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Abstract Objective Excess physician work hours contribute to burnout and medical errors. Self-
report of work hours is burdensome and often inaccurate. We aimed to validate a method
that automatically determines provider shift duration based on electronic health record
(EHR) timestamps across multiple inpatient settings within a single institution.
Methods We developed an algorithm to calculate shift start and end times for inpatient
providers basedonEHR timestamps.Wevalidated thealgorithmbasedonoverlapbetween
calculated shifts and scheduled shifts. We then demonstrated a use case by calculating
shifts for pediatric residents on inpatient rotations from July 1, 2015 through June30, 2016,
comparing hours worked and number of shifts by rotation and role.
Results We collected 6.3 � 107 EHR timestamps for 144 residents on 771 inpatient
rotations, yielding 14,678 EHR-calculated shifts. Validation on a subset of shifts
demonstrated 100% shift match and 87.9 � 0.3% overlap (mean � standard error
[SE]) with scheduled shifts. Senior residents functioning as front-line clinicians worked
more hours per 4-week block (mean � SE: 273.5 � 1.7) than senior residents in
supervisory roles (253 � 2.3) and junior residents (241 � 2.5). Junior residents
worked more shifts per block (21 � 0.1) than senior residents (18 � 0.1).
Conclusion Automatic calculation of inpatient provider work hours is feasible using
EHR timestamps. An algorithm to assess provider work hours demonstrated criterion
validity via comparison with scheduled shifts. Differences between junior and senior
residents in calculated mean hours worked and number of shifts per 4-week block were
also consistent with differences in scheduled shifts and duty-hour restrictions.
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Background and Significance

Excess work hours among inpatient physicians increase the
risk of burnout andmedical errors. Burnout, or the exhaustion
and lackof satisfaction inwork, is a substantialproblemamong
all physicians1,2 including front-line clinicians in inpatient
settings.3 Implementation of electronic health records
(EHRs) has changed the workflow of inpatient providers4

andhas contributed to increasedburnout in both the inpatient
and outpatient settings.5–8 Physicians spending more time on
“nonclinical clerical tasks” are at greater risk of burnout.8

Recent estimates of total time that trainee physicians spend
in direct patient care are as low as 12% of total work hours,9

with nonclinical clerical work making up the largest propor-
tion of trainee time.10–12 In addition to contributing to burn-
out,2 longshiftdurationswith frequentovernight shifts suchas
those commonly worked by trainee physicians can contribute
to fatigue among providers which may lead to worse clinical
performance13 and increasedmedical errors.14Accuratemea-
surement of shift duration and EHR use is critical to under-
standing this burden on providers.

Unfortunately, “gold standard”measurementof shifts using
continuous observation time–motion studies is time consum-
ing and costly, and thus not practical in daily operations.15–17

Wedefine a shift as the time period during which the clinician
isproviding patient care demarcatedby the time startingwork
andfinishingwork.Work-hourmeasurementamong inpatient
physicians is especially challenging as it would require on-call
orovernightobservation.11Limitedtime–motionobservations
were conducted in the iCOMPARE study, but even in this large
well-funded trial, observations only began on weekdays and
just 4.2% of observations in eligible programs lastedmore than
24 hours.9 Ideally inpatient work-hour measurement tools
wouldbeobjective, not subject to recall bias, nonintrusive, and
relatively inexpensive.

Front-line clinicians spend a substantial amount of time
interacting with the EHR.9,11,12,18 Most EHR systems record
when users perform specific actions for auditing purposes,
and secondary use of these timestamp data has been used for
clinical workflow analysis in the outpatient setting.19–22

Once validated, EHR timestamp data have proven useful for
examining specific aspects of the provider workflow, includ-
ing the impact of trainees in the office,23 time spent charting
after-hours by providers,24 use of care team identification
tools,25 and between-clinic-visit outpatient tasks.26 One
prior study has demonstrated manual extraction of EHR
timestamps to capture resident work hours during a single
rotation in the medical intensive care unit.27 However,
converting timestamps into shifts to capture work hours
requires an understanding of workflowand properties of the
EHR timestamp data. A critical need exists in the develop-
ment of a robust, validated algorithm for converting EHR
timestamp data into shifts for inpatient providers.

Objective

In this study we describe a method of calculating inpatient
provider shifts from EHR timestamps across multiple inpa-

tient work settings and validate this methodology by com-
paring scheduled shifts to calculated shifts in a large,
quaternary care pediatric hospital. We further demonstrate
the potential applicability of this process by extracting
pediatric resident trainee inpatient shifts and showing dif-
ferences across rotations and roles.

Methods

This studywas approved by the Institutional Review Board at
the Children’s Hospital of Philadelphia.

Collection of EHR Timestamps
The hospital EHR (Epic Systems, Verona, Wisconsin, United
States) stores timestamps of events as a record of user
interactions with the system. While the level of logging is
implementation-dependent, similar logging is available in
other installations and from other EHR vendors. At our
institution, event timestamps along with the identifier (ID)
of the user who triggered each event are written to an IBM
enterprise Hadoop Distributed File System (HDFS) running
DB2 Big SQL managed by the Information Systems (IS)
department. This platform was chosen to archive the EHR
timestamps as it provides scalable storage for large struc-
tured data with parallel query execution to speed access. To
develop and validate our algorithm, a list of all trainee
physicians on inpatient units was obtained from the resi-
dency program, and their corresponding user names were
obtained from the EHR clinical datawarehouse.We collected
all events logged for trainee physicians who were pediatric
residents during the 2015 to 2016 academic year at Chil-
dren’s Hospital of Philadelphia, a large urban academic
freestanding U.S. children’s hospital. Examples of events
logged include “system login,” “open patient record,” “access
chart review activity,” and “sign order.” Information for each
event includes timestamp, user name, workstation, patient,
and encounter (if applicable) (see ►Supplementary Table S1

[available in the online version] for an example event log).
We excluded event timestamps fromworkstations not in the
hospital (e.g., mobile or at-home access), as we focused
specifically on inpatient provider shifts.

We developed a custom algorithm to convert an array of
discrete timestamps into EHR-calculated shifts (►Fig. 1) in
an iterative process with our training dataset. Importantly
we did not filter or limit on specific event types (metric IDs in
our EHR) such as “login” and “logout”; all EHR-generated log
events were included so as to increase generalizability. First,
EHR event intervals were calculated as the difference
between each subsequent EHR event timestamp
(in seconds) for a given user. Next, shifts were defined by
setting the starting timestamp after a “long” EHR event
interval (e.g., the first login in the morning, after a night of
no EHR activity) and the end timestamp prior to the next
“long” EHR event interval (e.g., the last EHR event before
another night of no EHR activity). We defined these “long”-
duration heuristics as the cut points in our EHR event
intervals through a manual review process, with values
provided below.
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Next, to accurately capture all types of shifts (e.g., daytime
and overnight), we refined our algorithm in multiple itera-
tions. We targeted our refinement to our validation dataset
(see section “Validation to Scheduled Shifts”), with the goal
ofmatching 100% of EHR-calculated shifts to scheduled shifts
in the validation set. Cut pointswere identified bygenerating
histograms of event intervals, exploring this space, and
identifying the cut points that resulted in the best shift
matching. To inform choices for these heuristic cut points,
we also identified workflow elements related to EHR use for
pediatric residents through discussion between three cur-
rent chief residents at the time of algorithm development (A.
C.D., R.B.L., and N.A.H.), a current trainee (E.W.O.), and two
former chief residents (N.W. and B.D.). Specific elements of
trainee workflow that were found to be important included
EHR interaction during prerounding and rounding, educa-
tional conferences, trainee call schedule, expected time away
from the EHRovernight, and expected start and end times for
inpatient shifts. After each iteration we reviewed EHR-cal-
culated shifts that did not match scheduled shifts to identify
the failure points.

In the first iteration all event intervals with durations
>4 hours were broken into separate shifts. This was inten-
tionally chosen to be a short duration, much less than the
required time-off between shifts of 10 hours, knowing we
might “split” true shifts. Indeed we observed that overnight
shifts were sometimes split when no EHR activity was
recorded for >4 hours, for example, when the trainee was
able to sleep overnight. Therefore, a subsequent iteration
combined sequential shifts if the EHR interval was <7 hours

and the combined shift length was <30 hours. Again these
were chosen based on workflow knowledge that the mini-
mum time between shifts should not be less than 7 hours,
and that overnight shifts with long-duration breaks from the
EHR will likely not exceed 30 hours. This accurately com-
bined overnight shifts; however, in rare instances trainees
completingwork before rounds and then stepping away from
the EHR for more than 4 hours were left with short “dan-
gling” shifts in the mornings. Therefore our final iteration
combined sequential shifts if one of the shifts had a length
<2 hours, as this was unlikely to be an actual scheduled shift,
and if the combined shift duration was <20 hours. The
resulting final algorithm with these defined heuristic cut
points was used for all subsequent analysis.

Validation to Scheduled Shifts
We considered validating trainee-physician shifts against
self-reported shifts; however, multiple studies have demon-
strated that self-reported hours are not accurate28–30 and an
informal review of our reporting system suggested fewer
than 70% of trainees had self-reported shifts. Therefore, we
based our validation on manual review of scheduled shifts.

A subset of trainee physicians was randomly selected for
manual review to determine shift-match precision and per-
cent overlap of shift durations. A total of �10% of shifts were
sampled for this validation. Scheduled shifts were recorded
from the scheduling website used by the residency program,
Amion.com (Newtown, Massachusetts, United States). Shift
start and end times were established a priori based on shift
type and location (e.g., a senior resident on an oncology day

Fig. 1 (A,B) Timestamps were retrieved from the hospital EHR (Epic Systems, Verona, Wisconsin, United States) and processed for shift
calculation. Shifts were calculated from discrete event timestamps using a three-pass algorithm which was developed based on knowledge of
our clinical workflows. EHR, electronic health record.
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shift was scheduled to start at 7 a.m. and to end at 4 p.m.).
EHR-calculated shifts were matched to scheduled shifts
manually, and the number of matching and mismatching
shifts (either an EHR-calculated shift with no scheduled shift
or a scheduled shift with no matching EHR-calculated shift)
was reported. Additionally, for all matched shifts we calcu-
lated the percent overlap as the time period in common
(“overlapping duration”) divided by the time period defined
by the earliest start timestamp and the latest end timestamp
of either the scheduled or calculated shift (“maximum
duration”), as follows:

In this equation, “Start” and “End” refer to the start and end
timestamps of the scheduled (“Sched”) and EHR-calculated
(“Calc”) shifts (►Fig. 2). Lastly, we calculated the number
of minutes that EHR-calculated shifts started later than
scheduled, and the number of minutes that EHR-calculated
shifts ended earlier than scheduled.

Use Case: Pediatric Resident Shifts by Rotation and
Role
After manual validation, we applied our algorithm across all
pediatric and combinedmedicine-pediatric residents practi-
cing on pediatric inpatient rotations from July 1, 2015
through June 30, 2016. Resident schedules are broken into
4-week “blocks” with 13 blocks total through the 52-week
study period.

Residents were classified according to their role on an
inpatient rotation. Junior front-line clinicians (Jr FLCs) were
defined asfirst-year residents serving in a front-line ordering
clinician role. Senior front-line clinicians (Sr FLCs) were
defined as senior residents (postgraduate years 2–4) serving
in a front-line ordering clinician role. Senior supervisors

(Sr Suprv) were defined as senior residents (postgraduate
years 2–4) serving in a supervisory role.

Statistical Analysis
Summary statistics and data visualizations were created for
scheduled versus EHR-calculated shift validations including
counts, percent overlap, and frequency distributions of start-
and end-time differences. Summary statistics of use case
calculated shifts include counts and duration split by role,
rotation as well as time of year (quarter). All inpatient
pediatric rotations were included in this analysis, including
pediatric and neonatal intensive care units, oncology, and all
pediatric subspecialties as defined by the Pediatrics Resi-
dency Program. Rotations were anonymized for analysis.
Continuous variables with multiple groups were analyzed
with analysis of variance (ANOVA) followed by Tukey’s post-
hoc testing to adjust for multiple comparisons. All data
processing and analysis were completed in R Studio.31

Results

Comparison of EHR Timestamps to Scheduled Shifts
We collected 6.3 � 107 EHR timestamp events across a 12-
month period. Shift validation was completed on 1,237 EHR-
calculated shifts. From these validation shifts, each EHR-cal-
culated shift was matched to a scheduled shift with no
mismatches,meaning that therewerenoEHR-calculatedshifts
without a corresponding scheduled shift and no scheduled
shifts without an EHR-calculated shift. The percent overlap of
time periodwas 87.9 � 0.3% (mean � standard error ofmean
[SEM]; ►Fig. 3A). Specifically, physicians functioning in the
role of front-line cliniciandemonstrated thehighest overlap (Jr
FLC: 88.8 � 0.4% [mean � SEM], Sr FLC: 88.5 � 0.5%) com-
pared with physicians in a supervisory role (Sr Suprv:
85.0 � 0.9%, ANOVA p < 0.001, pairwise comparison
p < 0.001). Shifts with physicians in all roles had median

Fig. 2 Shift percent overlap is calculated by dividing the “overlap duration” by the “maximum duration” and reflects the degree of overlap between a
scheduled and EHR-calculated shift. An example histogram of EHR event timestamps is shown along with the bounding boxes representing the EHR-
calculated shift. The time periods before and after the scheduled shift are indicated by arrows. EHR, electronic health record.
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EHR-calculated start times close to scheduled start times (Jr
FLC: 5.6; Sr FLC: �0.9; Sr Suprv: 13.3 minutes; ►Fig. 3B).
Additionally, all roles had median EHR-calculated end times
close to scheduled end times (Jr FLC: 13.4; Sr FLC: �7.9; Sr
Suprv: 7.3minutes;►Fig. 3C). Shifts with physicians in super-
visory roleshadEHR-calculatedstart times30.9 � 6.1minutes
(mean � SEM) later than scheduled start times and EHR-
calculated end times 65.3 � 10.3 minutes earlier than sched-
uled, which are significantly greater than those from physi-
cians in FLC roles (ANOVA p < 0.001, pairwise comparison
p < 0.0001); however,meanvalues are subject to influenceby
outlier data points.

To better visualize the skew and distribution in shift start
and end time differences, we plotted histograms of the
difference between EHR-calculated and scheduled start
and end times (►Fig. 4). Histograms were truncated on the
x-axis to better visualize the spread around the point of zero
difference, with negative values reflecting EHR-calculated
shifts starting or ending earlier than scheduled shifts and
positive values reflecting EHR-calculated shifts starting or
ending later than scheduled shifts. Amongdifferences in shift
start time, the Jr FLC role had the narrowest dispersion
(standard deviation [SD]: 15.2) compared with those in the
Sr FLC (SD: 24.4) and Sr Suprv (SD: 18.0) roles. Differences in

Fig. 3 Validation shifts show excellent agreement between scheduled and EHR-calculated shifts as indicated by percent overlap and start- and
end-time differences. (A) Mean percent overlap is high (�85%) across all roles, with significantly higher overlap in both FLC roles (Jr FLC:
88.8 � 0.4; Sr FLC: 88.5 � 0.5) compared with the Sr Suprv role (mean � SEM: 85.0 � 1.0). (B, C) Box-whisker plots showing the difference
between EHR-calculated and scheduled start time (B) and end time (C). A median difference of zero suggests no difference, whereas a positive
value indicates the shift started (or ended) later than scheduled and a negative value indicates the shift started (or ended) earlier than
scheduled. Boxes represent first through third quartile (25th to 75th percentile) with the median indicated by the thick line inside the box.
Whiskers extend to 1.5 � IQR in each direction, with outliers plotted with dots individually. Note that the y-axis limits differ between figures (B)
and (C), and are truncated to better show whiskers though outliers continue beyond the limits of the plots. EHR, electronic health record; IQR,
interquartile range; SEM, standard error of mean.

Fig. 4 Histogram distributions of the differences between EHR-calculated and scheduled start and end times show wide variation among
validation shifts. (A) Start time difference (EHR-calculated minus scheduled), where negative values indicate an EHR-calculated start time earlier
than scheduled. (B) End time difference (EHR-calculated minus scheduled), where negative values indicate an EHR-calculated end time earlier
than scheduled. Note that the x-axis limits differ between figures (A) and (B), and are truncated to better show distributions though additional
points exist beyond the limits of the plots. EHR, electronic health record.
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end times had greater dispersion compared with start times,
with all three roles having similar SDs (Jr FLC: 78.0; Sr FLC:
73.3; Sr Suprv: 74.3).

Use Case: Pediatric Resident Shifts by Rotation and
Role
Our use case cohort consisted of all 144 residents on clinical
pediatric inpatient rotations from July 1, 2015 to June 30,
2016. A total of 771 resident inpatient blocks were included
in our analysis, distributed by resident role and year as
shown in ►Table 1. A total of 14,678 EHR-calculated shifts
were captured.

From EHR-calculated shifts we computed average hours
worked per rotation block, and compare hours across roles,
rotations, and time of year (by quarter). Hours worked were
significantly different across roles (ANOVA p < 0.001) with
Sr FLC blocks having significantly higher number of
mean hours worked (273.5 � 1.7) compared with Jr FLC
blocks (241 � 2.5) and Sr Suprv blocks (253 � 2.3)
(►Fig. 5A). Hours worked by front-line ordering clinicians
(Jr FLC and Sr FLC) also significantly varied by rotation
(ANOVA p < 0.001), with mean hours worked per block

Table 1 Cohort summary

Jr FLC Sr FLC Sr Suprv

Resident blocks 339 305 127

Resident year (PGY)

PGY 1 339 (100%) – –

PGY 2 – 268 (88%) 59 (46%)

PGY 3 – 37 (12%) 65 (51%)

PGY 4 – – 3 (3%)

Shift counts

EHR-calculated
shifts

7,096 5,401 2,181

Abbreviations: Jr FLC, junior front-line clinicians; PGY, postgraduate
year; Sr FLC, senior front-line clinicians; Sr Suprv, senior supervisors.
Note: “Jr FLC” is defined as a first-year resident performing front-line
clinical roles; “Sr FLC” is defined as a second-, third-, or fourth-year
resident performing front-line clinical roles; and “Sr Suprv” is defined as
a second-, third-, or fourth-year resident performing in a supervisory
role.

Fig. 5 (A)Mean hours worked varied significantly by role (Jr FLC: 241 � 2.5, Sr FLC: 273.5 � 1.7, Sr Suprv: 253 � 2.3; p < 0.001). (B) Mean hours worked
by front-line clinicians also varied by rotation (p < 0.001). Rotations include all de-identified Jr FLC and Sr FLC rotations. (C)Mean hours worked did not vary
systematically by quarter of the year. (D)Those in the Jr FLC roleworked significantly greater number of shifts comparedwith those in the Sr FLC and Sr Suprv
roles (p < 0.001). Boxes represent first through third quartile (25th to 75th percentile) with themedian indicated by the thick line inside the box. Whiskers
extend to 1.5 � IQR in each direction, with outliers plotted with dots individually. IQR, interquartile range; Jr FLC, junior front-line clinicians; Sr FLC, senior
front-line clinicians; Sr Suprv, senior supervisors.
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ranging from 239 � 5.8 to 296 � 3.4 hours, or an average
difference of 14.75 hours per week in a typical 4-week block
(►Fig. 5B). Systematic differences were not observed when
stratifying hours worked by quarter (►Fig. 5C). The number
of shifts worked on averagewas significantly different across
roles (ANOVA p < 0.001), with Jr FLC blocks having signifi-
cantly more shifts (21 � 0.1) compared with Sr FLC
(18 � 0.1) or Sr Suprv (18 � 0.1) blocks (►Fig. 5D).

Discussion

Our study is the first to report on the use of EHR timestamps
to automatically calculate inpatient provider shifts from EHR
timestamps. As our salaried employees are not required to
clock in and out, we currently have no gold standard against
which to compare, and the best measure of time at work
currently is scheduled shifts. Our manual validation of EHR-
calculated shifts against these scheduled shifts for trainee
physicians working in different roles found excellent agree-
ment for providers in front-line provider roles. Our shift
agreement was somewhat lower among providers in super-
visory roles, which likely reflects fewer interactions with the
EHR at the beginning and end of their shift. In our inpatient
workflow it is not uncommon for senior supervisory resi-
dents to interact minimally with the EHR while leading
rounds, supervising patient admissions, and following up
on other patient-care tasks. The shift agreement may be
lower among physicians in supervisory roles without EHR
interactions “bookending” their shifts. Alternatively, actual
shift times worked may differ from the a priori defined shift
start and end times in our validation cohort.

Furthermore, we have demonstrated a use case of our
automated system by extracting trainee-physician inpatient
shifts and showing differences across rotations and roles. As
these EHR-reported shifts canprovide details about hours and
shifts worked as well as start and end times, this use case
wouldbeof interest to those in chargeof training programs, as
well as other hospital administrators working with shift-
based employees who interact frequently with the EHR
(e.g., nurses or hospitalist physicians). The recording of shifts
is considered a “nonclinical clerical task” which can be
burdensome and can increase burnout.2 Additionally, we
observedwide variation in hoursworked by rotation. Training
program directors and course directors can use this objective
information to make informed decisions about trainee rota-
tions. Importantly, we show actual times for providers begin-
ning and ending shifts where previously this informationwas
not available. Objective data about providers consistently
working later than scheduled shifts, for example, could
prompt a review of the processes causing this overtime and
improve provider satisfaction.

There are numerous practical applications for these cal-
culated shifts. These data could be presented in summary
reports to hospital or program leadership, or distributed to
individual providers for their own consumption. In the ideal
state, we envision using this technology to develop a “dash-
board” of up-to-date shift times across an organization based
on EHR usage. Access to these summary data must include

discussions of data privacy, including patient-level informa-
tion which was not needed for shift calculations, as well as
provider-level information. Although the Health Insurance
Portability and Accountability Act (HIPAA)mandatesmechan-
isms to “record and examine activity in information sys-
tems,”32 care must be taken to prevent unauthorized
secondary use of these audit logs. Security restrictions and
policies around access log data, as well as employee agree-
ments or consent to aggregate these data, should be included
as part of an implementation plan. This research study was
Institutional Review Board approved and providers were de-
identified to limit individual exposure; however, in operatio-
nalizing this tool such de-identificationwould not be possible.

Several groups have used EHR timestamps to estimate
shifts for both outpatient and inpatient providers. Gilleland
et al retrospectively queried trainee EHR usage in an out-
patient clinic based on login and logout times and compared
with self-reported EHR usage.24 They did not calculate a full
“shift duration” but rather looked at cumulative time on the
EHR; however, it would be relatively straightforward to apply
our technique to outpatient data and calculate an outpatient
“shift.” To our knowledge, the only other application of EHR
timestamps to inpatient shift calculation was reported by
Shine et al in their study of internal medicine residents
rotating through their medical intensive care unit.27 They
collected timestamps and pasted these into a custom spread-
sheet which calculated shifts by considering trainees “work-
ing” if no 6-hour period passed without EHR interaction. In
our study, we iteratively improved upon the shift detection
algorithm and automated the collection process, while our
use case was expanded to include all trainee physicians
working on inpatient rotations.

Developing this system required minimal assistance from
our IS group, as our institution already archives EHR time-
stamps in a long-term storage database. All timestamp data
are based on “out-of-the-box” functionality in the EHR and
required no additional EHR customization. We included all
events (i.e., all metric IDs in our EHR) and therefore the
presence or absence of key events would not impact this
algorithm; however, decreasing the overall number of events
would decrease granularity in event timestamps and could
impact the algorithm performance or require changes to the
heuristics. For example, although minimal temporal granu-
larity is required as the algorithm makes use of a “first” and
“last” event to define the shift, if providers engage in tasks
away from the EHR for a long period of time (e.g., educational
sessions or procedures) it is possible that the actual shift
would be split into multiple “calculated” shifts. Overcoming
these splits would require heuristics be set appropriately for
the workflows of providers. We estimate it would be feasible
to migrate this system to another institution with minimal
effort, including customizing heuristic values and adjusting
inputs based on EHR timestamp formatting. We developed
our algorithm in three iterations, making use of “expert
knowledge” of trainee clinical workflows including the
structure of calls and night shifts amongour providers.While
we expect that this approach would translate to other work-
flows and institutions with minimal change, validating
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calculated shifts against an existing standard would be
important before assuming generalizability. We would
recommend an approach similar to ours to develop shift-
interval cut points specific to other workflows, including
histogram analysis and validation on a set of scheduled or
observed shifts.

Our study is the first to describe a methodology which
could be used to conduct large-scale, near-real-time auto-
mated monitoring of inpatient physician shift durations and
shift end times. While these data may be inherently inter-
esting to regulatory bodies and hospital administrators, they
also could allow for specific, targeted interventions to sup-
port trainees and improve educational environments in
training programs. At the program level, specific clinical
rotations that are associated with high workload and low
educational value could be targeted for structural changes
and curricular improvements. For example, the Pediatrics
Residency Programat Children’s Hospital of Philadelphiawas
provided feedback on rotation-level data which will influ-
ence curricular planning for subsequent years. Additionally
on the individual level, trainees who may be struggling with
finishing their clinical workload in a timely manner could be
identified and assisted by their training program. Impor-
tantly, if individuals were aware that suchmonitoring was in
use, there exists the potential for “Hawthorne effect” beha-
vior modification including consciously shifting EHR activity
to alter shift calculations. Such behavior could alter provider
workflows and should be considered in implementation
strategies.

Graduatemedical education officials may be interested in
this tool as a real-timemonitor of trainee duty hours, as EHR-
calculated shifts provide bounds on in-hospital EHR activity
and therefore cannot easily overestimate hours worked. Self-
reporting systems are vulnerable to recall bias and both
under- and overreporting,30,33 and trainees across many
specialties underreport duty hours.28,29,34 Lastly, these
data may provide objective outcomes for intervention stu-
dies to reduce burnout, as well as fill operational needs to
monitor the burden of provider shifts. The low-cost, rapidly
available, objective data provided by our methodology have
the potential to have a direct impact on the work environ-
ment across many fields of medicine.

Limitations
Despite the automated nature of our study and the construct
validity of our approach, there are limitations whichmust be
acknowledged. First, our algorithm collected events logged
only from in-hospital computers. Because of this, EHR-cal-
culated shifts could very rarely overestimate hours worked
(e.g., if the providerwas reviewing patient charts for research
purposes while physically at the hospital), but could more
easily underestimate hours if the provider was working
without interacting with the EHR at the beginning or end
of their shift or working remotely. This would also occur in
the event of long periods away from the EHR such as for
conferences, educational sessions, paper-based handoffs, or
during periods of EHR downtime. Second, we randomly
sampled �10% of providers to validate against scheduled

shifts; however, this small sampling could bias against
infrequent scheduling cases. A larger sampling size would
limit this bias. Additionally, we did not include “work from
home” specifically because we were interested in inpatient
provider shifts, but the addition of this information from
timestamp data is relevant as work–home conflicts contri-
bute to burnout.2,35

This study relied on retrospective data analysis and there-
fore lacked the direct observation of physicians as the gold
standard for EHR-calculated shift measurement. Shift vali-
dation compared EHR-calculated shifts to scheduled shifts,
but did not include direct observationwhichwould be costly
and time-consuming. Scheduled shift start and end times
were a priori defined based on residency program standards,
and were not modified once defined. While modification of
these scheduled shift start and end times might have led to
higher percent time overlap, the intent was not to match
perfectly as there is inherent variability in when trainees
arrive and leave shifts but rather to show construct validity
in our algorithm and heuristics. The expansion of this work
to validate against a true gold standard could provide evi-
dence for both this algorithm’s effectiveness as well as the
challenges in using scheduled shifts or self-reported
duty hours for monitoring workload. Finally, we validated
our algorithms based on assumptions for trainee-physician
workflows in a pediatric residency program at our institu-
tion, but these assumptionsmight vary in other specialties or
at other institutions.

Conclusion

Physician burnout is tied to shift duration, clinical workload,
and work–life integration. Additionally, excessive physician
work hours are associated with worse clinical perfor-
mance,13 increased medical errors,14 and may contribute
to burnout. Secondary use of EHR timestamp data can
accurately calculate inpatient provider shifts, and this auto-
mated shift calculation can provide objective outcome data
for intervention studies as well as monitor shift burden. This
algorithm minimizes the clerical burden of data collection,
eliminates recall bias, and avoids disincentives for
reporting hours. Possible uses include automated shift
extraction for trainees and administrators as well as provid-
ing objective outcomes in targeted intervention trials to
reduce time at work and burnout. Future studies to perform
validation across institutions with different workflows will
determine the scalability of this approach.

Clinical Relevance Statement

EHR timestamp data can accurately and automatically cal-
culate inpatient provider shifts, measures which could be of
interest to hospital administrators, regulatory bodies, and
graduate medical education officials. Application of these
techniques to pediatric residents demonstrates criterion
validity compared with scheduled shifts. Future studies
will generalize heuristics to other institutions with different
inpatient workflows.
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Multiple Choice Questions

1. The chief nursing informatics officer (CNIO) at your
institution is interested in knowing what proportion of
bedside nurses are working beyond their scheduled shift
time. You suggest calculating shifts using EHR access log
data. Which of the following statements is true?
a. EHR access log data will show the same type of infor-

mation at every institution, regardless of EHR imple-
mentation and settings.

b. If EHR access log events are limited to in-hospital
workstations, it is very unlikely that the algorithm
will overestimate work hours beyond scheduled shifts.

c. EHR access log information can only be reliably
extracted for physicians.

d. Because your CNIO is a user of the EHR, and there are no
privacy concerns with respect to these data, she or he
should have complete access to the EHR access log data.

Correct Answer: The correct answer is option b, which
states that it is very unlikely that the algorithm will over-
estimate work hours provided the events of interest are
limited to in-hospital workstations. Put another way, if an
event is logged placing a user on a hospitalworkstation at a
given time, that user must have still been in the hospital at
that time, either on a shift or reviewing patient charts for
other purposes while physically in the hospital (a less
frequent occurrence). Choice a is incorrect because differ-
ent EHR vendors will store different access log events and
evenwithin the same EHR vendor, settings dictate the level
of logging. Choice c is incorrect because all users of the
system are logged, not just physicians. And choice d is
incorrect because there are security and privacy issues
surrounding the storage and retrieval of these data; care
should be taken when assigning permission for their use.

2. The graduate medical education office would like to
report on the duty-hour compliance of its internal med-
icine residency program. Your designated institutional
official (DIO) asks you to duplicate the work described
in this article for the purpose of reporting on trainee
duty hours. What must be done to ensure this implemen-
tation is accurate and correct?
a. The algorithm heuristic cut points can be applied to all

residency programs without any additional validation,
as they were criterion valid compared with scheduled
shifts at a single pediatrics residency program.

b. No additional modifications are necessary as long as
the algorithm is applied only to supervising senior
residents, on whom the algorithm has been shown
most effective.

c. Analysis of frequency distributions of event timestamp
intervals fromknown shifts, aswell asworkflowanalysis
of trainee shifts, will help determineheuristic cut points.

d. Validation should be undertaken to compare algorithm
with scheduled shifts for surgical residents as they are
most closely related to the initial study population.

Correct Answer: The correct answer is option c, which
describes several of the steps suggested in this article to
apply this algorithm to another institution’s workflow.
Both choices a and b suggest that no additional modifica-
tions are necessary, which is likely not true as the heur-
istic cut points were specifically identified and defined on
our own institution’s dataset. Additionally, choice d incor-
rectly suggests that surgical residents are closest to our
study population of inpatient pediatrics residents.
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