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Abstract

Background: Resident scheduling is a high-dimensional optimization problem with implications for workload, fatigue risk,
and equity. Real-world evaluations of Al-based constraint-optimization in health care are limited.

Objective: This study aimed to evaluate an Al-based constraint-optimization scheduler versus a legacy rule-based scheduler
for pediatric residency night calls.

Methods: This is a single-center retrospective before-after study at a 235-bed tertiary pediatric center. Twenty-four con-
secutive months of night-call rosters were analyzed: preimplementation (January to December 2024, legacy rule-based
autoscheduler) and postimplementation (January to December 2025, Al-based constraint-programming scheduler combining a
local-search metaheuristic solver with human-in-the-loop review). The analytic unit was the resident-month. Outcomes were
workload distribution, threshold exceedances (>6 total and >2 weekend calls/month), undesirable sequences (consecutive
weekend calls; call-rest-call; call-rest-call-rest-call), equity (mean absolute error from equal share [MAE-ES], root mean
square error from equal share), publication lead time, as well as pre- and postsurvey experience.

Results: We analyzed 6519 shifts across 1530 resident-months (legacy: 803 resident-months/107 physicians; Al: 727/87,
weekend share 28.8% [934/3246] vs 28.6% [935/3273]; service mix P=.99). Mean calls/resident-month did not decline (4.04
vs 4.50; P<.001), but within-period SD was approximately halved. Threshold exceedances fell from 133/803 (16.6%) to 28/727
(3.9%) for >6 calls per month (risk ratio [RR] 0.24, 95% CI 0.15-0.34) and 89/803 (11.1%) to 21/727 (2.9%) for >2 weekend
calls (RR 0.27, 95% CI 0.16-0.40; both P<.001). Undesirable sequences declined: consecutive weekends 24.4=18.7/100
resident-months (RR 0.77; P=.02); call-rest-call 51.2=23.4 (RR 0.46); call-rest-call-rest-call 5.6=1.0 (RR 0.18; both P<.001).
Equity improved overall and within every qualification stratum: MAE-ES —0.26 shifts (95% CI —0.28 to —0.23) and RMSE-ES
-0.29 (95% CI —0.32 to —0.26); Senior, Advanced, and Novice strata were all P<.001 after Holm correction. Publication
lead time more than doubled (10.7—21.2 d; 4+10.5, Cohen d=4.78; Cliff 6=1.00; P<.001). Interrupted time-series confirmed
immediate level shifts for >6-call exceedances (=-8.88; P=.004), MAE-ES (f=-0.18; P<.001), call-rest-call (f=—13.17;
P=.002), call-rest-call-rest-call (3=—2.35; P=.03), and >2 weekend exceedances (f=—7.32; P<.001), with stable postimplemen-
tation fairness slopes. Among survey respondents (n=47 pre; n=38 post), software satisfaction rose 6.77=+8.71/10, perceived
timeliness 3.28=4.61/5, perceived consecutive-night frequency 3.15=4.24, and perceived equity 2.98=3.61 (all P<.006).

Conclusions: An Al-based constraint-optimization scheduler was associated with significantly more equitable on-call
workload across all qualification strata, large reductions in high-risk shift sequences and threshold exceedances, and a doubling
of publication lead time, despite no reduction in mean per-physician burden once all physicians were retained. Multisite
prospective replication is warranted before generalization.
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Introduction

Methods

The rising complexity of hospital operations, coupled with
persistent administrative burden, has sharpened the need
for digital transformation in clinical workforce manage-
ment [1-3]. For large organizations, health care schedul-
ing exemplifies a high-dimensional optimization problem
that is unrealistic to brute force compute (nondeterminis-
tic polynomial time [NP]-hard) with increasing problem
size [4], particularly for residency programs [5-15]. Sched-
uling must reconcile regulatory limits and service coverage
with evolving trainee competencies, personal constraints,
and frequent last-minute changes—pressures that often
yield fragile rosters, inequitable workload distribution, and
contribute to provider burnout. Despite the high stakes,
many health care services still rely on rule-based schedul-
ing solutions or even manual methods [16]. Over the past
five years, there have been significant advances in apply-
ing Al, machine learning, and optimization techniques to
health care scheduling. Modern systems increasingly leverage
constraint programming and mixed-integer optimization
augmented by Al-driven strategies including heuristics,
evolutionary algorithms, and learning-based models [17-19].
Some solutions have begun to combine machine learning
with classical optimization by learning soft constraints or
preferences from historical schedules via machine learn-
ing and then using constraint solvers to generate feasible,
high-quality rosters that honor those learned patterns. While
these innovations show great promise, their real-world impact
in health care remains to be fully validated [17]. Compa-
rable real-world evidence in physician residency programs,
however, remains scarce; the few published evaluations are
largely qualitative, single-system, and short-horizon [5,6,11,
13-15,18,19].

To address this gap, we conducted a retrospective
comparative evaluation of an Al-based constraint-optimiza-
tion scheduler versus a legacy rule-based scheduler in a
tertiary pediatric center [20], comparing workload, undesira-
ble patterns, fairness, and publication lead time, and assessing
perceptions via resident surveys to evaluate these tools within
a real health care setting. Our legacy solution represents
a legacy rule-based scheduling application with limited
automation and flexibility and required significant manual
oversight by chief residents. We hypothesized that explicitly
encoded fairness rules and sequence-avoidance constraints
would reduce workload exceedances and undesirable patterns,
improve fairness, and enable earlier publication compared
with a legacy rule-based scheduler.

https://www jmir.org/2026/1/e88340

Study Design and Reporting Framework

We conducted a single-center retrospective before-after
comparative study with interrupted time-series (ITS) analysis.
The preimplementation period spanned January 1 through
December 31, 2024 (12 months) under a legacy rule-based
autoscheduler, and the postimplementation period spanned
January 1 through December 31, 2025 (12 months) under
an Al-based constraint-programming scheduler. This paper
builds on a previously published implementation pilot of the
Al-based scheduler at the same institution [20].

Study Settings

The study was set in the Edmond and Lily Safra Child-
ren’s Hospital at Sheba Medical Center. At 235 beds, it is
one of the largest tertiary pediatric hospitals in Israel and
contains one of the largest pediatric residency programs in
Israel with over 70 residents. Residents in Safra carry out
approximately 1500 shifts a month, including 9 night calls
each day covering 9 distinct services: pediatric intensive care
unit, pediatric cardiac intensive care unit, neonatal intensive
care unit positions 1 and 2, senior emergency department
and junior emergency department, pediatric department A
(ped A), pediatric department B (ped B), and hematology
and oncology. All night-call shifts in this study therefore
correspond to 24-26 hours of continuous duty. Our resi-
dency program presents a large-scale scheduling problem
where chief residents are required to meet service demands,
manage personal requests, the residency block schedule, and
plan residency training and qualifications. All physicians
appearing on final executed night-call rosters were retained,
including residents, fellows, and stand-in attendings; no
minimum monthly shift threshold was applied. The smaller
number of distinct on-call physicians in the Al-based era
reflected routine year-to-year variation in residency cohort
composition and a reduced need for occasional stand-in
physicians, while the core on-call staff and total clinical
demand remained essentially unchanged.

Scheduling Software

The legacy scheduler was a commercial rule-based auto-
scheduler offering per-shift role designation, time-off and
leave management, and a minimum and maximum contract
rule for monthly weekday and weekend shift counts, with
limited pattern detection. In effect, the legacy tool imple-
mented a fixed sequence of priority heuristics that filled
shifts one at a time, with chief residents using spread-
sheet pivot tables to detect and manually correct workload
imbalance after the autogenerated draft. The postimplemen-
tation scheduler is a constraint-programming platform built
atop the open-source constraint solver and adapted for health
care workforce scheduling. Unlike a rule-based approach, the

J Med Internet Res 2026 | vol. 28 1 88340 | p. 2
(page number not for citation purposes)


https://doi.org/10.2196/88340
https://www.jmir.org/2026/1/e88340

JOURNAL OF MEDICAL INTERNET RESEARCH

constraint solver represents the entire monthly assignment
problem declaratively and searches the feasible-assignment
space using a constraint-based local-search metaheuristic to
minimize a composite objective covering coverage, fairness,
undesirable-sequence avoidance, and resident-level preferen-
ces. Chief residents programmed both hard and soft con-
straints into the solver, including individual resident skillsets
and per block-rotation eligibility, qualification-preferred shift
assignments, shift templates with minimum and maximum-
demand and assignment-priority rules, complex shift-bal-
ance rulesets that compare residents to historical workload,
contractual minimum and maximum shift counts, predefined
wanted or unwanted shift patterns, and preferred or unpre-
ferred resident pairings. A grouped inventory of constraints
implemented by the Al-based scheduler is provided in
Multimedia Appendix 1, Section 1. Both platforms pub-
lished final rosters via web and mobile apps. The sched-
ules compared in this study are the final executed rosters
in each era; they incorporate postsolver but prepublication
chief-resident review and any postpublication adjustments.
Therefore, our comparison evaluates the real-world imple-
mentation of each platform with a human in the loop,
not the raw solver output of either system. Both schedu-
lers operated in a human-in-the-loop workflow in which
chief residents reviewed the autogenerated draft, adjusted
assignments to handle qualification edge cases, and integra-
ted postpublication shift swaps. Under the Al-based sched-
uler, chief residents used the platform’s dynamic statistics
dashboards, schedule-simulation feature, and Al-prioritized
substitution recommendations to evaluate proposed edits.
Logs of these human-made changes were not available for
analysis. Because of the integral role of the chief-resident
reviewer in both eras, the results we report are best under-
stood as differences between two distinct Al-assisted human
scheduling systems rather than between two raw solver
approaches.

Outcomes

The primary analytic unit was the resident-month, defined
as one physician’s complete set of night-call shifts within a
single calendar month identified by shift start date. Out-
comes were grouped into four families that mirror the
Results subheadings: workload distribution (mean and SD
of total calls and weekend calls per resident-month, plus
the proportion of monthly resident-months exceeding the
program-defined thresholds of >6 total calls and >2 week-
end calls); undesirable shift sequences (consecutive week-
end calls, call-rest-call, and call-rest-call-rest-call patterns;
expressed as events per 100 resident-months); schedule
equity (mean absolute error from equal share [MAE-ES]
and root mean square error from equal share [RMSE-ES],
both overall and stratified by qualification cluster; lower
values indicate more equitable distribution); and adminis-
trative burden (schedule publication lead time, defined as
days from publication timestamp to the first day of the
upcoming scheduling period). Resident-reported experience
was captured separately as a secondary outcome through
anonymous pre- and postimplementation surveys.
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Qualification Strata and Skill Mix

For a comparison of fairness between qualification strata, we
inferred a resident’s monthly qualification as the highest level
the resident had achieved by the end of that month, deter-
mined by the repertoire of shifts completed up to that time.
Resident-months were classified as either (1) Senior: pediatric
intensive care unit call, pediatric cardiac intensive care
unit call, senior emergency department call, (2) Advanced:
Neonatal intensive care unit 1-2, junior emergency depart-
ment call - without meeting criteria for senior-level shifts)
and (3) Novice: pediatric department A and B calls, and
hemato-oncology - without meeting criteria for Advanced or
Senior. This inference was recomputed monthly per resi-
dent using their chronological call history, enabling dynamic
progression between strata. These strata were selected based
on the order of training progression in our residency program.

Publication Lead Time Assessment

To calculate the lead time before publication of the next
scheduling period, we extracted the monthly schedule
publication times for both the legacy and Al-based software
system logs. The dates were parsed using a Python script
to calculate the lead time from the publication date to the
first day of the published scheduling period, compute the
descriptive statistics, perform statistical analysis, and plot
the results. The lead time analysis of the January 2024 and
January 2025 schedules was not included in this analysis
because each was published in the trailing weeks of the prior
calendar month; before the study window opened (January
2024) and before the Al-based scheduler entered operational
use (January 2025), so neither cycle is attributable to the
scheduler under evaluation for its publication month.

Resident Questionnaire

Two anonymous cross-sectional surveys were administered
via Google Forms to all active residents in the program:
the first during the legacy scheduling era (December 14-
15, 2024) and the second after approximately 8 months
of Al-based scheduler use (August 22-27, 2025). Residents
had not been informed of the upcoming scheduler change
at the time of the legacy survey. Submissions were vol-
untary and anonymous. The instrument was developed by
the residency leadership for this study; it captures ordinal
Likert-type ratings of scheduler-relevant experience domains.
Negatively framed items (frequency of consecutive nights;
schedule lead-time satisfaction) were reverse-scored so that
higher values uniformly indicate better experience. The full
instrument and reverse-scoring key are provided in Section
3 in Multimedia Appendix 1, Section 3. Of approximately
75 active residents invited in December 2024, 47 responded
(response rate 63%); of approximately 80 invited in August
2025, 38 responded (response rate 48%). The denominators
are approximate because cross-coverage residents joining
mid-month were variably included in the eligible-resident
roster at the time of survey distribution; the potential for
nonresponse bias is addressed in the Limitations. Respon-
ses were anonymous, precluding paired analysis; ordinal
responses were compared between eras using two-sided
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Mann-Whitney U tests, and effect sizes were summarized as
Al-minus-legacy mean differences with 95% Welch unequal-
variance CI.

Statistical Analysis

Continuous resident-month outcomes were compared with
the Welch ¢ test and the Mann-Whitney U test, with Cohen
d as the effect size. Threshold exceedance proportions and
the cross-tabulated qualification mix were compared using
Pearson x> with Yates continuity correction and Fisher exact
tests, with risk ratios (RRs) summarized using bootstrap
log-RR 95% CIs (5000 iterations). Rates of undesirable shift
sequences (events per 100 resident-months) were compared
using exact-conditional Poisson rate-ratio tests and Pearson
%2. For the primary equity outcomes (MAE-ES, RMSE-ES),
we used two-sided stratified label-permutation tests (25,000
iterations within mo-of-yx qualification strata, yielding 36
strata in the cluster-stratified analysis) that preserve the
empirical distribution of calls under the null of era exchan-
geability; bootstrap 95% CIs were computed from 5000
stratified resamples, and Holm correction was applied across
the three clusters per outcome. The two-sided significance
threshold was a=.05. We assessed cohort imbalance (803 vs
727 resident-months) by comparing mean and bootstrap-CI
estimates that are insensitive to denominator size, and by
reporting effect sizes (Cohen d, RR, A MAE-ES) along-
side null-hypothesis tests. To control for preimplementation
trends, we performed a segmented-regression ITS analysis
on a single 24-month series [21] (Time_Month 1-12=legacy,
13-24=AI; intervention boundary between mo 12 and 13).
The model was outcome = By + P1'Time + Py Intervention
+ PsPost_Time. The primary estimand was B, (immediate
level change at implementation); the secondary estimand
was the average postperiod effect Po+6.5:Bz (postperiod
midpoint at mo 6.5 of the 12-mo post-window), with
standard errors derived from the full coefficient covariance
matrix. Inference used Newey-West heteroscedasticity- and
autocorrelation-consistent standard errors with lag 2 [22];

Table 1. Cohort baseline characteristics for the legacy and Al-based
2024-December 2025.
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sensitivity at lags 1 and 3 is reported in Section 2 in Mul-
timedia Appendix 1. Analyses were conducted in Python
3.11 (Python Software Foundation) with pandas, numpy,
scipy.stats, statsmodels, matplotlib, seaborn, and openpyxl.
The complete analysis pipeline is described in Section 2 in
Multimedia Appendix 1.

Ethical Considerations

This study used deidentified operational scheduling data and
anonymous resident surveys, with no patient-level data and
no identifiable individual images. The Sheba institutional
research ethics process determined that the study was exempt
from Institutional Review Board review under the secondary-
use-of-operational-data provision. Resident schedules used
for the analyses were deidentified at extraction and survey
responses were anonymous. No participant compensation was
provided.

Results

Cohort and Resident-Months

Across 24 consecutive months, we analyzed 6519 night-call
shifts comprising 3246 shifts under the legacy scheduler
(107 distinct on-call physicians) and 3273 shifts under the
Al-based scheduler (87 distinct on-call physicians), distrib-
uted across 803 and 727 resident-months, respectively.
Sixty-four physicians appeared in both eras and were tracked
across the two systems via a Hebrew-Latin name lookup.
The proportion of weekend-tagged shifts was near-identical
across eras (legacy 934/3246, 28.8%; Al 935/3273, 28.6%;
Pearson ¥2=0.03, df=1m P=.88), and the service mix across
the nine night-call positions was not significantly different
(omnibus x?g=0.78; P=.99; Table S4 in Multimedia Appen-
dix 1). Baseline characteristics, including weekend share,
are summarized in Table 1, and the per-resident-month call
distribution is shown in Figure 1.

scheduling; 12 months pre- and 12 months postimplementation; January

Variable Legacy Al P value
Distinct on-call physicians, n 107 87 —a
Total night-call shifts, n 3246 3273 99b
Total weekend-call shifts, n 934 935 88b<c
Calls per resident-month, mean (SD) 4.04 (2.31) 4.50 (1.24) <0014
Weekend-call share of total shifts (%) 28.8 28.6 88b¢
Weekend calls per resident-month, mean (SD) 1.16 (1.05) 1.29 (0.74) 0084
Total resident-months, n 803 727 —
Cross-era resident matches, n — 64 —
Distinct night-call services, n 9 9 >99P

2Not applicable.

bp value calculated on the basis of chi-square tests.
¢P value calculated on the basis of Yates tests.

ddp value calculated on the basis of Welch 7 tests.
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Figure 1. Distribution of total night-call shifts per resident-month, legacy versus Al-based scheduler. The overlaid violins show the empirical
distribution of monthly calls per resident. The 2 eras had similar total clinical demand but different per-physician distribution; mean calls per
resident-month were modestly higher in the Al era but markedly different dispersion, corresponding to substantially more compact and equitable

allocation under the Al-based scheduler.

Distribution of resident-month workload
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Mean calls per resident-month did not decline with the
Al-based scheduler (legacy: 4.04, SD 2.31; Al: 4.50, SD
1.24; A+0.46, 95% CI 0.28-0.65; Welch t1p51=—4.92 [all
Welch ¢ values are 2-tailed]; Cohen d=—0.25; P<.001), and
a similarly small mean increase was seen for weekend calls
(legacy: 1.16, SD 1.05; AL: 1.29, SD 0.74; 4+0.12; Welch
11445 8=—2.66; Cohen d=-0.13; P=.008). Critically, however,
the within-period SD was reduced by approximately one-
half for both metrics (calls/resident-months: 2.31 = 1.24;
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weekend calls/resident-months: 1.05 = 0.74), reflecting that
the Al-based scheduler distributed an essentially unchanged
total monthly clinical demand far more equitably across
the on-call physician pool (Figure 2). The proportion of
resident-months exceeding the program-defined thresholds
fell sharply: 133/803 (16.6%) versus 28/727 (3.9%) for >6
total calls per month (RR 0.24, 95% CI 0.15-0.34; chi-square
P<.001; Fisher exact P<.001) and 89/803 (11.1%) versus
21/727 (2.9%) for >2 weekend calls per month (RR 0.27,
95% CI 0.16-0.40; chi-square P<.001; Fisher exact P<.001).
Point estimates and CIs confirm large reductions in overload
events (Figure 3; Multimedia Appendix 1).

Figure 2. Per-resident-month workload under the legacy and Al-based schedulers. Bars show mean total calls per resident-month and mean weekend
calls per resident-month with bootstrap 95% Cls (5000 resamples) for the legacy scheduler (January-December 2024; n=803 resident-months; deep
blue) and the Al-based scheduler (January-December 2025; n=727 resident-months; vermillion). P values are from 2-sided Welch ¢ tests. Mean
burden was increased in the Al-era (4+0.46 calls/resident-month, P<.001; 4+0.12 weekend calls per resident-month, P=.008).
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Figure 3. Percentage of resident-months exceeding 2 program-defined workload thresholds (>6 total calls per month; >2 weekend calls per month)
under the legacy (n=803 resident-months) and Al-based (n=727 resident-months) schedulers, January 2024-December 2025. Error bars are bootstrap

95% Cls (5000 resamples); ***P<.001 (Pearson chi-square).
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Undesirable Shift Sequences

Rates of undesirable shift sequences declined under the
Al-based scheduler (Figure 4). Consecutive weekend on-call
episodes, a pattern in which a resident covering a week-
end call is again on call the following weekend, fell
from 244 to 18.7 events per 100 resident-months (RR
0.77, 95% CI 0.62-0.96; exact-conditional Poisson P=.02).
Call-rest-call patterns, defined as a call shift followed by
exactly one off day before the next call shift, fell from
512 to 234 events per 100 resident-months (RR 0.46,

System
Il |legacy
. Al

> 2 weekend calls

95% CI 0.38-0.55; P<.001), and call-rest-call-rest-call (the
same pattern extended to a third call shift) fell from 5.6
to 1.0 events per 100 resident-months (RR 0.18, 95% CI
0.06-0.35; P<.001). Together these reductions correspond
to approximately one-half fewer double-call episodes and
approximately five-fold fewer triple-call episodes per 100
resident-months, patterns that pediatric program leadership
had explicitly targeted as fatigue-relevant outcomes in the
constraint inventory programmed into the Al-based scheduler
(Section 1 in Multimedia Appendix 1).

Figure 4. Rates of undesirable on-call shift sequences per 100 resident-months under the legacy (deep blue; n=803 resident-months) and Al-based
(vermillion; n=727 resident-months) schedulers, January 2024-December 2025. Error bars are bootstrap 95% Cls (5000 resamples); asterisks denote

exact-conditional Poisson rate-ratio tests (* P<.05; ***P<.001).

Undesirable call-shift patterns
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Schedule Equity

Schedule equity, quantified as MAE-ES and RMSE-ES
(with smaller values indicating more equitable distribution),
improved substantially under the Al-based scheduler both
overall and within every qualification cluster (Figure 5;
Table 2). Overall MAE-ES decreased by 0.26 shifts (95%
CI 0.23-0.28; permutation P<.001) and RMSE-ES by 0.29
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shifts (95% CI 0.26-0.32; P<.001). Cluster-stratified analyses,
framed as descriptive heterogeneity given that qualifica-
tion cluster is a posttreatment mediator (see Methods),
showed significant improvements in every stratum after Holm
correction across the three clusters: Senior (n=375 vs 299)
MAE-ES A -0.21 (95% CI -0.25 to —0.16; P<.001) and
RMSE-ES A -0.24 (P<.001); Advanced (n=217 vs 237)
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MAE-ES A -0.28 (P<.001) and RMSE-ES A -0.31 (P<.001);
and Novice (n=211 vs 191) MAE-ES A -0.33 (P<.001)
and RMSE-ES A -0.36 (P<.001). The fairness gain was
therefore robust across qualification levels and was not
concentrated in a single cluster. Four preregistered explora-
tory robustness analyses (Section 4 in Multimedia Appendix
1), spanning four orthogonal axes of distributional behavior,

Gilad et al

the Lorenz curve and Atkinson(e) inequality-index sweep,
per-resident worst-month tail behavior, intercall temporal
burstiness (Goh-Barabdsi B), and per-physician service-mix
variety (Shannon entropy) — supported the same direction
of effect on every axis except the service-mix-variety null,
which is consistent with the unchanged service-mix propor-
tions between eras (Table S4 in Multimedia Appendix 1).

Table 2. Qualification cluster mix in the legacy and Al-based scheduling eras, tertiary pediatric residency, January 2024-December 2025. Clusters
are descriptive posttreatment mediators (see methods); cluster mix shifts with both cohort composition and scheduler exposure. Counts and
percentages within each era; omnibus and per-cluster z-tests with Holm correction across the three clusters.

Qualification Legacy, n/N (%) Al-based, n/N (%) P value (pairwise; Holm-adjusted)
Senior 375/803 (46.7) 299/727 (41.1) 06
Advanced 217/803 (27.0) 237/727 (32.6) 05
Novice 211/803 (26.3) 191/727 (26.3) .99

Figure 5. Schedule equity under the legacy and Al-based schedulers. (A) Overall MAE-ES (mean absolute error from equal share) and RMSE-ES
(root mean square error from equal share) across all 1530 resident-months (legacy n=803 [deep blue], AI n=727 [vermillion]); lower values indicate
more equitable distribution. P values are from 2-sided stratified label-permutation tests (25,000 iterations within month-of-year x qualification strata),
with bootstrap 95% Cls (5000 stratified resamples). (B) MAE-ES stratified by qualification cluster: Senior (PICU [pediatric intensive care unit] or
PCICU [pediatric cardiac intensive care unit] or ED [Senior Emergency Department] 1), Advanced (NICU 1 [neonatal intensive care unit positions 1]
or NICU 2 [neonatal intensive care unit positions 2] or ED 2 [junior emergency department call]), and Novice (Ped A [pediatric department A] or Ped
B [pediatric department B] or Hem [hematology] and Onc [oncology]). (C) RMSE-ES stratified by qualification cluster. Holm correction was applied
across the three clusters. Cluster sizes (legacy = Al): Senior 375 = 299, Advanced 217 = 237, Novice 211 = 191. Lower bars favor the Al-based
scheduler; all cluster-level differences were statistically significant at P<.001.
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February 2024 through December 2024 vs February 2025
through December 2025), the Al-based scheduler approxi-
mately doubled lead time relative to the legacy scheduler
(Figure 6). Mean lead time increased from 10.7 (SD 2.5)
days to 21.2 (SD 1.8) days (4+10.5 days, 95% CI 8.8-12.2;

Schedule Publication Lead Time

Publication lead time, the number of days between schedule
release and the first day of the upcoming scheduling period,
captures the administrative burden of producing a monthly
roster. Across 22 monthly cycles (11 legacy and 11 Al-based;
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2-tailed Welch 715 37=11.20; Cohen d=4.78; P<.001), and the
2 distributions did not overlap (legacy maximum 14 days;
AI minimum 18 days; Cliff 6=1.00; common-language effect
size 100%). The increased lead time was achieved despite

Gilad et al

no change in upstream demand-planning workflow, consistent
with the Al-based scheduler reducing the chief-resident effort
required to converge on a publishable roster.

Figure 6. Schedule publication lead time under the legacy and Al-based schedulers, defined as the number of days from schedule publication to the
start of the scheduling period it covers (legacy: February-December 2024; Al-based: February-December 2025; n=11 monthly cycles per era). Panel
A: lead time by scheduling period; the vertical dashed line marks implementation of the Al-based scheduler in January 2025. Panel B: distribution by
era; boxes show the median and IQR, whiskers extend to the most extreme value within 1.5xIQR of the quartiles, and all monthly cycles are overlaid
as individual points; means (SD) with bootstrap 95% Cls are inset. ***P<.001 (Welch ¢ test).
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Interrupted Time-Series Analysis

To control for preimplementation secular trends and quantify
the immediate level change at intervention, we performed
segmented regression on the full 24-month monthly ser-
ies (Figure 7; Table S1 in Multimedia Appendix 1).
Equity (MAE-ES) showed a large, statistically significant
improvement at implementation (B_level=-0.18, 95% CI
-0.25 to —0.12; P<.001) with a stable postimplementation
slope (P_slope=+0.007, P=.33), indicating a durable level
shift rather than a transient effect. Threshold exceedances
and high-risk patterns showed similar durable level shifts:
>6-call exceedances per 100 resident-months (_level=—8.88;
P=.004), call-rest-call patterns (p_level=—13.17 per 100
resident-months; P=.002; average postperiod effect —14.88,
P=.02), call-rest-call-rest-call (B_level=—2.35; P=.03), and
>2 weekend exceedances (_level=—7.32 per 100 resident-
mo; P<.001; average postperiod effect —4.52, P=.02). Mean
calls per resident-month, in contrast, increased modestly at
implementation in the ITS model (B_level=+0.49; P=.004).
This reflects the smaller postimplementation pool of on-call
physicians (87 vs 107) and resident-months (727 vs 803)

https://www jmir.org/2026/1/e88340

combined with essentially unchanged total clinical demand
(3273 vs 3246 night-call shifts; +0.8%): a smaller denom-
inator with an unchanged numerator mechanically raises
the per-resident-month mean. Once all on-call physicians
are retained, the Al-based scheduler does not reduce the
average per-physician call count but rather compresses its
dispersion across physicians (see Workload section). Three
quantities did not reach statistical significance after the
dataset extension: the level change in the consecutive-week-
end rate (P_level=—2.71; P=.12), the average postperiod
effect for call-rest-call-rest-call patterns (-0.06; P=.98), and
the level change in the descriptive percentage of weekend
calls (B_level+0.50; P=.57), consistent with the modest power
of a 24-month monthly series with month-to-month noise.
Because the Al-effect signature is largely an immediate
level shift rather than a postimplementation trend, we report
the level coefficient _level as the primary ITS estimand
throughout. Sensitivity analyses at Newey-West heteroscedas-
ticity- and autocorrelation-consistent lags 1 and 3 (Section
2, and Table S2 in Multimedia Appendix 1) yielded substan-
tively identical inference.
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Figure 7. Interrupted time-series analysis of monthly scheduling outcomes, January 2024-December 2025 (24 consecutive months with no
inter-system gap). Points are monthly observations (deep blue: legacy scheduler, January-December 2024; vermillion: Al-based scheduler,
January—December 2025), red lines the segmented-regression fit, and the vertical dashed line marks implementation between months 12 and 13.
Inference uses Newey-West heteroscedasticity- and autocorrelation-consistent standard errors at lag 2; lag-1 and lag-3 sensitivity analyses appear in,
Section 2 in Multimedia Appendix 1. Panels: (A) mean total calls per resident-month — f3 level +0.49 (P=.004); (B) >6-call exceedances per 100
RM — f level —8.88 (P=.004); (C) schedule equity mean absolute error-estimation standard (MAE-ES) — f3 level —0.18 (P<.001); (D) call-rest-call
patterns per 100 RM — S level —13.17 (P=.002); (E) call-rest-call-rest-call patterns per 100 RM — f3 level —2.35 (P=.03); (F) consecutive weekend
rate per 100 RM — (3 level =2.71 (P=.12); (G) >2 weekend-call exceedances per 100 RM — [ level —7.32 (P<.001); (H) calls falling on weekends
(%) — [ level +0.50 (P=.57). MAE-ES: mean absolute error from equal share; RM: resident-month.
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Resident-Reported Experience

Among 47 legacy-era respondents (response rate 47/75,
63%) and 38 Al-era respondents (response rate 38/80, 48%),
self-reported experience improved across several schedul-
ing-relevant domains (Figure 8; Section 3 in Multimedia
Appendix 1). Software satisfaction increased from 6.77 (SD
2.08) to 8.71 (SD 1.11) on a 10-point scale (Mann-Whit-
ney U test; P<.001); after reverse scoring, perceived night-
call schedule timeliness improved from 3.28 (SD 1.31)
to 4.61 (SD 0.55) on a 5-point scale (P<.001), and the
perceived frequency of consecutive night calls improved
from 3.15 (SD 1.43) to 4.24 (SD 1.02) on a 5-point scale
(P<.001). Perceived equity of workload distribution across
all residents increased from 298 (SD 1.09) to 3.61 (SD
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0.92) (P=.006), and residents more often reported knowing
where they were scheduled to work (4.38, SD 0.99 =
479, SD 047, P=.03). Several other domains — overall
shift satisfaction, process transparency, time-off and leave
handling, vacation utilization, workload carry-over, work-life
balance, and fairness among similarly qualified residents
— showed small Al-legacy mean differences that were not
statistically significant (all P>.05). Cross-coverage support
and peer-coverage availability trended slightly lower under
the Al-based scheduler, which we interpret cautiously given
the small sample sizes and the seasonal mismatch between the
two survey windows (December 2024 and August 2025). A
multiple-choice question on preferred shift-trade mechanisms
did not differ between eras (y>=3.7, P=.30).

Figure 8. Standardized resident-reported experience with the Al-based versus legacy scheduler. Forest plot. Markers are the rank-biserial correlation
r (Cliff's ) from 2-sided Mann—-Whitney U tests comparing Al-era (n=38) with legacy-era (n=47) responses; whiskers are 95% bootstrap CIs (5000
resamples); the dashed line marks no difference. Colored markers are significant at P<.05 (vermillion, favors Al; blue, favors legacy); grey markers
are nonsignificant. *P<.05; **P<.01; ***P<.001. § Reverse-scored so that higher values indicate a better experience.

Resident ratings: Al scheduler vs. legacy software
Favors legacy € P Favors Al

Night schedule lead time % i e
Software satisfaction ! —— e ¥k
Consecutive nights frequency # i ——————— k¥
Faimess: all ey
Shift-change notifications i —————— *
Shift-qualification match ——— %
Know daily assignment i —_—— ¥
Workload carryover »—5—0—1
Process transparency n—i—-—1
Takes weekend comp day ————
Time-off and leave handled well »—i—-—c
Priority: total calls v—i—o—<
Takes yearly vacation '—i—-—|
Overall satisfaction —_———
Fairness: per qualification '—5—0—1
Know block schedule »—i—o—c
Requests influence schedule »—i—-—c
Work-life balance —_———i
Leave approval rate '—E-o—c
Priority: weekend calls »—E-—1
Fairness: weekday-weekend —_———
Morning schedule lead time # i—oi—c
Peer coverage support >—Q—E—|
Cross-cover mornings »—o—e
-1.0 -0.5 0.0 0.5 1.0

Rank-biserial correlation r (Cliff's 8), 95% CI

Discussion

Principal Findings

Across 24 consecutive months of final executed rosters
and 6519 night-call shifts in a tertiary pediatric residency,
implementation of an Al-based constraint-programming

https://www jmir.org/2026/1/e88340

scheduler was associated with three principal findings. First,
schedule equity improved substantially: MAE-ES decreased
by 0.26 shifts and RMSE-ES by 0.29 shifts overall,
with statistically significant fairness gains in every quali-
fication cluster after Holm correction. Second, high-risk
shift sequences and threshold exceedances declined sharply:
>6-call months fell from 16.6% (133/803) to 3.9% (28/727),
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>2 weekend-call months from 11.1% (89/803) to 2.9%
(21/727), call-rest-call patterns from 51.2 to 23.4 per 100
resident-months, and call-rest-call-rest-call patterns from 5.6
to 1.0 per 100 resident-months. Third, schedule publication
lead time doubled, from a mean of 10.7 (SD 2.5) days
to 21.2 (SD 1.8) days, with no overlap between the two
distributions. Importantly, mean per-physician call burden
did not decrease and in fact rose. Together these findings
suggest the operational signal of the Al-based scheduler is
to distribute the same overall workload more equitably, with
fewer high-risk sequences and possibly less administrative
effort for schedulers.

Comparison to Prior Work

Health care scheduling has historically lagged behind
aviation, manufacturing, and logistics in adopting optimi-
zation-based decision support [23-26]. Within health care,
prior published evaluations have focused largely on patient
appointment and operating-room scheduling or on nurs-
ing operations [27-30], with comparatively few rigorous
quantitative evaluations of physician-residency scheduling
in real-world conditions [5-7,11,15,31]. The few residency-
focused studies have reported satisfaction improvements but
generally relied on subjective endpoints, smaller samples,
or shorter horizons. Our 24-month evaluation extends this
literature in three directions: (1) by showing the opera-
tional benefit of constraint-programming scheduling around
distributional equity and reduction in undesirable shift
patterns [4,11]; (2) by quantifying the administrative-bur-
den reduction directly through publication lead time, which
to our knowledge has not previously been reported with
this magnitude (more than 2-fold) in a physician-residency
context [32,33]; and (3) by demonstrating uniform fairness
gains across employee qualification strata. This is particu-
larly important for highly qualified medical personnel whose
schedule is most highly constrained by service-coverage
requirements. The directional consistency of effects across
our preregistered exploratory robustness analyses (Section
4 in Multimedia Appendix 1) — the Lorenz curve and
Atkinson(g) inequality sweep, per-resident worst-month tail
compression, and reduced intercall burstiness — corroborates
the central finding.

Mechanistic Interpretation

Three mechanisms are plausible to explain equitable
redistribution of a comparable clinical demand. First, the
constraint solver represents the entire monthly assignment
problem declaratively and searches for assignments that
minimize a composite fairness-aware objective; in contrast,
the legacy rule-based scheduler fills shifts sequentially and
cannot reverse early local decisions to redress later imbal-
ance. Second, the Al-based platform’s explicit constraint
inventory (Section 1 in Multimedia Appendix 1) directly
penalizes undesirable call shift patterns defined by schedulers,
such as call-rest-call and consecutive-weekend patterns and
limits monthly calls per resident, surfaces these preferences to
the schedulers through dynamic-statistics dashboards, and lets
the reviewer simulate the downstream consequences of any
proposed manual edit before publication. Third, by reducing
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the scheduler effort required to produce a publishable roster,
the Al-based platform freed administrative attention for
upstream demand planning and qualification management,
itself a likely contributor to the more equitable downstream
allocation. We interpret the fairness gains, therefore, as the
joint product of (1) constraint-aware optimization in the
solver and (2) better-informed human-in-the-loop review by
chief residents. Distinguishing the marginal contribution of
each component requires a controlled comparison and is a
priority for future work.

Generalizability

Our study setting in a single, large tertiary pediatric res-
idency in a national tertiary referral center limits direct
generalization. The constraint inventory programmed into
the Al-based scheduler is institution-specific (Section 1 in
Multimedia Appendix 1), and the magnitude of fairness
and lead-time gains may differ in residency programs with
smaller pools of on-call physicians, fewer service categories,
less complex qualification structures, or different regulatory
environments. Several features of our setting do, however,
support the broader relevance of these findings: the pro-
gram covers 9 distinct night-call services with a complex
qualification ladder, the on-call physician pool is similar in
size to many tertiary residency programs, and the underly-
ing constraint-programming and constraint-based local-search
metaheuristic algorithms are domain-general and are not
pediatric- or residency-specific. Multisite replication, ideally
with a stepped-wedge or cluster-randomized design, would
strengthen external validity.

Limitations

Several limitations of our study warrant explicit acknowl-
edgment, particularly given the well-documented impact of
physician fatigue and burnout on patient safety and the
resulting need for cautious interpretation of operational
improvements that depend on chief-resident effort [34-36].
First, the design is observational and pre- versus postimple-
mentation rather than a randomized prospective trial, so
residual confounding from secular trends, cohort composi-
tion, regulatory changes, or concurrent quality-improvement
activity cannot be excluded. The two study periods were
consecutive 12-month windows with comparable service mix,
which reduces but does not eliminate the possibility of
temporal confounding. The ITS analysis further addressed
secular trends, although a monthly series with 12 observa-
tions per phase remains modestly powered. Second, the study
evaluates final executed rosters that incorporate postsolver
and postpublication chief-resident review by schedulers. We
cannot isolate the marginal contribution of the constraint
solver from the contribution of the platform’s decision-sup-
port tools (dynamic statistics, simulation, and Al-prioritized
substitutions) or from chief-resident attention; an attention
or Hawthorne-like effect during the early postimplementa-
tion period is a possibility that we cannot rule out [37].
Third, qualification clusters were inferred from observed shift
performance and are therefore posttreatment mediators rather
than pretreatment covariates; cluster-stratified equity findings
should be read as descriptive heterogeneity rather than as
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covariate-adjusted causal estimates. Fourth, the Al-based
scheduler is a proprietary commercial product, and although
we have published its constraint inventory (Section 1 in
Multimedia Appendix 1), the underlying solver source code
is not publicly available. Fifth, resident surveys captured
47 (63%) and 38 (48%) of approximately 75 and 80 invi-
ted residents, respectively; nonresponse bias and a seasonal
mismatch between the December 2024 and August 2025
survey windows may affect the precision of cross-era survey
comparisons. Sixth, this is a single-center study at a tertiary
pediatric facility, and our findings should be replicated in
other residency programs and clinical contexts before broader
generalization.

Future Directions

Several directions follow naturally from this work. Multi-
site, multiprogram, prospective, randomized evaluations are
needed to establish external validity and to support causal
claims. Longer postimplementation horizons would permit
more powerful inference and detection of any posthoney-
moon attenuation. Coupling scheduler outputs to downstream
measures of trainee well-being, fatigue, and educational
attainment—and ultimately to patient-safety outcomes—
would translate operational gains into the clinical end-
points that matter most. Finally, beyond classical constraint
programming and metaheuristics, methodological frontiers
in health care scheduling include reinforcement learning of
scheduling policies under realistic clinical simulators [38],
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generative approaches that produce diverse feasible schedules
rapidly, and hybrid systems that use machine-learned models
to focus solver search on promising regions of the assignment
space. Whether large language models and modern neural
networks will prove robust enough for production-grade
scheduling decisions remains an open question, but they
are already useful for soft-preference elicitation, selective
conditional rule-relaxation, and rapid replanning during
operational disruptions.

Conclusions

In a tertiary pediatric residency, implementation of an
Al-based constraint-programming scheduler was associated
with substantially more equitable distribution of on-call
workload across all qualification strata, large reductions
in high-risk shift sequences and threshold exceedances,
and a doubling of schedule publication lead time, despite
no reduction in mean per-physician call burden once all
on-call physicians were retained. These findings position
Al-driven constraint optimization as a feasible intervention
for advancing schedule fairness and reducing administrative
burden in graduate medical education. Programs considering
similar implementations should focus on rigorous constraint
elicitation aligned with program policy, transparent gover-
nance of fairness rules, and ongoing auditing of distributional
outcomes. Multisite, prospective replication is warranted
before generalizing these findings beyond a single tertiary
pediatric program.
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