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Abstract

Background: Physician surveys provide indispensable insights into physician experience, but the question of whether
responders are representative can limit confidence in conclusions. Ubiquitously collected electronic health record (EHR)
use data may improve understanding of the experiences of survey nonresponders in relation to responders, providing clues
regarding their well-being.

Objective: The aim of the study was to identify EHR use measures corresponding with physician survey responses and
examine methods to estimate population-level survey results among physicians.

Methods: This longitudinal observational study was conducted from 2019 through 2020 among academic and community
primary care physicians. We quantified EHR use using vendor-derived and investigator-derived measures, quantified burnout
symptoms using emotional exhaustion and interpersonal disengagement subscales of the Stanford Professional Fulfillment
Index, and used an ensemble of response propensity-weighted penalized linear regressions to develop a burnout symptom
prediction model.

Results: Among 697 surveys from 477 physicians with a response rate of 80.5% (697/866), always responders were similar
to nonresponders in gender (204/340, 60% vs 38/66, 58% women; P=.78) and age (median 50, IQR 40-60 years vs median
50, IQR 37.5-57.5 years; P=.88) but with higher clinical workload (median 121.5, IQR 58.5-184 vs median 34.5, IQR 0-115
appointments; P<.001), efficiency (median 5.2, IQR 4.0-6.2 vs median 4.3, IQR 0-5.6; P<.001), and proficiency (median 7.0,
IQR 5.4-8.5 vs median 3.1, IQR 0-6.3; P<.001). Survey response status prediction showed an out-of-sample area under the
receiver operating characteristics curve of 0.88 (95% CI 0.77-0.91). Burnout symptom prediction showed an out-of-sample
area under the receiver operating characteristics curve of 0.63 (95% CI 0.57-0.70). The predicted burnout prevalence among
nonresponders was 52%, higher than the observed prevalence of 28% among responders, resulting in an estimated population
burnout prevalence of 31%.

Conclusions: EHR use measures showed limited utility for predicting burnout symptoms but allowed discrimination between
responders and nonresponders. These measures may enable qualitative interpretations of the effects of nonresponders and may
inform survey response maximization efforts.
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Introduction

Symptoms of burnout among physicians have risen sharply
in recent years [1], but burnout symptoms and other markers
of physician well-being are currently identified by voluntary
responses to surveys [2]. Such intermittent surveys often
have low response rates and carry the risk of response
bias, as physicians with burnout or other symptoms of poor
well-being may have systematically different likelihood of
responding [3]. Although prior analyses have shown few
significant differences between early and late responders
or between initial responders and those who respond to
incentivized secondary surveys of nonresponders [1.4], in
many studies, information about nonresponders is limited to
standard demographics. Evaluating survey results in relation
to EHR use measures reflecting the work environment and
experiences of each physician may allow a more detailed
analysis of the differences between responders and nonres-
ponders, thereby enabling extrapolations relevant to the
well-being of nonresponders.

Symptoms of burnout affect primary care physicians
disproportionately [1,4,5] and pose a threat to quality of
care and patient safety [6,7]. Almost 50% of primary care
physicians believe that the amount of time spent on clerical
tasks is unreasonable [8], those with a high electronic health
record (EHR) task load have a higher likelihood of burnout
[9-11], and up to 75% believe that the EHR contributes
to burnout [12,13]. Although these findings may suggest
that EHR-based measures could be used to predict burn-
out symptoms, the performances of EHR-based measures in
prediction models have been limited [14,15]. This combina-
tion of findings suggests that a more complex interplay exists
among EHR use, physician well-being, and survey response.

This study sought (1) to identify systematic differences
in EHR use measures between physician survey responders
and nonresponders and (2) to provide a prediction model-
ing approach for estimating symptom burden among survey
nonresponders using physician burnout as a use case.

Methods

Overview and Study Design

We used a repeated cross-sectional observational design to
assess a wide range of EHR use characteristics in relation
to burnout symptoms. EHR measures were compiled by the
institution’s EHR vendor (Epic Systems) or calculated from
the local EHR data repository. Burnout measures relevant to
this study were part of larger routine surveys on professional
fulfillment at Stanford University School of Medicine.

Ethical Considerations

This study was approved by the institutional review board
at Stanford University School of Medicine (IRB-49374) with
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deidentification processes enabling the waiver of informed
consent. Data were deidentified prior to analysis. Incentives
previously provided for survey completion are detailed below,
but no further compensation was provided for inclusion in
this study.

Study Participants

All primary care physicians at a large US academic med-
ical center and its community affiliates were surveyed as
part of routine quality improvement efforts and professional
fulfillment benchmarking. Participants were invited via email,
followed by 4 reminder email requests over the following 6
weeks at 2 time points (2019 and 2020). Participation was
voluntary, with local department chairs, division chiefs, and
well-being champions allowed to encourage participation at
their discretion. At the academic medical center, a depart-
ment-level financial incentive of US $50 per respondent
was offered to the 3 departments with the highest response
rates. At the community affiliate, survey completion was a
prerequisite for individuals to receive their annual clinical
bonuses. The primary stated purpose of the survey was to
“help inform our efforts to make operational improvements
to make Stanford University a better place for all to practice,
educate, and conduct research.” The survey was administered
by a third party (SullivanLuallin Group), and all responses
were deidentified to preserve confidentiality.

Each physician was categorized as a “never responder”
if they did not provide survey responses at either time
point, “always responder” if they responded to each yearly
invitation received, or “partial responder” if they were invited
both years but only responded once.

Burnout Measures

Surveys were distributed at the academic medical center in
May 2019 and October 2020 and distributed at the com-
munity affiliate in March 2019 and March 2020. We used
the Stanford Professional Fulfillment Index, which includes
10 prompts assessing burnout symptoms, 4 related to work
exhaustion and 6 related to interpersonal disengagement.
Details of this index and full burnout prompts are provided
in prior publications [16,17]. In line with prior research [17],
we calculated the mean score for these 10 burnout items,
which are scored 0-4 on a Likert scale, then transposed to
a 0-10 scale by multiplying by 2.5. Although all analyses
were conducted on continuous scores, for ease of reporting,
we dichotomized such that a score of =3.325 was considered
indicative of burnout symptoms, in line with the validation
results for this instrument [17].

EHR Use Measures

For each physician, we compiled EHR use measures for
the 3-month period leading up to survey administration. We
used Signal data compiled by Epic Systems to approximate
key measures of workload, use, and efficiency, as defined
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in Epic’s UserWeb. We calculated additional measures
of workload from the institution’s EHR data repository,
including number of unique patients with appointments,
number of patients with multiple appointments in a given
month, sentiment scores of progress notes (range —1 to +1
for maximally negative to maximally positive sentiment),
and principal components. We reduced this large feature
set of 1677 overlapping predictors to a smaller set of 214
candidate predictors by manually curating to measures with
low collinearity, high cardinality, and known or poten-
tial associations with physician well-being from published
literature [8-11,18-27]. Introducing this manual curation
step, compared to relying solely on automated machine
learning methods, aligns with prior literature demonstrating
that incorporating clinician expertise into feature generation
can improve model performance [28]. We also extracted
physician gender and birth year (binned in 5-year increments)
from the EHR database as well as practice type and clinic
(both hashed to preserve confidentiality).

Statistical Analysis

We used descriptive statistics including frequencies, means,
and SDs to compare EHR use measures and demograph-
ics between survey responders and nonresponders using
nonparametric methods to assess statistical significance,
including Fisher exact test for categorical variables, Kruskal-
Wallis test for continuous variables with unpaired observa-
tions, and Wilcoxon signed rank for continuous variables with
paired observations. Reference values were set at the modal
value (categorical variables) or the lowest value (ordinal
variables).

Because the population of interest (nonresponders) may
differ from the population available for model training
(responders), we developed a weighting schema to tune
the model for predictions more heavily weighted toward
individuals less likely to respond. To develop these weights
for our prediction model, we developed propensity scores
quantifying the likelihood of survey response (vs nonres-
ponse) in any given year based on EHR use measures. We
used penalized logistic regression with 10-fold cross-valida-
tion to generate these propensity scores for survey response,
using the full dataset of survey invitations, with the binary
outcome of survey response defined as answering =4 out of
10 burnout prompts. We then used these propensity scores,
denoted by p, to inform 3 approaches to weighting in our
predictive models for burnout score, lending varying levels of
higher weight to observations more similar to nonresponders
(unweighted, 1/p weighting, and 1-p weighting). Unweigh-
ted predictions approximate the population of responders by
ascribing equal weight to all observations in the training set.
1/p-Weighted predictions approximate the full population of
responders and nonresponders by ascribing proportionately
higher weight to responses with the lowest likelihood of
response, with the lower limit of propensity scores truncated
at 0.1 to prevent extreme weights. 1-p-Weighted predictions
approximate the nonresponders by ascribing lower weight to
responses with a higher likelihood of response.
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To create our ensemble prediction model, we used a
sample of always responders to train 3 separate prediction
models, then used the remainder of always responders to
calculate bias-correction coefficients governing the weight
of each of the 3 models in the final ensemble model. To
accomplish this task, we trained penalized linear regression
models to predict burnout scores using a random 272 (80%
sample) of the 340 always responders, grouped by physician.
We generated 3 burnout predictions (1 for each weighting
schema) for the remaining 68 (20% sample) of the 340
always responders. On this held-out test set, we then applied
a bias-correction step in which we regressed actual burnout
scores on the 3 predictions (1 from each weighting schema),
then extracted the resultant 3 coefficients for each weighting
schema as bias-correction coefficients, such that predictions
consistently over- or underestimating burnout scores would
be adjusted accordingly in the ensemble (bias-corrected)
prediction.

Because nonresponders may represent a systematically
different population than our training set of always res-
ponders, we chose to test predictive performance using
the held-out test set of partial responders (physicians who
responded to the survey in 1 year but declined to respond in
the other year). We chose the partial responders as the test set
because this group of physicians may most closely approx-
imate nonresponders while still providing usable survey
data in 1 year. Using the models generated in the training
step and the coefficients generated in the bias-correction
step, the performance of the ensemble model was tested to
predict burnout scores for these partial responders. For ease
of interpretation, we converted burnout predictions to the
likelihood of burnout score =3.325 using a sigmoid distribu-
tion.

Because the partial responders may provide the most
relevant data for predicting burnout among nonresponders,
we then retrained the model using all responses (from always
responders and the response years of partial responders)
and used this final model to predict burnout scores among
nonresponders. We combined these predicted burnout scores
with the observed burnout scores from survey responses to
estimate the population-level burnout burden.

Recognizing that we cannot directly assess the perform-
ance of our final predictions of nonresponders but that
our sample contained a strong response rate, we also
performed additional validation in which we synthetically
reduced our response rate by pseudorandomly selecting a
subset of physicians to be synthetic nonresponders. This
approach allowed us to estimate applicability to institutions
or years with lower response rates. For this synthetic survey
response reduction, each person’s response propensity was
jittered using a triangularly distributed random jitter from
—0.5 to 0.5, centered at 0. Then we selected out the 20%
of physicians with the lowest average response propensity
as “candidate synthetic nonresponders.” We repeated this
process 100 times, then chose any physician who was a
candidate synthetic nonresponder in at least 50 cycles as
a final synthetic nonresponder, to be added to the actual
nonresponders. We retrained the model using only the limited
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set of responses, and then predicted burnout scores among the
larger set of nonresponses.

Due to the hypothesis-generating nature of these analyses,
no corrections were made for multiple testing. Statistical
analyses were performed in Stata (version 17.0; StataCorp)
and Python (version 3.3; Python Software Foundation) with
modules scipy and sklearn.

Results

A total of 477 unique physicians received 866 survey
invitations (in 2019 alone: n=44, in 2020 alone: n=44, and
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in both years: n=389). The overall response rate was that 697
of 866 (80.5%) surveys were completed (in 2019: n=340,
78% and in 2020: n=357, 83%), with 66 never responders,
71 partial responders, and 340 always responders (Figure
1). Baseline demographics of the 3 groups of physicians are
shown in Table 1.

Figure 1. Response patterns of 477 primary care physicians administered a total of 866 surveys (1-2 surveys per physician) over a 2-year period.
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Table 1. Baseline characteristics of never responders, partial responders, and always responders®.

Responder group P value®
Always responders Partial responders Never responders
Physicians, n 340 71 66 —¢
Surveys administered?, n 626 142 98 —
Surveys completed, n 626 71 0 —
Demographics
Women, n (%) 204 (60) 53(75) 38 (58) 048
Age (years), median (IQR) 50 (40-60) 50 (40-60) 50 (35-60) .88
Workload and patient complexity measures, median (IQR)
Appointments 121.5 (58.5-184.0) 107.0 (45.0-161.0) 34.5(0.0-115.0) <.001
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Responder group P value®
Always responders Partial responders Never responders
Appointments per work day 9.2 (6.2-11.7) 8.8(6.9-11.7) 5.9 (0.0-9.6) <.001
Laboratory orders 69.0 (15.0-173.5) 65.0 (11.0-156.0) 12.0 (0.0-71.0) <.001
Mean number of patient 167.9 (96.7-348.1) 2759 (144 .9-399.2) 206.8 (48.0-374.1) 001
conditions
Number of messages 567.0 (277.0-953.5) 435.0 (86.0-891.0) 69.5 (0.0-279.0) <.001
Number of notes written 187.0 (95.0-300.0) 149.0 (45.0-234.0) 33.0 (0.0-150.0) <.001
Number of patients touched 212.0 (106.5-331.0) 148.0 (68.0-285.0) 48.5 (7.0-151.0) <.001
EHRSE efficiency measures, median (IQR)
Epic efficiency score 52(4.0-6.2) 49 (3.6-5.8) 4.3 (0.0-5.6) <.001
Minutes in Work Outside of 245 (11.5-47.6) 21.2(4.5-47.2) 3.0 (0.0-20.7) <.001
Work per 8 hours of
appointments
Minutes during pajama time 180.3 (21.3-599.5) 95.3 (22.7-389.9) 15.1 (0.0-132.3) <.001
Minutes per off day 31.8 (13.5-66.0) 29.3 (5.1-59.1) 0.2 (0.0-19.0) <.001
Minutes per 8 hours of 173.1 (114.3-247.1) 189.6 (119.2-242.1) 120.8 (0.0-181.0) <.001
appointments
Minutes in chart review per 2.0 (1.1-3.7) 2.5(1.3-3.7) 1.0 (0.0-3.8) 003
appointment
Minutes in inbasket per 8 hours  31.7 (15.4-48.1) 29.1 (9.2-48.1) 9.6 (0.0-27.9) <.001
of appointments
Minutes in notes per 8 hours of  60.9 (32.8-97.3) 60.2 (34.9-93.9) 42.8 (0.0-68.6) <.001
appointments
Minutes in prescriptions per 8 24.8 (14.5-38.2) 272 (14.5-36 4) 12.0 (0.0-304) <.001
hours of appointments
Average typos per note 1.2 (1.1-1.3) 1.1 (1.0-14) 1.0 (0.0-1.3) <.001
Average words per note 396.2 (259.4-575.5) 402.6 (246.4-623.4) 264.5 (77.1-481.1) <.001
Undivided attention (estimated) 0.7 (0.5-0.8) 0.6 (0.4-0.7) 0.5 (0.0-0.7) 002
EHR proficiency measures
Epic proficiency score, median 7.0 (5.4-8.5) 6.5 (3.8-8.0) 3.1(0.0-6.3) <.001
(IQR)
Chart search, n (%) 325 (95.6) 64 (90) 46 (70) <.001
Number of shared smartphrases, 140.0 (60.0-288.5) 184.0 (66.0-381.0) 40.5 (0.0-191.0) <.001

median (IQR)

4Data shown represent the month leading up to the most recent survey administration within the study period for each physician.
bp values obtained using the Fisher exact test (categorical variables) or the Kruskal-Wallis test (continuous variables).

®Not applicable.

dPhysicians who joined or left the organization between survey administrations were only eligible to receive 1 survey. They were categorized with
“always responders” if they responded or “never responders” if they did not respond. Full details are illustrated in Figure 1.

®EHR: electronic health record.

EHR use patterns for the 3 groups of physicians are also
shown in Table 1, with never responders showing generally
lower clinical workload and overall EHR proficiency, always
responders showing generally higher clinical workload and
EHR proficiency, and partial responders with intermediate
values. In particular, never responders had a median of 5.9
(IQR 0.0-9.6) appointments per work day compared to 8.8
(IQR 6.9-11.7) for partial responders and 9.2 (IQR 6.2-11.7)
for always responders. Although never responders exhibited
the lowest summary EHR efficiency scores (partial respond-
ers: median 4.3, IQR 0.0-5.6 vs median 4.9, IQR 3.6-5.8
and always responders: median 5.2, IQR 4.0-6.2), they also
showed the lowest minutes in notes per 8 hours of appoint-
ments (partial responders: median 42.8, IQR 0.0-68.6 vs
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median 60.2, IQR 34.9-93.9 and always responders: median
60.9, IQR 32.8-97.3), lowest minutes in EHR in basket per 8
hours of appointments (partial responders: median 9.6, IQR
0.0-27.9 vs median 29.1, IQR 9.2-48.1 and always respond-
ers: median 31.7, IQR 15.4-48.1), and lowest minutes in chart
review per appointment (partial responders: median 1.0, IQR
0.0-3.8 vs median 2.5, IQR 1.3-37 and always responders:
median 2.0, IQR 1.1-3.7).

Among the 71 partial responders, the year in which a
response was given showed several differences in compari-
son to the nonresponse year as shown in Table 2. In par-
ticular, physicians responded in years in which they had
higher clinical workload (eg, more appointments per work
day: median 10.1, IQR 8.0-12.2 vs median 8.3, IQR 6.2-12.3;
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P=.03) but relatively similar EHR efficiency measures (eg,
similar Epic efficiency score: median 5.0, IQR 4.1-59 vs
median 4.7, IQR 3.4-5.8; P=.14). The results were similar
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when stratified by physicians who responded the first year
and failed to respond the second year versus those with the
reverse chronology.

Table 2. Electronic health record (EHR) use measures for the 71 partial responders, during nonresponse years and response years®.

Nonresponse year Response year P value
Physicians, n 71 71 N/AP
Workload and patient complexity measures, median (IQR)
Appointments 97.0 (41.5-151.0) 138.0 (65.0-192.0) 001
Appointments per work day 8.3(6.2-12.3) 10.1 (8.0-12.2) 03
Laboratory orders 80.0 (2.0-139.0) 92.0 (14.0-203.0) 001
Mean number of patient conditions 253.1 (131.1-408.6) 2759 (125.6-375.7) S1
Number of messages 309.0 (91.5-839.0) 462.0 (138.0-957.5) .002
Number of notes written 145.0 (36.0-234.0) 184.0 (85.0-325.5) 001
Number of patients touched 134.0 (57.0-250.0) 175.0 (82.5-313.0) <.001
EHR efficiency measures, median (IQR)
Epic efficiency score 47 (34-58) 50 (4.1-5.9) 14
Minutes in work outside of work per 8 hours of appointments 17.7 (1.8-42.1) 22.3(7.5-54.1) 04
Minutes during pajama time 544 (0.0-321.7) 42.0 (0.0-201.0) 51
Minutes per off day 32.3(0.0-51.8) 34.6 (11.0-63.6) 15
Minutes per 8 hours of appointments 184.3 (93.4-237.1) 183.8 (121.5-263.9) 52
Minutes in chart review per appointment 2.4(1.0-4.0) 2.3(14-3.5) .64
Minutes in inbasket per 8 hours of appointments 26.6 (8.6-48.3) 24.6 (11.0-45.4) 71
Minutes in notes per 8 hours of appointments 59.6 (22.2-874) 60.2 (40.6-100.2) 22
Minutes in prescriptions per 8 hours of appointments 25.5(104-35.3) 28.0 (16.5-44 4) 12
Average typos per note 1.1(1.0-1.3) 1.1 (1.0-14) 37
Average words per note 394.7 (257.2-593.7) 417.8 (274.4-625.4) .61
Undivided attention (estimated) 0.6 (0.4-0.7) 0.7 (0.5-0.8) 03
EHR proficiency measures
Epic proficiency score, median (IQR) 5.8 (2.5-7.7) 6.4 (3.8-8.0) 13
Chart search, n (%) 61 (86) 67 (94) .16
Number of shared smartphrases, median (IQR) 122.0 (46.5-353.0) 225.0 (62.0-375.5) 04

4P values obtained via Wilcoxon signed rank test.
bN/A: not applicable.

Prediction models for survey response using multivariable
logistic regression achieved an area under the receiver
operating characteristic curve (AUROC) of 0.88 (95%
CI 0.77-091) as determined by 10-fold cross-validation
grouped by physician. Prediction models for burnout
score using multivariable linear regression with subsequent
sigmoid transformation to probability of burnout achieved
an out-of-sample AUROC of 0.63 (95% CI 0.57-0.69) on
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the unweighted model, 0.62 (95% CI 0.57-0.69) on the
1/p weighted model, and 0.57 (95% CI 0.50-0.62) on the
1-p weighted model as shown in Figure 2. The ensemble
model achieved an out-of-sample AUROC of 0.63 (95% CI
0.57-0.70), sensitivity of 62%, specificity of 64%, and area
under the precision-recall curve of 0.39 (95% CI 0.33-0.48)
for predicting burnout symptoms as shown in Figure 3.
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Figure 2. Receiver operating characteristics curves for 3 burnout prediction models: unweighted, weighted by inverse probability of survey response
(1/p), and weighted by reversed probability of survey response (1—p). Results for the held-out test set of partial responders shown. Shaded areas
represent 95% Cls obtained using bootstrap resampling methods. AUROC: area under the receiver operating characteristic curve.
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Figure 3. Receiver operating characteristics curve for the bias-corrected ensemble burnout prediction model. Results for the held-out test set of
partial responders shown. Shaded area represents 95% CI obtained using bootstrap resampling methods. AUROC: area under the receiver operating

characteristic curve.
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After final training on all available data (see Multimedia DiSCUSSion
Appendix 1 for coefficients from the top-performing model),
the ensemble model predicted 52% (95% CI 41%-63% . . P
P o B5% 063%) " principal Findings

burnout prevalence among the nonresponders, higher than the
28% rate observed in responders. These predictions suggest a
population-level estimated 31% (95% CI 30%-33%) burnout
prevalence, after incorporating the observed 28% burnout
prevalence among responders.

In secondary analysis with synthetic response rate
reduction, the observed burnout prevalence was 26%
(excluding the synthetic nonresponders—individuals whose
responses were concealed for the purposes of this secondary
analysis), while the predicted burnout prevalence was 46%
(including predictions for true nonresponders and synthetic
nonresponders). The resultant population-level estimate of
33% burnout prevalence represented a 2% increase in
estimated burnout compared to the fully informed model.
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In this study, we found well-being survey responses to
be more common among physicians with higher clinical
workload and higher EHR proficiency measures, with a
strong ability to predict survey response status using routinely
collected EHR measures. However, we achieved lower
predictive performance to predict burnout scores, which
were better (AUROC 0.63, 95% CI 0.57-0.70) than chance
(AUROC 0.5), but below the threshold for clinical actiona-
bility when predicting outcomes in an individual (typically
AUROC of at least 0.8). The ability of EHR measures to
predict burnout was not markedly improved by including
propensity weighting schemas, though it remains possible
that predictions on true nonresponders are more accurate as
a result or that this approach may inform survey analysis
strategies for other applications. Although we found predicted
burnout scores among nonresponders to be higher than
observed burnout scores among responders, there remains
uncertainty regarding the magnitude of difference.
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Comparison to Prior Work

Previous studies looking for systematic differences between
well-being survey responders and nonresponders have
consistently failed to show meaningful differences. Using
a large national sample of physicians, Shanafelt et al [29]
reported no substantial differences between early respond-
ers and late responders nor between responders to the
initial survey versus an incentivized, multimodality survey
of nonresponders (2 standard approaches to evaluate for
response bias) [1.4]. Ortega et al [30] reported no differences
in burnout prevalence among responders to 3 consecutive
surveys versus those who provided only 1 or 2 responses.
Cardell et al [31] also reported no differences in burnout
among responders who fully completed a survey and those
with selective responses. These findings are in line with
other studies of physician surveys in ambulatory practice or
oncology care [32-34]. Studies that identified demographic
differences by response status primarily note small differen-
ces in age, gender, specialty, and urbanicity [35-38].

Our study largely confirms these findings, with similar
demographics among all responder groups, but extends these
findings by evaluating highly granular EHR measures related
to the work environment of physicians, providing much
greater detail than has previously been available for nonres-
ponders. Although we are unable to directly evaluate the
predictive accuracy of our model on nonresponders, our
findings suggest that in this sample of physicians, nonres-
ponders have EHR use measures more similar to physicians
who reported higher symptoms of burnout. Notably, these
nonresponders tended to exhibit a lower volume of clinical
workload, but many of the predictive features in our model
related rather to the composition of the clinical workload (ie,
the proportion of appointments that are level 5 rather than
the raw number of appointments). However, the relatively
weak predictive performance of this model to predict burnout
(when evaluated against the surrogate group of partial
responders) suggests caution in interpreting the magnitude
of any such effect. In addition, the 1-year interval between
the survey time points and response or nonresponse years
of the partial responders may reflect important differences
in burnout symptoms or work experiences, further distancing
their relevance as a surrogate test population.

Strengths and Limitations

Although burnout prediction accuracy falls below the
threshold of actionability consistent with prior studies
[14,15], the directionality of the difference between observed
and predicted burnout may be valuable as a qualitative
measure. Our findings suggest that institutions could leverage
population-level EHR measures to identify if their nonres-
ponders are expected to have better, worse, or similar
symptoms to those measured among responders. In this way,
comparisons may be better informed, particularly across years
with different survey response rates. Although burnout was
evaluated as a use case in this study, it remains possible
that this approach may be more effective for predicting
response to other survey instruments, particularly those with
more direct conceptual connections with EHR use metadata

https://medinform jmir.org/2025/1/e64722
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(eg, EHR experience, control over schedule, or sleep-related
impairment).

This study should be viewed in light of its design. As
an observational study, we cannot infer any causality of the
observed associations between EHR measures and burnout
symptoms. Additionally, the nonresponders have survey
results that are by definition not observable, and it remains
possible that additional differences exist between nonres-
ponders and our surrogate populations of partial responders
and low-propensity responders. While this study population
represents a large sample of academic and community
primary care physicians, the results may not generalize to
other specialties or institutions, and the necessary deidentifi-
cation process prevented us from knowing the practice setting
or clinic names of individual respondents. The response rates
among this sample of physicians were relatively high due
to strong institutional efforts to maximize responses, which
may limit generalizability to institutions with lower response
rates. The survey time points occurred both prior to and
during the early phase of the COVID-19 response, which
provided an exogenous shock to the health care delivery
system including fluctuating visit volumes and a transition
toward telehealth that may have unmasked relevant associa-
tions. However, changes in physician’s work and personal
lives since that time may affect future results. Although we
evaluated burnout prediction as a use case, this framework
applied to other survey measures may provide better or worse
predictive performance.

Future Directions

We achieved moderate to strong performance in predicting
survey response versus nonresponse. This finding highlights
an opportunity to improve response rates by better target-
ing or incentivizing individuals predicted as less likely to
respond. In general, the nonresponders appeared to exhibit
a less clinically engaged phenotype with a lower work-
load and fewer EHR customizations. This phenotype may
be reflective of reduced clinical load due to exhaustion,
other academic or nonclinical responsibilities, vacation or
sabbatical, or competing responsibilities in personal life.
Decreased EHR proficiency as defined by EHR customiza-
tions may occur for many reasons, including lower clinical
workload that may provide a lower payoff to an individual’s
efforts toward customization, perceptions of helplessness or
reduced motivation to engage in available tools, or unfami-
liarity with available customizations.

Allowing physicians to self-select their survey deliv-
ery format or providing protected time for survey comple-
tion [30,39-42] may improve response rates. In particular,
evaluating phenotypes associated with nonresponse may
further inform survey timing, delivery modes, or incen-
tive structures to maximize response rates. For example,
an institution that predicates a year-end clinical bonus on
survey completion may inadvertently oversample those with
high clinical loads, as their incentive will carry relatively
more value. Alternatively, an institution that provides survey
invitations and reminders during daytime hours or posted only
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in clinical locations may inadvertently reduce engagement by
physicians with infrequent or off-hours clinical work.

Conclusions

In this sample of primary care physicians in a large academic
medical center and its community affiliates, we found that

Tawfik et al

accuracy, but that EHR use measures have limited ability
to predict burnout symptoms. Our finding that nonrespond-
ers had EHR use measures more similar to responders with
symptoms of burnout suggested that, if anything, nonrespond-
ers may have higher rates of burnout than responders. Further
studies are needed to validate these findings in other settings

differences in EHR use measures may enable the prediction —and over a longer time horizon.

of physician survey response with moderate to strong

Acknowledgments

This research was supported by research grants from the Agency for Healthcare Research and Quality (KO8 HS027837, PI:
DT) and the Eunice Kennedy Shriver National Institute of Child Health and Human Development (RO1 HD084679, PI: JP).
All funders had no role in the design and conduct of the study; collection, management, analysis, and interpretation of the data;
preparation, review, or approval of the manuscript; nor the decision to submit the manuscript for publication.

Data Availability

The datasets generated and analyzed during this study are not publicly available due to the sensitive nature of the data and are
not available to be distributed by the corresponding author in accordance with data use agreements.

Authors’ Contributions

DT made substantial contributions to study design, interpretation of data, and drafting the manuscript; had full access to all the
data in the study and takes responsibility for the integrity of the data and the accuracy of the data analysis; and approved the
submitted version. TDS, MB, and JP made substantial contributions to study design, interpretation of data, critically reviewing
the manuscript, and approval of the submitted version.

Conflicts of Interest

TDS is coinventor of the Well-Being Index instruments (Physician Well-Being Index, Nurse Well-Being Index, Medical
Student Well-Being Index, and the Well-Being Index) and the Mayo Leadership Index. Mayo Clinic holds the copyright for
these instruments and has licensed them for use outside of Mayo Clinic. TDS receives a portion of any royalties received. As
an expert on the well-being of health care professionals, TDS frequently gives grand rounds or key note lecture presentations
and provides advising for health care organizations. He receives honoraria for some of these activities.

Multimedia Appendix 1

Standardized coefficients from top-performing model for features selected via penalized linear regression. Features are ordered
by coefficient value, with the highest listed features associating with higher burnout scores and the lowest listed features
associating with lower burnout scores.

[DOCX File (Microsoft Word File), 15 KB-Multimedia Appendix 1]

References

1. Shanafelt TD, West CP, Sinsky C, et al. Changes in burnout and satisfaction with work-life integration in physicians and
the general US working population between 2011 and 2020. Mayo Clin Proc. Mar 2022;97(3):491-506. [doi: 10.1016/].
mayocp.2021.11.021] [Medline: 35246286]

Maslach C, Jackson SE. Maslach Burnout Inventory. Consulting Psychologists Press, Inc; 1981.

3.  Rotenstein LS, Torre M, Ramos MA, et al. Prevalence of burnout among physicians: a systematic review. JAMA. Sep
18,2018;320(11):1131-1150. [doi: 10.1001/jama.2018.12777] [Medline: 30326495]

4. Shanafelt TD, West CP, Sinsky C, et al. Changes in burnout and satisfaction with work-life integration in physicians and
the general US working population between 2011 and 2017. Mayo Clin Proc. Sep 2019;94(9):1681-1694. [doi: 10.1016/
j.mayocp.2018.10.023] [Medline: 30803733]

5.  Han S, Shanafelt TD, Sinsky CA, et al. Estimating the attributable cost of physician burnout in the United States. Ann
Intern Med. Jun 4,2019;170(11):784-790. [doi: 10.7326/M18-1422] [Medline: 31132791]

6.  Tawfik DS, Scheid A, Profit J, et al. Evidence relating health care provider burnout and quality of care: a systematic
review and meta-analysis. Ann Intern Med. Oct 15,2019;171(8):555-567. [doi: 10.7326/M19-1152] [Medline:
31590181]

7.  Tawfik DS, Profit J, Morgenthaler TI, et al. Physician burnout, well-being, and work unit safety grades in relationship to
reported medical errors. Mayo Clin Proc. Nov 2018;93(11):1571-1580. [doi: 10.1016/j.mayocp.2018.05.014] [Medline:
30001832]

8.  Tran B, Lenhart A, Ross R, Dorr DA. Burnout and EHR use among academic primary care physicians with varied
clinical workloads. AMIA Jt Summits Transl Sci Proc. 2019;2019:136-144. [Medline: 31258965]

https://medinform jmir.org/2025/1/e64722 JMIR Med Inform 2025 | vol. 13 164722 | p. 10

(page number not for citation purposes)


https://jmir.org/api/download?alt_name=medinform_v13i1e64722_app1.docx
https://jmir.org/api/download?alt_name=medinform_v13i1e64722_app1.docx
https://doi.org/10.1016/j.mayocp.2021.11.021
https://doi.org/10.1016/j.mayocp.2021.11.021
http://www.ncbi.nlm.nih.gov/pubmed/35246286
https://doi.org/10.1001/jama.2018.12777
http://www.ncbi.nlm.nih.gov/pubmed/30326495
https://doi.org/10.1016/j.mayocp.2018.10.023
https://doi.org/10.1016/j.mayocp.2018.10.023
http://www.ncbi.nlm.nih.gov/pubmed/30803733
https://doi.org/10.7326/M18-1422
http://www.ncbi.nlm.nih.gov/pubmed/31132791
https://doi.org/10.7326/M19-1152
http://www.ncbi.nlm.nih.gov/pubmed/31590181
https://doi.org/10.1016/j.mayocp.2018.05.014
http://www.ncbi.nlm.nih.gov/pubmed/30001832
http://www.ncbi.nlm.nih.gov/pubmed/31258965
https://medinform.jmir.org/2025/1/e64722

JMIR MEDICAL INFORMATICS Tawfik et al

10.

11.

12.

13.

14.

15.

16.

17.

18.

19.

20.

21.

22.

23.

24.

25.

26.

217.

28.

29.

Shanafelt TD, Dyrbye LN, Sinsky C, et al. Relationship between clerical burden and characteristics of the electronic
environment with physician burnout and professional satisfaction. Mayo Clin Proc. Jul 2016;91(7):836-848. [doi: 10.
1016/j.mayocp.2016.05.007] [Medline: 27313121]

Babbott S, Manwell LB, Brown R, et al. Electronic medical records and physician stress in primary care: results from the
MEMO Study. J Am Med Inform Assoc. Feb 2014;21(e1):e100-6. [doi: 10.1136/amiajnl-2013-001875] [Medline:
24005796]

Tawfik DS, Phibbs CS, Sexton JB, et al. Factors associated with provider burnout in the NICU. Pediatrics. May
2017;139(5):€20164134. [doi: 10.1542/peds.2016-4134] [Medline: 28557756]

Robertson SL, Robinson MD, Reid A. Electronic health record effects on work-life balance and burnout within the I3
population collaborative. J Grad Med Educ. Aug 2017;9(4):479-484. [doi: 10.4300/JGME-D-16-00123.1] [Medline:
28824762]

Poll TH. How doctors feel about electronic health records. Stanford Medicine; 2018. URL: http://med.stanford.edu/
content/dam/sm/ehr/documents/EHR-Poll-Presentation.pdf [Accessed 2025-01-11]

Tawfik D, Bayati M, Liu J, et al. Predicting primary care physician burnout from electronic health record use measures.
Mayo Clin Proc. Sep 2024;99(9):1411-1421. [doi: 10.1016/j.mayocp.2024.01.005] [Medline: 38573301]

Lou SS, Liu H, Warner BC, Harford D, Lu C, Kannampallil T. Predicting physician burnout using clinical activity logs:
model performance and lessons learned. J Biomed Inform. Mar 2022;127:104015. [doi: 10.1016/].jbi.2022.104015]
[Medline: 35134568]

Brady KJS, Ni P, Carlasare L, et al. Establishing crosswalks between common measures of burnout in US physicians. J
Gen Intern Med. Mar 2022;37(4):777-784. [doi: 10.1007/511606-021-06661-4] [Medline: 33791938]

Trockel M, Bohman B, Lesure E, et al. A brief instrument to assess both burnout and professional fulfillment in
physicians: reliability and validity, including correlation with self-reported medical errors, in a sample of resident and
practicing physicians. Acad Psychiatry. Feb 2018;42(1):11-24. [doi: 10.1007/s40596-017-0849-3] [Medline: 29196982]
Melnick ER, Dyrbye LN, Sinsky CA, et al. The association between perceived electronic health record usability and
professional burnout among US physicians. Mayo Clin Proc. Mar 2020;95(3):476-487. [doi: 10.1016/j.mayocp.2019.09.
024] [Medline: 31735343]

Eschenroeder HC, Manzione LC, Adler-Milstein J, et al. Associations of physician burnout with organizational
electronic health record support and after-hours charting. J Am Med Inform Assoc. Apr 23,2021;28(5):960-966. [doi:
10.1093/jamia/ocab053] [Medline: 33880534]

Perez HR, Beyrouty M, Bennett K, et al. Chaos in the clinic: characteristics and consequences of practices perceived as
chaotic. J Healthc Qual. 2017;39(1):43-53. [doi: 10.1097/JHQ.0000000000000016] [Medline: 26566238]

Linzer M, Poplau S, Grossman E, et al. A cluster randomized trial of interventions to improve work conditions and
clinician burnout in primary care: results from the healthy work place (HWP) study. J Gen Intern Med. Aug
2015;30(8):1105-1111. [doi: 10.1007/s11606-015-3235-4] [Medline: 25724571]

Linzer M, Poplau S, Babbott S, et al. Worklife and wellness in academic general internal medicine: results from a
national survey. J Gen Intern Med. Sep 2016;31(9):1004-1010. [doi: 10.1007/s11606-016-3720-4] [Medline: 27138425]
Gardner RL, Cooper E, Haskell J, et al. Physician stress and burnout: the impact of health information technology. J] Am
Med Inform Assoc. Feb 1,2019;26(2):106-114. [doi: 10.1093/jamia/ocy145] [Medline: 30517663]

Kroth PJ, Morioka-Douglas N, Veres S, et al. Association of electronic health record design and use factors with
clinician stress and burnout. JAMA Netw Open. Aug 2, 2019;2(8):¢199609. [doi: 10.1001/jamanetworkopen.2019.9609]
[Medline: 31418810]

Adler-Milstein J, Zhao W, Willard-Grace R, Knox M, Grumbach K. Electronic health records and burnout: time spent on
the electronic health record after hours and message volume associated with exhaustion but not with cynicism among
primary care clinicians. ] Am Med Inform Assoc. Apr 1, 2020;27(4):531-538. [doi: 10.1093/jamia/ocz220] [Medline:
32016375]

Hilliard RW, Haskell J, Gardner RL. Are specific elements of electronic health record use associated with clinician
burnout more than others? J Am Med Inform Assoc. Jul 1,2020;27(9):1401-1410. [doi: 10.1093/jamia/ocaa092]
[Medline: 32719859]

Marckini DN, Samuel BP, Parker JL., Cook SC. Electronic health record associated stress: a survey study of adult
congenital heart disease specialists. Congenit Heart Dis. May 2019;14(3):356-361. [doi: 10.1111/chd.12745] [Medline:
30825270]

Vallon JJ, Panjwani N, Ling X, et al. Patient-level clinical expertise enhances prostate cancer recurrence predictions with
machine learning. medRxiv. Preprint posted online on Mar 25, 2022. [doi: 10.1101/2022.03.22.22272635]

Shanafelt TD, Hasan O, Dyrbye LN, et al. Changes in burnout and satisfaction with work-life balance in physicians and
the general US working population between 2011 and 2014. Mayo Clin Proc. Dec 2015;90(12):1600-1613. [doi: 10.
1016/j.mayocp.2015.08.023] [Medline: 26653297]

https://medinform jmir.org/2025/1/e64722 JMIR Med Inform 2025 | vol. 13 164722 | p. 11

(page number not for citation purposes)


https://doi.org/10.1016/j.mayocp.2016.05.007
https://doi.org/10.1016/j.mayocp.2016.05.007
http://www.ncbi.nlm.nih.gov/pubmed/27313121
https://doi.org/10.1136/amiajnl-2013-001875
http://www.ncbi.nlm.nih.gov/pubmed/24005796
https://doi.org/10.1542/peds.2016-4134
http://www.ncbi.nlm.nih.gov/pubmed/28557756
https://doi.org/10.4300/JGME-D-16-00123.1
http://www.ncbi.nlm.nih.gov/pubmed/28824762
http://med.stanford.edu/content/dam/sm/ehr/documents/EHR-Poll-Presentation.pdf
http://med.stanford.edu/content/dam/sm/ehr/documents/EHR-Poll-Presentation.pdf
https://doi.org/10.1016/j.mayocp.2024.01.005
http://www.ncbi.nlm.nih.gov/pubmed/38573301
https://doi.org/10.1016/j.jbi.2022.104015
http://www.ncbi.nlm.nih.gov/pubmed/35134568
https://doi.org/10.1007/s11606-021-06661-4
http://www.ncbi.nlm.nih.gov/pubmed/33791938
https://doi.org/10.1007/s40596-017-0849-3
http://www.ncbi.nlm.nih.gov/pubmed/29196982
https://doi.org/10.1016/j.mayocp.2019.09.024
https://doi.org/10.1016/j.mayocp.2019.09.024
http://www.ncbi.nlm.nih.gov/pubmed/31735343
https://doi.org/10.1093/jamia/ocab053
http://www.ncbi.nlm.nih.gov/pubmed/33880534
https://doi.org/10.1097/JHQ.0000000000000016
http://www.ncbi.nlm.nih.gov/pubmed/26566238
https://doi.org/10.1007/s11606-015-3235-4
http://www.ncbi.nlm.nih.gov/pubmed/25724571
https://doi.org/10.1007/s11606-016-3720-4
http://www.ncbi.nlm.nih.gov/pubmed/27138425
https://doi.org/10.1093/jamia/ocy145
http://www.ncbi.nlm.nih.gov/pubmed/30517663
https://doi.org/10.1001/jamanetworkopen.2019.9609
http://www.ncbi.nlm.nih.gov/pubmed/31418810
https://doi.org/10.1093/jamia/ocz220
http://www.ncbi.nlm.nih.gov/pubmed/32016375
https://doi.org/10.1093/jamia/ocaa092
http://www.ncbi.nlm.nih.gov/pubmed/32719859
https://doi.org/10.1111/chd.12745
http://www.ncbi.nlm.nih.gov/pubmed/30825270
https://doi.org/10.1101/2022.03.22.22272635
https://doi.org/10.1016/j.mayocp.2015.08.023
https://doi.org/10.1016/j.mayocp.2015.08.023
http://www.ncbi.nlm.nih.gov/pubmed/26653297
https://medinform.jmir.org/2025/1/e64722

JMIR MEDICAL INFORMATICS Tawfik et al

30. Ortega MV, Hidrue MK, Lehrhoff SR, et al. Patterns in physician burnout in a stable-linked cohort. JAMA Netw Open.
Oct 2,2023;6(10):62336745. [doi: 10.1001/jamanetworkopen.2023.36745]

31. Cardell CF, Yuce TK, Zhan T, et al. What they are not telling us: analysis of nonresponders on a national survey of
resident well-being. Ann Surg Open. Dec 2022;3(4):e228. [doi: 10.1097/AS9.0000000000000228] [Medline: 36590893 ]

32. HingE, Shimizu IM, Talwalkar A. Nonresponse bias in estimates from the 2012 National Ambulatory Medical Care
Survey. Vital Health Stat 2. Feb 2016(171):1-42. [Medline: 27301078]

33. Robertson J, Walkom EJ, McGettigan P. Response rates and representativeness: a lottery incentive improves physician
survey return rates. Pharmacoepidemiol Drug Saf. Aug 2005;14(8):571-577. [doi: 10.1002/pds.1126] [Medline:
15937989]

34. Willis GB, Smith T, Lee HJ. Do additional recontacts to increase response rate improve physician survey data quality?
Med Care. 2013;51(10):945-948. [doi: 10.1097/MLR.0b013e3182a5023d]

35. McFarlane E, Olmsted MG, Murphy J, Hill CA. Nonresponse bias in a mail survey of physicians. Eval Health Prof. Jun
2007;30(2):170-185. [doi: 10.1177/0163278707300632] [Medline: 17476029]

36. Cull WL, O’Connor KG, Sharp S, Tang S fong S. Response rates and response bias for 50 surveys of pediatricians.
Health Serv Res. Feb 2005;40(1):213-226. [doi: 10.1111/j.1475-6773.2005.00350.x] [Medline: 15663710]

37. Kellerman SE, Herold J. Physician response to surveys. A review of the literature. Am J Prev Med. Jan
2001;20(1):61-67. [doi: 10.1016/s0749-3797(00)00258-0] [Medline: 11137777]

38. Li A, Cronin S, Bai YQ, et al. Assessing the representativeness of physician and patient respondents to a primary care
survey using administrative data. BMC Fam Pract. May 30, 2018;19(1):77. [doi: 10.1186/s12875-018-0767-9] [Medline:
29848292]

39. Barnhart BJ, Reddy SG, Arnold GK. Remind me again: physician response to web surveys: the effect of email reminders
across 11 opinion survey efforts at the American Board of Internal Medicine from 2017 to 2019. Eval Health Prof. Sep
2021;44(3):245-259. [doi: 10.1177/01632787211019445] [Medline: 34008437]

40. James KM, Ziegenfuss JY, Tilburt JC, Harris AM, Beebe TJ. Getting physicians to respond: the impact of incentive type
and timing on physician survey response rates. Health Serv Res. Feb 2011;46(1 Pt 1):232-242. [doi: 10.1111/j.1475-
6773.2010.01181 .x] [Medline: 20880042]

41. Brtnikova M, Crane LA, Allison MA, Hurley LP, Beaty BL, Kempe A. A method for achieving high response rates in
national surveys of U.S. primary care physicians. PLoS One. 2018;13(8):e0202755. [doi: 10.1371/journal.pone.0202755]
[Medline: 30138406]

42. Cunningham CT, Quan H, Hemmelgarn B, et al. Exploring physician specialist response rates to web-based surveys.
BMC Med Res Methodol. Apr 9, 2015;15:32. [doi: 10.1186/s12874-015-0016-z] [Medline: 25888346]

Abbreviations

AUROC: area under the receiver operating characteristic curve
EHR: electronic health record

Edited by Christian Lovis; peer-reviewed by Sihang Zeng, Sunny Lou; submitted 31.07.2024; final revised version received
26.11.2024; accepted 25.12.2024; published 04.02.2025

Please cite as:

Tawfik D, Shanafelt TD, Bayati M, Profit J

Electronic Health Record Use Patterns Among Well-Being Survey Responders and Nonresponders: Longitudinal Observa-
tional Study

JMIR Med Inform 2025;13:¢64722

URL: hitps://medinform.jmir.org/2025/1/e64722

doi: 10.2196/64722

© Daniel Tawfik, Tait D Shanafelt, Mohsen Bayati, Jochen Profit. Originally published in JMIR Medical Informatics
(https://medinform.jmir.org), 04.02.2025. This is an open-access article distributed under the terms of the Creative Commons
Attribution License (https://creativecommons.org/licenses/by/4.0/), which permits unrestricted use, distribution, and reproduc-
tion in any medium, provided the original work, first published in JMIR Medical Informatics, is properly cited. The complete
bibliographic information, a link to the original publication on https://medinform.jmir.org/, as well as this copyright and license
information must be included.

https://medinform jmir.org/2025/1/e64722 JMIR Med Inform 2025 | vol. 13 164722 | p. 12
(page number not for citation purposes)


https://doi.org/10.1001/jamanetworkopen.2023.36745
https://doi.org/10.1097/AS9.0000000000000228
http://www.ncbi.nlm.nih.gov/pubmed/36590893
http://www.ncbi.nlm.nih.gov/pubmed/27301078
https://doi.org/10.1002/pds.1126
http://www.ncbi.nlm.nih.gov/pubmed/15937989
https://doi.org/10.1097/MLR.0b013e3182a5023d
https://doi.org/10.1177/0163278707300632
http://www.ncbi.nlm.nih.gov/pubmed/17476029
https://doi.org/10.1111/j.1475-6773.2005.00350.x
http://www.ncbi.nlm.nih.gov/pubmed/15663710
https://doi.org/10.1016/s0749-3797(00)00258-0
http://www.ncbi.nlm.nih.gov/pubmed/11137777
https://doi.org/10.1186/s12875-018-0767-9
http://www.ncbi.nlm.nih.gov/pubmed/29848292
https://doi.org/10.1177/01632787211019445
http://www.ncbi.nlm.nih.gov/pubmed/34008437
https://doi.org/10.1111/j.1475-6773.2010.01181.x
https://doi.org/10.1111/j.1475-6773.2010.01181.x
http://www.ncbi.nlm.nih.gov/pubmed/20880042
https://doi.org/10.1371/journal.pone.0202755
http://www.ncbi.nlm.nih.gov/pubmed/30138406
https://doi.org/10.1186/s12874-015-0016-z
http://www.ncbi.nlm.nih.gov/pubmed/25888346
https://medinform.jmir.org/2025/1/e64722
https://doi.org/10.2196/64722
https://medinform.jmir.org
https://creativecommons.org/licenses/by/4.0/
https://medinform.jmir.org/
https://medinform.jmir.org/2025/1/e64722

	Electronic Health Record Use Patterns Among Well-Being Survey Responders and Nonresponders: Longitudinal Observational Study
	Introduction
	Methods
	Overview and Study Design
	Ethical Considerations
	Study Participants
	Burnout Measures
	EHR Use Measures
	Statistical Analysis

	Results
	Discussion
	Principal Findings
	Comparison to Prior Work
	Strengths and Limitations
	Future Directions
	Conclusions



