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Abstract Background Electronic health record (EHR) user interface event logs are fast provid-
ing another perspective on the value and efficiency EHR technology brings to health
care. Analysis of these detailed usage data has demonstrated their potential to identify
EHR and clinical process design factors related to user efficiency, satisfaction, and
burnout.
Objective This study aimed to analyze the event log data across 26 different health
systems to determine the variability of use of a single vendor’s EHR based on four event
log metrics, at the individual, practice group, and health system levels.
Methods We obtained de-identified event log data recorded from June 1, 2018, to
May 31, 2019, from 26 health systems’ primary care physicians. We estimated the
variability in total Active EHR Time, Documentation Time, Chart Review Time, and
Ordering Time across health systems, practice groups, and individual physicians.
Results In total, 5,444 physicians (Family Medicine: 3,042 and Internal Medicine:
2,422) provided care in a total of 2,285 different practices nested in 26 health systems.
Health systems explain 1.29, 3.55, 3.45, and 3.30% of the total variability in Active
Time, Documentation Time, Chart Review Time, and Ordering Time, respectively.
Practice-level variability was estimated to be 7.96, 13.52, 8.39, and 5.57%, respectively,
and individual physicians explained the largest proportion of the variability for those
same outcomes 17.09, 27.49, 17.51, and 19.75%, respectively.
Conclusion The most variable physician EHR usage patterns occurs at the individual
physician level and decreases as you move up to the practice and health system levels.
This suggests that interventions to improve individual users’ EHR usage efficiency may
have the most potential impact compared with those directed at health system or
practice levels.
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Background and Significance

With the widespread adoption of electronic health records
(EHRs), data from these systems have rapidly become a
significant source of insight for health services researchers
studying health care systems’ structure, processes, and out-
comes.1 In addition to the large corpus of clinical data that
EHRs accumulate, EHR systems also capture detailed data
about users’ interactions with the system. These data repre-
sent user actions such as writing progress notes, prescrip-
tions, and laboratory orders along with their associated
timings. Compared with clinical data, which are patient-
and encounter-centric, these data are user-centric, typically
bound by log-in and log-out events, and are affected by
myriad of user, system, and environmental factors.

These data are extremely large given the myriad of user
actions that occur for each system event (e.g., writing a
prescription, looking up a laboratory result, or ordering a
test). Vendor-specific heuristics programs analyze these data
to make sense out of the multitude of these user-centered
EHR events. The output of the heuristics programs create
event logs that contain vendor-standardized EHRuser actions
and often associated timings.2 Analysis of event logs can
compare the variability of events among users, practice
groups, and health systems, with regard to the timing,
efficiency, and appropriateness of the interactions with the
EHR’s user interface.3 Analyzing variability of user events
among these different practice groups can provide clues to
where there is opportunity to improve efficiency, provide
more effective user training, improve system design, more
supportive user environments, etc.4,5 Indeed, reducing busi-
ness process variability is increasingly shown to be an
effective strategy to improve quality and reduce costs across
many industries.6,7 One way this strategy has manifested in
the health care domain is with the development of clinical
pathways that attempt to reduce the variability in how
patients in well-defined categories are cared for in a stan-
dardized and evidence-based manner.8–10

Historically, elucidating clinician workflow efficiency re-
quired time- and resource-intensive data collection methods,
such as time–motion studies, surveys, or interviews.11,12

These approaches were often labor-intensive, limited in size,
and not easily scalable to comparisons between large user
groups such as at the practice and institutional level.13–15 The
analyses of event logs on a large scale is now possible and
despite its limitations, is yet another approach to analyze user
efficiency at both the individual and larger scales.

Like in the business domain, there are many other areas in
health care systems where improving process standardiza-
tion and reducing process variability has shown improved
quality and/or reduced costs.16–20 Although event logs are
perhaps best suited for identification of patterns, time
estimations of clinical events can provide insight into EHR
tasks timing issues. Studies that havemeasured EHR time use
find significant variability (high standard deviations) in the
length of time physicians spent using the EHR.21–27 User
event log data can also support efforts to study and improve
the work life of those who provide health care by targeting

EHR tasks that are burdensome and potentially associated
with clinician burnout.28–30 Although physicians often cite
the user experience as a primary source of frustration; these
other factors play significant roles. Recognizing these key
influences can help create a deeper understanding of the
challenges in developing a better EHR user experience.31

In addition to EHR design, there are myriad of other
external factors that also impact EHR usability
(see ►Fig. 1). These include EHR design, patient venue,
user specialty/role, patient acuity/complexity, staff support
models, server hardware and networking environment, and
institution size.15 Tutty et al provide a framework for ana-
lyzing the factors contributing to the EHR user experience
and likely, variability in EHR use.31

A few studies have evaluated how these factors contribute
to physician EHR time use. Longhurst et al used a survey of
EHR experience scores to measure the contributions to
variability and found that user factors accounted for 50.6%
of the variability and the EHR software (19.8%), organization
(15.1%), and specialty (14.4%) accounted for similar amounts
of variability.32 Melnick et al examined variability by EHR
software and organization but did not find differences.24 In

Fig. 1 Factors potentially impacting a physician’s EHR use time. EHR,
electronic health record; HIPAA, Health Insurance Portability and
Accountability Act.
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one study, some physician characteristics were assessed for
impact on EHR time.26 Physician specialty, degree of full-
time practice, and participation in the National Committee
for Quality Assurance were all significant predictors of total
physician EHR time per day.

In a recent study, Cross et al showed that the amount of
variability in EHR (all Epic) use was greatest among individ-
ual physicians compared with variability measured at the
specialty and institutional levels.33 They also showed an
association between lower variability in organizations’
EHR user behavior and higher physician same-day visit
closure rates, a quality indicator. We undertook a similar
analysis of a national, multi-institutional sample of EHR
event log data from another vendor’s EHR system (Cerner),
to explore the sources of variability in EHR time quantita-
tively to identify at what level (i.e., user, practice group, or
institutional) variability in EHR time is greatest, and there-
fore themost potentially fruitful as a focus for improvement.

Objective

This study aimed to determine the variability in documenta-
tion time (per encounter averages) among primary care
physicians, practice groups, and health systems at 26 differ-
ent health systems using the same EHR vendor system.

Methods

Study Design and Participants
This study is an observational retrospective study of physi-
cian EHR time use utilizing Cerner (now Oracle Health)
Millennium event log data for health systems participating
in Cerner’s LightsON data platform. Cerner Corporation
provided de-identified data at no cost. The institutional
review board at the Western Michigan University Homer
Stryker, M.D. School ofMedicine, determined this study to be
exempt from Institutional Review Board (IRB) review.

The inclusion criteria included care delivered in the
ambulatory setting by Internal Medicine and Family Medi-
cine specialists from June 1, 2018, to May 31, 2019. We only
included practices with at least five physicians and who had
at least 500 patient encounters to ensure an adequate sample
size. We specifically included only data from physicians and
not Nurse Practitioners, Physicians’ Assistants, or other ad-
vanced practice providers.

Outcome Variables
In addition to the total Active EHR Time for each patient
encounter, we analyzed Ordering Time, Documentation
Time, and Chart Review Time as outcomes of interest be-
cause they compose the majority of physician EHR time.
Details of the algorithm used to calculate these times has
been previously described.22Active Time is the total time the
physician used the EHR to care for the patient. Order Time
includes time spent writing orders. Documentation Time is
the time spent recording documentation and creating notes,
and Chart Review Time includes work discovering and
reviewing clinical results, observations, and notes in the EHR.

To accommodate outliers and the skewed data distribu-
tion for outcome variables, we report all times as per-
encounter medians rather than means. Outcome variables
were log-transformed to meet the normality assumption for
statistical modeling.

Explanatory Variables
The explanatory variables we used included health system,
practice, and physician which are hierarchically nested.
Practices are nestedwithin the health system and physicians
are nested in practices. For example, the University of New
Mexico has several practices such as the University Hospital
on Lomas Avenue and the Women’s Clinic on Eubank Street.
While physiciansmay provide care atmore than one practice
most primary care physicians provide the majority of care
they deliver at one practice. We did not include specialty or
patient as an explanatory variable because the models
became too large to execute.

Statistical Modeling
For statistical modeling, we employed a three-way nested
model to effectively account for the hierarchical and cluster-
ing structure of the data. ►Fig. 2 illustrates how we nested
physician groups in the analysis. The use of this model was
critical for accurately capturing the variability in EHR usage
patterns across different organizational levels. We used the
SAS procedure “VARCOMP” to estimate the variability in total
Active Time, Documentation Time, Chart Review time, and
Ordering Time, across various health systems, practice
groups, and individual clinicians, employing the restricted
maximum likelihood approach.

A key aspect of our model was the incorporation of both
fixed and random effects. In this context, “Health System”

and “Practice” were treated as fixed effects. This was based
on the premise that these entities have consistent, identifi-
able impacts on EHRusage patterns across the entire dataset.
We assumed these factors influenced EHR usage times in a
predictable and uniform way across all observations. Fur-
thermore, within this framework, we treated “Practice”
nested within “Health System,” and “Physician” nested with-
in “Practice” as randomeffects. This approachwas adopted to
capture the inherent variability in individual physicians’ EHR
usage patterns, acknowledging that such variability is not
uniform and can be influenced by a multitude of individual-
specific factors, including but not limited to personal effi-
ciency, familiarity with the EHR system, and the complexity
of patient cases handled. This nested model structure was
pivotal for dissecting the overall variability into its contrib-
uting sources at different levels—the individual physician,
the practice group they are part of, and the overarching
health system. It enabled us to quantify how much of the
variation in EHR usage can be attributed to each of these
levels, offering a comprehensive view of the factors influenc-
ing EHR usage patterns.

We obtained the variability components as percentages.
This was achieved by summing the variability components
for all sources as the denominator so that each source can be
expressed as a percentage of the total variability. We used
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SAS Studio version 9.04.01M3P062415 running on a Hewlett
Packard ProLiant DL380 Gen9 Enterprise Server with an Intel
Xeon E5-2699 v4 CPU, 22 physical cores running at 2.2GHz
(44 logical cores), 128 GB memory, and 4 TB disc storage.

Theaveragevariabilitycomponentestimateswerecalculated
across 50 bootstrapped samples of 100,000 encounters for each
of the four primary outcomes. We chose 50 samples as this
allowed our SAS analysis to run in a reasonable amount of time
on each sample (�4–5h/sample.) Additionally, we ensured the
robustness of our model fits by closely monitoring the conver-
gence of the algorithm used in the PROC VARCOMP procedure
andbyassessing the estimatedvariance components,whichdid
not exhibit problematic indicators such as zero or negative

variance components or excessively large standard errors. Fi-
nally, we used standard errors to estimate the contribution to
variability using methods from Obinna et al.34

Results

Descriptive Statistics
In total, 5,444 physicians (Family Medicine: 3,042 and Inter-
nal Medicine: 2,422) provided care in 2,285 different prac-
tices nested in 26 health systems. The distribution of practice
size across the whole sample and in each of the health
systems is displayed in ►Fig. 3. The Active Time was
11.10minutes (median) or 24.28�34.61minutes (mean

Fig. 3 Distribution of practice size in each health system.

Fig. 2 Physicians are nested in practices and practices are nested within the health systems.
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and standard deviation). The overall summary statistics for
the four time variables are listed in ►Table 1.

Contributions to Variability
The variability estimates at the health system, practice
group, and individual system level are all listed
in ►Table 2. The Health System explains 1.29, 3.55, 3.45,
and 3.30% of the total variability in Active Time, Documen-
tation Time, Chart Review Time, and Ordering Time, respec-
tively. Higher proportions of the total variability for those
outcomes were due to Practice in each health system (7.96,
13.52, 8.39, and 5.57%, respectively). The individual physi-
cian in each practice explained the largest proportion of the
variability (17.09, 27.49, 17.51, and 19.75%, respectively).

Variability among Electronic Health Record Time
Components
In the analysis of EHR time components, the data revealed
that Documentation Time showed the most significant vari-
ability, with values indicating 27.49% at the individual phy-
sician level. This was followed by Ordering Time (19.75%),
Chart Review Time (17.51%), and Active Time (17.09%). The
observed variability in Documentation Time, in particular,
was substantially higher than the other components, sug-
gesting distinct patterns in how this aspect of EHR usage
varies across individuals and practice settings. It is also noted
that the total variability in Active Time, which includes
documentation, ordering, and chart review, does not align
with a simple aggregation of the variabilities of these com-
ponents, indicating a complex interplay among them.

Discussion

Across all four time variables, the calculated variability is
greatest among individual physicians while the smallest

overall variability is at the health system level. This finding
suggests that varying system-level EHR software and hard-
ware environmental differences do not have large effects on
EHR usage patterns. Although practice factors had more
influence than those from health systems, they also
appeared modest when compared with the variability
among individual physicians. In fact, Health System plus
Practice factors only explained a total of 8.87% variability in
Ordering Time while individual physicians accounted for a
much larger proportion of the Ordering Time variability
(19.75%).

In our analysis, we observed that documentation time
showed the most variability compared with ordering and
chart review time. This finding is particularly significant in
the context of primary care practice, where the variability in
documentation demands can be attributed to the diversity
and complexity of cases handled by different physicians. In
primary care, documentation activities range from brief visit
notes to comprehensive chronic diseasemanagement, which
could explain the observed variability.

Furthermore, it is essential to understand the mathemat-
ical relationship between active time and its components
(Documentation, Ordering, and Chart Review Time). While
active time encompasses all these components, its variability
is not merely the sum of their individual variabilities. This is
because these components are often interdependent and can
correlate with each other, influencing the overall variability
in active time. For example, a physician who spends a
substantial amount of time on documentation might conse-
quently spend less time on ordering or chart review. This
dynamic interaction can result in less variability in total
active time than in any individual component. This insight
highlights the complex nature of EHR usage patterns and
underscores the necessity for nuanced, personalized strate-
gies in enhancing EHR efficiency.

Table 1 Summary statistics for the four time variables (in minutes) independent of practice group or health system

Variable (minutes) N Minimum Lower quartile Median Upper quartile Maximum

Active Time 6,601,683 0 2.44 11.10 33.30 1754.47

Documentation Time 4,919,286 0 0.30 3.21 12.59 1131.56

Chart Review Time 6,340,013 0 0.57 2.81 9.60 986.87

Ordering Time 4668466 0 0.55 2.56 7.35 891.54

Table 2 Sources of variability (rows) explored in the model and the variability estimates and its percentage from the total
variability for each outcome (columns)

Variability estimates (percentage of total variability)

Source of variability Active Time Documentation Time Chart Review Time Ordering Time

Var (Health System) 0.04168 (1.29%) 0.21277 (3.55%) 0.126448 (3.45%) 0.12350 (3.30%)

Var (Practice in Health System) 0.25646 (7.96%) 0.81028 (13.52%) 0.307115 (8.39%) 0.20841 (5.57%)

Var (Physician in Practice) 0.55022 (17.09%) 1.64781 (27.49%) 0.64066 (17.51%) 0.73968 (19.75%)

Var (Error) 2.37171 (73.65%) 3.32307 (55.44%) 2.58472 (70.64%) 2.67336 (71.39%)
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Among individual physicians, Documentation Time vari-
ability was relatively greater than the rest. It may be that the
EHR user interface supports too many different methods or
pathways to accomplish the same documentation tasks. A
standard approach to improvement in quality is to reduce
process variability. Similarly, it may be beneficial for EHR
designers to consider streamlining the methods for docu-
mentation, making it easier for a wide variety of users to
perform these tasks in a more consistent and efficient
manner where appropriate.

Like our study, Cross et al looked at how organizational
differences associated with the variability (which the Cross
et al’s study termed “consistency”) of EHR behavior among
primary care physicians.33 Similar to our study, Cross et al
also noted most variability (or less consistency) in physician
EHR behavior at the individual physician level.

Our study is also consistent with the findings from a
mixed-methods study by Cohen et al where they analyzed
the variability of completion of documentation for five
clinical documentation categories as well as physicians’
attitudes toward the variability they found.35 The Cohen
et al’s study also found the greatest level of variability at the
individual physician level as well, although used a complete-
ly different method of analysis than the analysis in our study,
to draw those conclusions. The study found significant
variability in the completion of several documentation cate-
gories (e.g., review of systems, social history, and problem
list). They also reported that some respondents to the inter-
views felt the variability in documentation completeness
interfered with the quality of care and their experience of
documenting. Improving documentation efficiency was one
of the three themes identified by the American Medical
Informatics Association’s “25�5 Task Force” that “… aims
to reduce clinician documentation burden to 25% of the
current state.”36,37

Similar to our study that looked at the actual EHR time
measurements taken from 26 varying size health systems,
Longhurst et al’s study analyzed survey responses from “over
72,000 physicians, nurses, advanced practice professionals,
and residents across 156 provider organizations.”32 Long-
hurst et al used self-reported EHR experience survey data to
measure the contributions to EHR use variability and found
that user factors accounted for 50.6% of the variability and
the EHR software (19.8%), organization (15.1%), and specialty
(14.4%) accounted for similar amounts of variability.32 Al-
though Longhurst et al’s study methodology was completely
different, their variability analysis reinforces the conclusion
of our study that EHR use variability is greatest at the
individual users’ level.

This dataset included only primary care physicians in the
ambulatory setting and was therefore likely more homoge-
neous than an analysis if performed on data from all physi-
cians’ specialties. A more heterogeneous physician group
would likely use the EHR more differently than just those
from primary care. Therefore, the variability contributed by
individual physician EHR usage patterns in this studymay be
underestimated for the overallmixed physician specialty and
mixed patient populations.

The median Active Time observed is similar to that
reported in a 2018 study also analyzing Cerner Millennium
data.22 There, Overhage and McCallie, found that internal
medicinemean Active Timewas 1,099 (3,255) and the family
medicine mean was 952 (2,538)—both relatively similar to
the combinedmedian calculation in the present study—1457
(2,077).22 The Overhage and McCallie’s study differences
may be explained by the greater number of physicians in
the study, a different sampling of institutions, and during a
somewhat different time period than this analysis.

Just as clinical care rules are designed to reduce the
variability of the care patients receive to have a similar
reduction in the variability of patient outcomes’ quality,8–10

the variability of EHR use may prove to be an important
target for reduction in improving overall quality of care.

EHR event log analysis overcomes several biases of volun-
tary reporting and limitations of traditional methods of
investigating such errors. In addition, event log-based anal-
yses can occur at a scale that more traditional time–motion
analyses are not feasible.

Limitations
There are several important limitations of this study that is
reflected by the size of the error terms listed in►Table 2. This
suggests there are other unidentified sources of variability
than the four time variables analyzed in this study. For
example, the database contained no patient-level data, so
it was not possible to explain any of the variability seen due
to different patient populations. In addition, we did not have
physician-level data onwhich physicians worked at academ-
ic centers or were trainees that likely use the EHR differently
and account for some of the variability at the individual and
group levels. Future analyses that determine the extent to
which note length, templated text, clinic processes/support,
dictated text, text macros/“dot phrases,” copy/pasted text,
and physician role, may account for a significant portion of
the variation at the individual level.

The data came from institutions using the same U.S.
vendor’s (Cerner) EHR software which means the analysis
did not include variability due to differing EHR vendor
software version differences. However, these systems do
represent a reasonable mix of academic centers and com-
munities from across the United States.38

The data were limited to only primary care physicians
practicing in the ambulatory setting and only from a rela-
tively small number of health systems. We had no data from
physicians’ schedules and the Cerner definition of “encoun-
ter,” is based on the number of notes signed per day and not
actual scheduling data.

We did not remove outliers prior to the analysis and the
time datawere skewedwith some long outliers, perhaps due
to Citrix server disconnection, PC or other system malfunc-
tions. To accommodate the skew, we used medians rather
than averages as we had no good reference to set a cutoff
value of outliers.

Cerner’s “LightsON” event log has a set of rules to record
the time for each of the defined tasks as accurately as
possible. As an example, if you are typing in a patient note
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and pause typing and do not touch the mouse, the system
times out after approximately 30 seconds of inactivity.When
you begin typing again, it starts up the timer for notewriting.
We presume the system keeps incrementing the note time in
a similar manner each time you access the note prior to
completing/signing off/finalizing it. The system uses a simi-
lar approach for writing prescriptions, completing orders,
etc. Cerner’s “LightsON” database design details, definitions,
and heuristics are not published and therefore we cannot
analyze or attest to their accuracy and limitations. In addi-
tion, the size and complexity of the event logs are substantial
and creates practical analysis challenges.

The organizational resources required to build queries
and analyze extremely large datasets (on the order of 50–100
GB or more) are substantial. Event log analyses can require
high-performance computing infrastructure for timely anal-
yses. Statistical analysis tools are not all capable of efficiently
handling datasets this large. Performing these calculations
on one large dataset in the cloud that takes advantage of
massively parallel server calculation capabilities would be a
much more efficient (and expensive) approach than what
was available for this project. This approach would allow
many more analyses to be performed faster, with finer
granularity of detail, andwould facilitate the pursuit of larger
scientific questions.

Conclusion

Using large event log datasets from multiple health systems
can quantify the amount of process variability of common
EHR tasks such as note completion, at various levels of a
health system (e.g., the health system as a whole, practice
group, and at the individual physician level.) This analysis
shows the largest variability of the note completion task in
the primary care domain resides at the individual level. This
suggests that efforts to reduce variability at the individual
level, rather than at the health system or practice group
levels may be the most fruitful.

Clinical Relevance Statement

This analysis suggests that the greatest amount of variability
in use of an EHR system may be at the individual level and
suggests that interventions or process improvement efforts
focused on individual users rather than system or practice
group-level interventions may be the most fruitful for im-
proving quality and usability.

Multiple Choice Questions

1. At what institutional level is the variabilty in the use of
EHRs the greatest?
a. the individual physician level.
b. the practice group practice level.
c. the institutional level.
d. depends on the patient population.

Correct answer: a. the individual physician level

2. Based on the results of the study, what kind of activity
contributed most to the variability of EHR use at the
individual physician level?
a. Active time
b. Documentation time
c. Chart review time
d. Ordering time

Correct answer: b. Documentation time
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