemia 101 (17%) 852 (11%) 824 (18%) 
History of smoking 34 (6%) 16 (0.2%) 9 (0.2%) 
Body mass index (kg/ 

m2) 
27.6 (6.1) 27.7 (6.4) – 

Systolic blood 
pressure (mmHg) 

120.5 (15.5) 120.6 (15.7) – 

Diastolic blood 
pressure (mmHg) 

76.1 (10.6) 76.8 (10.4) – 

Total Cholesterol 
(mg/dL) 

194.732 (36.2) – 186.7 (34.9) 

High-density 
lipoprotein (mg/ 
dL) 

63.898 (18.2) – 51.0 (15.2) 

Low-density 
lipoprotein (mg/ 
dL) 

110.650 (31.7) – 114.4 (30.4) 

Triglycerides (mg/ 
dL) 

101.326 (56.4) – 106.5 (66.4) 

ASCVD score (%)c 4.3 (5.4) – 4.2 (4.7) 
Follow-up time 

(years) 
3.0 [2.0, 5.0] 3.5 [2.3, 4.2] 3.0 [2.0, 3.8] 

Number of repeated 
measurements 

5 [3,6] 6 [4, 9] 3 [2, 4] 

Mean (standard deviation), frequency count (percentage), and median [lower 
quartile, upper quartile] are presented. 

a Individuals obtained from the EHR with available vital data, including body 
mass index and blood pressure measurements. 

b Individuals obtained from the EHR with available lab data, including total 
cholesterol, high-density lipoprotein, low-density lipoprotein, and triglyceride 
concentration measurements. 

c 10-year ASCVD risk applies to individuals age 40–79, so the sample sizes are 
2293 and 492, respectively. 
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Even the overall HDL and LDL levels were improved in both groups, the 
increase in HDL and decrease in LDL levels were greater in the synthetic 
control group. In a subset aged 40–79 years at the time of measurement, 
we found a smaller increase in the ASCVD score in the intervention than 
the synthetic control group that appeared to be more prominent using 
the doubly robust method (-0.064%, 95% CI = [− 0.126%, − 0.002%]), 
but this difference was not significant using other methods. 

3.3. Changes in 1 year of follow-up 

Fig. 3 shows the estimated difference in the change approximately 
within 1 year (ranging from 9 months to 15 months of follow-up) be-
tween the Predictive Health study and the synthetic control groups for 
each cardiovascular health measure using the crude, exact matching, 
nearest neighbor (based on propensity score matching), and the doubly 
robust estimation methods. Comparing the intervention group with the 
synthetic controls, the estimated differences in the changes in BMI and 
systolic blood pressure within 1 year were − 0.292 kg/m2 (95% CI =
[− 0.454, − 0.130]) and − 1.478 mmHg (95% CI = [− 2.445,− 0.511]), 
respectively, using the doubly robust method. The results were similar 
when using the crude and matching comparison methods (Supplemen-
tary Table 2). In contrast, the 1-year changes in diastolic blood pressure 
and lipid levels as well as ASCVD were generally not significantly 
different between the two groups. Regardless, using the doubly robust 
method, we found the reduction in triglycerides were greater and the 
increase in ASCVD was less in the Predictive Health group. Compared 
with the synthetic control group, the differences were estimated to be 
− 5.796 mg/dL (95% CI = [− 9.718, − 1.874]) and − 0.246% (95% CI =
[− 0.460, − 0.033]), respectively. 

3.4. Subgroup without lipid-control medication prescriptions 

Given the well-known efficacy of lipid-lowering medications, we 
investigated the changes between groups among those who were not 

Fig. 1. Estimated mean values and the cor-
responding 95% confidence bands of car-
diovascular health measures across 5 years 
of follow-up for the Predictive Health study 
(solid line) and the synthetic control group 
derived from the electronic health records 
(dashed line). BMI = body mass index (kg/ 
m2), SBP = systolic blood pressure (mmHg), 
DBP = diastolic blood pressure (mmHg), TC 
= total cholesterol (mg/dL), HDL = high- 
density lipoprotein (mg/dL), LDL = low- 
density lipoprotein (mg/dL), TG = tri-
glycerides (mg/dL), ASCVD = 10-year risk 
estimator for atherosclerotic cardiovascular 
disease (%).   

Table 3 
Summary statistics of the estimated changes per year across 5 years of follow-up.  

Variable Statistic Predictive Health Synthetic Control 

Body mass index (kg/ 
m2) 

N 599 7599 
Mean (SD) − 0.040 (0.318) 0.077 (0.469) 
Median [Q1, 
Q3] 

− 0.042 [− 0.141, 
0.090] 

0.068 [− 0.100, 
0.260] 

Systolic blood pressure 
(mmHg) 

N 600 8112 
Mean (SD) 0.013 (0.322) 0.317 (0.648) 
Median [Q1, 
Q3] 

− 0.004 [− 0.132, 
0.117] 

0.285 [− 0.028, 
0.619] 

Diastolic blood 
pressure (mmHg) 

N 600 8111 
Mean (SD) − 0.272 (0.437) 0.047 (0.401) 
Median [Q1, 
Q3] 

− 0.280 [− 0.499, 
− 0.065] 

0.046 [− 0.163, 
0.252] 

Total Cholesterol (mg/ 
dL) 

N 589 4578 
Mean (SD) − 0.405 (0.968) 0.319 (0.918) 
Median [Q1, 
Q3] 

− 0.442 [− 0.833, 
0.017] 

0.313 [− 0.098, 
0.739] 

High-density 
lipoprotein (mg/dL) 

N 590 4534 
Mean (SD) 0.026 (0.676) 1.160 (0.651) 
Median [Q1, 
Q3] 

− 0.007 [− 0.287, 
0.285] 

1.138 (0.807, 
1.485) 

Low-density 
lipoprotein (mg/dL) 

N 590 4501 
Mean (SD) − 0.222 (0.949) − 0.732 (0.670) 
Median [Q1, 
Q3] 

− 0.233 [− 0.620, 
0.161] 

− 0.742 [− 1.021, 
− 0.423] 

Triglycerides (mg/dL) N 589 4526 
Mean (SD) − 1.489 (0.966) − 0.540 (1.048) 
Median [Q1, 
Q3] 

− 1.548 [− 1.834, 
− 1.212] 

− 0.675 [− 0.992, 
− 0.273] 

ASCVD score (%) N 492 2293 
Mean (SD) 0.370 (0.386) 0.391 (0.349) 
Median [Q1, 
Q3] 

0.309 [0.202, 
0.428] 

0.328 [0.227, 
0.449] 

SD = standard deviation, Q1 = lower quartile, Q3 = upper quartile. 
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prescribed with any lipid-lowering medications at baseline and during 
the study period. Approximately 14% in the EHR group and 18% in the 
Predictive Health group were excluded from this analysis. Table 4 shows 

summarizes the individual slope estimates (derived from the best linear 
unbiased predictors) in the lipid-control medication-free subgroup. 
Fig. 4 shows the estimated differences in the changes in the four lipid 

Fig. 2. Estimated difference (and the corre-
sponding 95% confidence interval) in the 
averaged change per year (over 5 years of 
follow-up) between the Predictive Health 
study and the synthetic control group 
(derived from the electronic health records) 
for each cardiovascular health measure using 
four comparison methods. BMI = body mass 
index (kg/m2), SBP = systolic blood pressure 
(mmHg), DBP = diastolic blood pressure 
(mmHg), TC = total cholesterol (mg/dL), 
HDL = high-density lipoprotein (mg/dL), 
LDL = low-density lipoprotein (mg/dL), TG 
= triglycerides (mg/dL), ASCVD = 10-year 
risk estimator for atherosclerotic cardiovas-
cular disease (%), C = crude, E = exact 
matching, N = nearest neighbor (based on 
propensity score matching), R = doubly 
robust.   

Fig. 3. Estimated difference in the change 
(and the corresponding 95% confidence in-
terval) within 1 year of follow-up between 
the Predictive Health study and the synthetic 
control group (derived from the electronic 
health records) for each cardiovascular 
health measure using four comparison 
methods. BMI = body mass index (kg/m2), 
SBP = systolic blood pressure (mmHg), DBP 
= diastolic blood pressure (mmHg), TC =
total cholesterol (mg/dL), HDL = high-den-
sity lipoprotein (mg/dL), LDL = low-density 
lipoprotein (mg/dL), TG = triglycerides 
(mg/dL), ASCVD = 10-year risk estimator for 
atherosclerotic cardiovascular disease (%), 
C = crude, E = exact matching, N = nearest 
neighbor (based on propensity score match-
ing), R = doubly robust.   
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measurements between the Predictive Health study and the synthetic 
control group for over 5 years and in 1 year. Compared to the synthetic 
control group, the intervention group demonstrated a significantly 
greater decrease or less increase in all cholesterol levels over 5 years. 
The estimated differences in the changes in total cholesterol, HDL, LDL, 
and triglycerides were − 1.772 (95% CI = [− 1.833, − 1.712]), − 1.194 
(95% CI = [− 1.254,-1.134]), − 0.466 (95% CI = [− 0.526, − 0.406]), and 
− 1.222 (95% CI = [− 1.397, − 1.048]) mg/dL, respectively, using the 
doubly robust method (Supplementary Table 3). Using the crude and 
matching comparison approaches, the results were consistent. The 1- 

year findings, however, were not consistent across different analysis 
approaches, suggesting weaker evidence for differences between groups 
in 1 year. 

4. Discussion 

EHR system has great potential for identifying synthetic control co-
horts for single-arm studies. The empirical application, however, is 
plagued by implementation challenges and ambiguous choices of valid 
controls. Our study provided a practical roadmap to curate an EHR 
synthetic control cohort and demonstrates the utility for evaluating 
intervention effects when changes over time (e.g., aging) must be 
accounted for. However, we also found that the utility of the approach 
was greatest for consistent measures with little dependence on partic-
ular features of the medical encounter (e.g., fasting vs. non-fasting 
measures of lipids). We illustrated four analysis approaches with the 
goal of minimizing bias due to potential cofounding in such observa-
tional study. 

Overall, we found that blood pressure, BMI, total cholesterol, LDL, 
and triglycerides improved (relatively) in the intervention group. The 
findings are mostly consistent with a meta-analysis of changes expected 
with lifestyle interventions (Zhang et al., 2017). Comparing 5-year with 
1-year results, the observed effect size was relatively small, suggesting 
the improvements were mainly achieved in the first year. Our previous 
investigation had found that the changes occurred within the first 6–12 
months and most Predictive Health study participants were able to 
maintain their ideal health status over time (Al Mheid et al., 2016). 
Though the frequency of contact with the health partner can be adjusted 
based on the participant’s needs, it had no significant impact on the 
improvement of health outcomes. 

In light of these observations, findings comparing the changes in HDL 
levels between the two groups appeared to be unexpected, possibly due 
to differences in time of measurement, laboratory assay, and fasting 
status (Ko et al., 2020; Cooper et al., 2002). However, when analyzing 
the subgroup without lipid-lowering medication prescriptions, the 
intervention group exhibited better control of cholesterol levels than the 
EHR synthetic controls. As such, BMI and blood pressure measurements 
may be considered more robust tools for synthetic control-based 
research in the EHR database, whereas measurements of cholesterols 
are often more sensitive to both endogenous and exogenous factors. 
Caution needs to be made when analyzing study-based lipid data with 
other lipid measures obtained from a different source. Nevertheless, our 
subgroup analysis provided a valuable opportunity to evaluate the 
intervention effect on natural deterioration of cholesterol levels over 
time among individuals with normal or borderline cholesterol levels. 

A recent review assessed by the National institute for Health and 
Care Excellence identified 22 studies using external controls to estimate 
comparative clinical effectiveness (Anderson et al., 2019). Of these, 13 
utilized published RCT data, and 6 utilized observational data. Our 

Table 4 
Summary statistics of the estimated changes per year among individuals without 
any lipid-lowering prescriptions in 5 years and 1 yearSD = standard deviation, 
Q1 = lower quartile, Q3 = upper quartile.   

Statistic Predictive Health Synthetic 
Control 

5 years of follow-up 
Total Cholesterol (mg/dL) N 491 3214 

Mean (SD) − 0.492 (0.700) 1.257 (0.577) 
Median 
[Q1, Q3] 

− 0.516 [− 0.786, 
− 0.173] 

1.244 [0.938, 
1.550] 

High-density lipoprotein 
[mg/dL) 

N 492 3175 
Mean (SD) 0.020 (0.605) 1.207 (0.615) 
Median 
[Q1, Q3] 

− 0.004 [− 0.263, 
0.253] 

1.183 [0.885, 
1.508] 

Low-density lipoprotein 
[mg/dL) 

N 490 3154 
Mean (SD) − 0.386 (0.675) 0.082 (0.328) 
Median 
[Q1, Q3] 

− 0.385 [− 0.667, 
− 0.098] 

0.069 [− 0.091, 
0.242] 

Triglycerides [mg/dL) N 490 3167 
Mean (SD) − 1.240 (1.506) − 0.142 (1.007) 
Median 
[Q1, Q3] 

− 1.336 [− 1.751, 
− 0.874] 

− 0.277 
[− 0.596, 0.126] 

1 year of follow-upaTotal 
Cholesterol [mg/dL) 

N 486 905 
Mean (SD) − 5.463 (23.328) − 0.849 (19.948) 
Median 
[Q1, Q3] 

− 3.500 
[− 13.375, 
5.875] 

0.000 [− 11.833, 
10.673] 

High-density lipoprotein 
[mg/dL) 

N 486 890 
Mean (SD) − 1.388 (7.638) − 0.191 [7.678) 
Median 
[Q1, Q3] 

− 1.000 [− 4.500, 
2.000] 

− 0.805 
[− 5.033, 3.989] 

Low-density lipoprotein 
[mg/dL) 

N 485 885 
Mean (SD) − 3.818 (20.043) − 0.788 (18.195) 
Median 
[Q1, Q3] 

− 2.000 
[− 10.125, 
6.125] 

0.567 [− 10.172, 
9.663] 

Triglycerides [mg/dL) N 485 888 
Mean (SD) − 1.567 (27.412) − 0.423 (45.333) 
Median 
[Q1, Q3] 

− 1.000 
[− 10.500, 
9.000] 

0.000 [− 16.919, 
20.184] 

aThe synthetic control cohort included those who had a follow-up observation 
between 9 months and 15 months from their baseline time point. 

Fig. 4. Estimated difference (and the corre-
sponding 95% confidence interval) in the 
averaged change in cholesterol lipids per 
year over 5 years of follow-up (triangle) and 
within 1 year (solid circle) between the Pre-
dictive Health study and the synthetic con-
trol group (derived from the electronic 
health records) using four comparison 
methods. The 95% confidence intervals for 
the 5-year results were too small to show in 
the figure. TC = total cholesterol (mg/dL), 
HDL = high-density lipoprotein (mg/dL), 
LDL = low-density lipoprotein (mg/dL), TG 
= triglycerides (mg/dL), C = crude, E =
exact matching, N = nearest neighbor (based 
on propensity score matching), R = doubly 
robust.   
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major contribution is the proposed workflow to select samples from EHR 
that enable adjustment for the natural changes/declines observed in 
routine health care for the evaluation of a single-arm study. We illus-
trated different comparison methods that can be considered as potential 
analysis recommendations for future studies. Using matched controls 
may be considered as the most straightforward and sensible approach in 
practice. On the other hand, using regression adjustment or the pro-
posed doubly robust estimation makes most efficient use of data, which, 
in turn, can generate more powerful results. 

Our study has limitations. First, using EHR data to derive a synthetic 
control group is only applicable when the same outcome variables and 
covariates are available. Thus, different groups of individuals were used 
in analysis of different outcome metrics. Second, Emory employees in 
the synthetic control cohort were identified using insurance plan 
recorded in the EHR system, and we assumed that all employees were 
included. However, it is possible that a portion of employees who chose 
to use other insurance plans were not captured. Similarly, spouses 
covered by the same insurance plan may have been mistakenly included 
in our control cohort pool. Third, the reliability of the estimated dif-
ferences in various outcome changes may depend on the time interval 
between repeated measurements. Such intervals may affect how the 
underlying trajectories over time are estimated. In our analysis, we 
simply assumed and used a constant slope estimate for each individual 
to make comparisons. This change may not be constant over time on the 
individual level in either group, especially when any new treatment is 
prescribed during the study period. We have attempted to report anal-
ysis results of 5-year and 1-year follow-up as well as in a subgroup 
without statin prescriptions. Fourth, studies generally have higher val-
idity when a concurrent control group is used to validate synthetic 
controls (Thorlund, 2020). Though there was technically not a concur-
rent control group for the Predictive Health intervention, we were able 
to identify 72% of the study participants who were also present in the 
EHR system during the same study period. Based on this subgroup, we 
compared their data from the EHR with those from the Predictive Health 
study and found that BMI and blood pressure measurements were 
considerably consistent (Ko et al., 2020). Lastly, the estimated effects 
may be compromised or biased in the presence of unmeasured con-
founders. Moreover, since the participation of this health partner pro-
gram was entirely voluntary, the findings may not be generalized to all 
university employees. 

While EHR data are maintained by healthcare systems for mostly 
administrative purposes, they provide a unique opportunity for re-
searchers to develop a specific cohort to fill research gaps. Randomi-
zation is ideal to obtain an unbiased estimate of intervention effect, but 
when a control group is not available, identifying EHR synthetic controls 
may provide an alternative to estimate intervention effect appropriately. 
Further studies are indicated to explore other ways to develop study- 
specific cohorts from the EHR and similar data bases. 
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