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Abstract

We present a two-stage stochastic programming model for optimizing anesthe-
siologist schedules, explicitly accounting for uncertainty in surgery durations
and anesthesiologist handoffs. To inform model design, we conducted an online
survey at our partner institution to identify key factors affecting the quality
of intraoperative anesthesiologist handoffs. Insights from the survey results are
incorporated into the model, which optimizes the trade-offs between delaying
anesthesiologist relief times, handoff costs, and under-staffing costs. To overcome
the computational limitations of solving the extensive form of the proposed two-
stage stochastic programming model, we develop a monolithic reformulation. Our
computational experiments, based on real-world data from our partner institu-
tion, demonstrate that the reformulated model outperforms the extensive form in
both computational times and optimality gap. Comparing our model’s outputs

1



with current staffing practice at the partner institution shows that the proposed
approach achieves substantial cost reductions. Finally, sensitivity analyses high-
light the model’s ability to provide insights into trade-offs between handoffs,
staffing levels, and relief times.

Keywords: Anesthesiologist scheduling, Handoffs, Provider Survey, Two-Stage
Stochastic Integer Program
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Highlights

• We address the problem of scheduling anesthesiologists in operating rooms under
uncertainty in surgery durations and anesthesiologist handoffs.

• Key factors influencing the quality of intraoperative anesthesiologist handoffs are
identified.

• We evaluate the trade-offs between anesthesiologist relief delays, handoff costs, and
under-staffing costs.

• The proposed approach provides decision support for efficient and cost-effective
anesthesiologist scheduling.

• Our findings can guide policies aimed at improving the quality of intraoperative
handoffs.
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1 Introduction

Care transitions – the transfer of information, authority, and responsibility for patient
care between one or more clinicians [1], including handoffs or handovers – are critical
to ensure safe, high-quality care [2]. Handoffs, the communication activity between
clinicians, involve some risks due to potential loss or inaccurate transmission of infor-
mation between providers, and ambiguity in authority and responsibility for patient
care [3, 4]. However, they can also enhance patient safety, with opportunities for error
detection, reassessing care decisions, and reviewing care with the input of another
perspective [5, 6].

Despite the plethora of studies that characterize and recommend methods to
improve handoffs in hospital settings [7–9], opportunities for improvement remain uni-
versally, but especially during the perioperative period, that is, immediately before,
during and after surgery. Surgical care accounts for an estimated 50% of hospital
expenditures and 30% of total healthcare costs in the U.S. [10]. Perioperative hand-
offs occur as the patient transitions from the preoperative to the intraoperative and
postoperative phases of surgical care; handoffs also occur every time health care
providers change shifts and take breaks [7, 11]. Errors and omission of information
during perioperative handoffs can lead to complications that may require additional
interventions such as infection or excessive bleeding, unanticipated disposition such as
intensive care unit admission or extended length of stay, or post-procedural care such
as readmission or rehabilitation [12]. A significant portion of perioperative handoffs are
intraoperative [13]. These handoffs are mainly due to shift changes or breaks. Epstein
et al. [14] and Hyder et al. [15] showed that intraoperative handoffs are high-risk and
error-prone, often linked with inadequate verbal communication and documentation.
Furthermore, Saager et al. [16] and Jones et al. [17] showed that intraoperative handoffs
are associated with adverse patient outcomes. In this study, we focus on intraopera-
tive anesthesia handoffs, as approximately 20% of patients undergoing surgery have
anesthesia handoffs [18].

We first analyze if there are opportunities to improve intraoperative anesthe-
sia handoffs at an academic healthcare center in the Eastern United States through
an anonymous online survey; we investigate perceptions around teamwork, staffing,
and work pace-related factors in addition to the quality of intraoperative handoffs
to provide insight into improvement strategies. We include teamwork because good
communication between clinicians is part of good teamwork; if teamwork is poor,
handoff communication may also be hindered and improvements may need to focus
on changing culture within the organization. Staffing and work pace may also impact
handoff quality because important patient care information can be lost during hand-
offs if providers work for long hours or rush because staffing levels are not adequate
to handle the workload; in this case, improved staffing practices would be necessary
to improve handoff safety and quality. The survey results indicate that there is room
for improvement in the staffing levels and the quality of information exchange during
handoffs. Hence, the main objective of this paper involves developing optimal schedules
for anesthesiologists that balance staffing costs and handoffs under uncertain surgery
durations. In particular, we focus on handoffs between anesthesiologists involving the
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transfer of responsibility for an operating room (OR). In our collaborating anesthesiol-
ogy department, these handoffs occur because the daily schedules of anesthesiologists
end based on a relief order. Hence, the frequency of handoffs can be reduced through
careful planning of anesthesiologist schedules. To achieve this, we propose a stochas-
tic programming model that considers the uncertainty in surgery durations. Overall,
this study demonstrates an effective integration of human factors engineering and
operations research in advancing healthcare delivery.

We use boldface lowercase letters to denote vectors and boldface uppercase let-
ters to represent matrices. The remaining part of this paper is organized as follows.
Section 2 presents the literature review. Section 3 summarizes the survey results,
and Section 4 introduces the scheduling model. Section 5 presents computational
experiments and managerial insights. Section 6 provides a discussion on the proposed
modeling framework and concludes the paper.

2 Literature Review

Intraoperative handoffs are prone to communication errors due to the complexity of
ongoing medical procedures and the need for precise, context-specific information.
As a result, improving the quality and consistency of information transfer during
intraoperative handoffs has emerged as a key target in patient safety initiatives and
quality improvement programs [1]. Survey-based studies have been instrumental in
quantifying perceptions of handoff quality, identifying contributing organizational
factors, and evaluating interventions [19]. For instance, instruments, such as the
Agency for Healthcare Research and Quality (AHRQ) Hospital Survey on Patient
Safety Culture [20], have been adapted to capture clinicians’ perspectives on infor-
mation accuracy, timeliness, and completeness during handoffs and care transitions.
As a solution to communication problems, interventions designed to improve handoffs
typically involve redesigning care processes with stakeholder participation and team-
based approaches [21]; developing checklists and mnemonics to support information
transfer [22–24], implementing software tools to enhance communication and/or doc-
umentation [25, 26]. In this study, we also apply a survey to understand teamwork,
staffing, and work pace-related factors influencing the quality of intraoperative anes-
thesia handoffs at an academic healthcare center in the Eastern United States. The
interventions proposed in the literature can be implemented in our setting to enhance
the quality of information exchange during intraoperative handoffs. None of the pre-
vious handoff studies, however, offered a more comprehensive solution that would also
eliminate unnecessary handoffs. In this paper, we take a step forward and optimize
the schedules of anesthesiologists to reduce the number of handoffs.

The literature on provider scheduling in ORs can generally be divided into two main
categories. The first focuses on integrating provider scheduling with surgery scheduling
[27–31], while the second focuses on scheduling providers based on a pre-determined
surgery schedule [32–35]. Among these, some studies incorporate uncertainty in
surgery durations [27, 29, 34] whereas others solve a deterministic problem. Rath et
al. [36] and Tsang et al. [37] develop integrated models that address both surgery and
anesthesiologist scheduling under uncertain surgery durations. However, these papers
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do not consider handoffs between providers and those that consider uncertainty in
surgery durations allow providers to work overtime to mitigate the impact of uncer-
tainty. We focus on the allocation of anesthesiologists to ORs for a given surgery-to-OR
allocations and surgery start times. We account for uncertainty in surgery durations
and model handoff of ORs between anesthesiologists.

There exist few papers that consider handoffs in healthcare scheduling and resource
allocation. Kazemian et al. [38] propose an integer programming model to create
shift schedules for medical trainees with the aim of reducing patient handoffs. Simi-
larly, Smalley et al. [39] develop a mixed-integer programming approach for physician
scheduling that reduces patient transfers among physicians. However, both studies are
limited to deterministic, non-surgical settings. Sun et al. [40] addresses anesthesiolo-
gist scheduling at a tactical level over a multi-week planning horizon. Their model is
focused on designing shifts and allocating providers to those shifts. Although handoffs
are allowed in their framework, their impact on quality of care is not considered. In
contrast, we address anesthesiologist scheduling at the operational level with a focus
on reducing handoffs under uncertain surgery durations. Sinha et al. [41] proposed two-
stage stochastic model for assigning certified registered nurse anesthetists (CRNAs)
to ORs while reducing handoffs. However, there exists operational differences between
CRNA and anesthesiologist scheduling at our partner institution. CRNA scheduling
involves assigning nurses to shifts, with each nurse dedicated to a single OR. In contrast,
anesthesiologist scheduling involves determining each anesthesiologist’s relief time.
Additionally, each anesthesiologist can be assigned to multiple ORs in one time-period.

Key contributions of this paper are stated below:

• We investigate the factors that affect the quality of intraoperative anesthesia hand-
offs through an online survey conducted at our partner institution, a tertiary hospital
in the Eastern United States. Insights from this survey inform the design of our
scheduling model.

• We present a two-stage stochastic program (2SSP) for scheduling anesthesiologists
under surgery duration uncertainty. The proposed model captures the trade-offs
between delaying the relief of anesthesiologists and the costs incurred due to handoffs
and under-staffing.

• To address computational challenges associated with solving the extensive form of
2SSP, we introduce an alternative monolithic integer programming reformulation.
Our computational experiments demonstrate that this reformulation achieves lower
optimality gaps with reduced computational times compared to the extensive form.

• We apply our model to historical data from our partner institution and compare its
outcomes with the institution’s existing staffing practices. Our analysis reveals that
the proposed framework achieves substantial cost savings over the current practice.

3 Quality and Safety of Intraoperative Anesthesia
Handoffs

We designed a survey to examine the relationship between quality and safety per-
ceptions of intraoperative anesthesia handoffs and factors such as teamwork, staffing
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levels and work pace. The survey was administered to anesthesia providers, includ-
ing attending physicians, residents, and anesthetists at an academic medical center in
the Eastern United States. It was conducted online using Qualtrics. We announced
the survey through meetings, emails to department listservs, and flyers with a brief
explanation of the study goal and the survey link. We began recruitment in March
2024 and closed the survey in June 2024. Participation in the study was voluntary and
anonymous, and participants could withdraw at any time.

The survey included questions about the role and demographics of participants,
composite measures from the Agency for Healthcare Research and Quality (AHRQ)
Survey on Patient Safety (SOPS) Hospital Survey 2.0 [20], descriptions of the current
intraoperative handoff process in general and the last handoff they participated in
specifically, and finally improvement suggestions. Table 1, provides the definitions of
the three AHRQ SOPS composite measures we included [20]. We included the hand-
off/information transfer composite measure for three kinds of handoffs: break/relief
handoffs (temporary), handoffs to assume care (permanent) and shift change handoffs
(permanent). Both positively worded items (e.g., “During busy times, staff in this unit
help each other.”) and negatively worded items (e.g., “Staff in this unit work longer
hours than is best for patient care.”) were included in all three measures.

Table 1: Definition of three composite measures adapted from AHRQ SOPS [20]

Composite measure Definition

Teamwork “Staff work together as an effective team, help each other
during busy times, and are respectful.”

Staffing and work pace “There are enough staff to handle the workload, staff work
appropriate hours and do not feel rushed, and there is appro-
priate reliance on temporary, float, or PRN staff.”

Handoffs and information exchange “Important patient care information is transferred across
hospital units and during shift changes.”

We analyze the results for three composite measures: teamwork, staffing and work
pace, and handoffs and information exchange. Definitions of these measures are pro-
vided in Table 1. To calculate participants’ opinions score on these measures based on
the user guide [20], we retained the scores for positively worded items as they were (i.e.,
Strongly agree= 5, Agree= 4, Neither agree nor disagree= 3, Disagree= 2, Strongly
disagree= 1), recoded the scores for negatively worded items (i.e., Strongly agree=
1, Agree= 2, Neither agree nor disagree= 3, Disagree= 4, Strongly disagree= 5). We
then computed the score for each composite measure for each participant as the aver-
age across the included items. After computing the score for each composite measure
by individual, we computed descriptive statistics and compared perception by role by
conducting ANOVA in R; significant differences were investigated using a Tukey test.

A total of 60 participants (22 anesthesia attending physicians, 10 residents, and
28 anesthetists) started the survey, with 46 completing the entire survey. Some par-
ticipants partially completed the survey and were included in related analyses. Table
2 shows the detailed demographic characteristics of the participants.
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Table 2: Demographic Characteristics of
Participants

Characteristics n %

Job Title
Attending Physician 22 37
Resident 10 17
Anesthetist 28 43

Gender
Male 22 37
Female 24 40
Missing 14 23

Race
White 42 70
Asian 1 2
Prefer not to answer 3 5
Missing 14 23

Note: N=60

The average scores for teamwork, staffing and work pace, and handoffs and infor-
mation exchange are shown in Table 3. Participants’ opinions on teamwork (F (2,57)
= 0.971, p = 0.385) and handoffs and information exchange (F (2,45) = 2.899, p =
0.066) did not vary significantly by role. However, opinions on staffing and work pace
varied significantly based on role (F (2,57) = 3.510, p = 0.036). Tukey’s HSD test
revealed a significant difference between attending physicians and anesthetists (p =
0.041) with anesthetists expressing a more negative opinion of staffing and work pace
(M = 2.91/5) compared to attending physicians (M = 3.41/5). No significant differ-
ences were found between residents and attending physicians (p = 0.973), or between
residents and anesthetists (p = 0.215).

Table 3: Means, Standard Deviations, and One-Way Analyses of Variances in Three
Composite Measures and Roles

Mean (Standard Deviation)

Composite Measures Attending Residents Anesthetists F (p-value)
Physicians

Teamwork 4.32 (0.76) 4.23 (0.47) 4.08 (0.48) 0.971 (0.385)
Staffing and Work Pace 3.41 (0.78) 3.35 (0.57) 2.91 (0.68) 3.510(0.036)∗

Handoffs and Information Exchange 3.59 (0.77) 2.98 (0.69) 3.65 (0.74) 2.899 (0.066)

Note: ∗ Indicates significant difference (p ≤ 0.05) between attending physicians and anesthetists’
opinions on staffing and work pace.

Although the teamwork measure consistently received scores above 4, the percep-
tions of anesthesiology providers reveal opportunities for improvement in both staffing
levels and the quality of information exchange during handoffs. These two factors are
closely interrelated: when providers are overextended due to inadequate staffing or
must rush to complete tasks, critical patient care information may be omitted and
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the opportunity to ask questions and engage in dialog may not exist during handoffs,
which compromise the safety of the patient. Motivated by these survey findings, we
aim to optimize anesthesiologist schedules to balance workload distribution and reduce
the number of intraoperative handoffs, particularly under uncertainty in surgery dura-
tions. We consider the handoffs between attending anesthesiologists, which involve
transferring responsibility for an OR. Handoffs involving CRNAs also occur and are
specifically addressed in [41]. In our partner anesthesiology department, these transi-
tions typically occur at the end of a provider’s work-day, following a predetermined
relief order. That is, anesthesiologists handoff the operating rooms they attend to other
available anesthesiologists to end their daily schedules according to a relief order. As
such, the frequency of handoffs can be effectively reduced through strategic schedule
planning and optimization.

4 Model Formulation

We formulate a 2SSP for scheduling anesthesiologists to ORs. The model captures the
trade-offs between the relief of anesthesiologists, handoffs and under-staffing, while
accounting for the uncertainty in surgery durations. Specifically, given the daily allo-
cations of surgeries to ORs and their start times, the proposed 2SSP determines the
relief time of the anesthesiologists, and assigns the anesthesiologists to ORs for the
time periods before their relief times in the first stage. These decisions can be made
ahead of the surgery day, as soon as the surgery schedule becomes available. In the
second stage, the expected cost of handoffs and under-staffing are evaluated for differ-
ent realizations of surgery durations. The model aims to minimize the combined cost
of delaying the relief time of anesthesiologists along with the expected cost of handoffs
and under-staffing. We refer to this problem as Stochastic Anesthesiologist Scheduling
with Handoffs (SASH).

Let I be the set of available anesthesiologists, indexed, without the loss of general-
ity, in the ascending order based on their priority for earlier relief times. J be the set
of ORs and T be the set of time periods. Parameter k represents the maximum number
of ORs an anesthesiologist can cover in a time period. Let crt denote the cost of reliev-
ing an anesthesiologist at the end of period t, ch represent the cost of a handoff and cu

indicate the per-period cost of anesthesiologist under-staffing in an OR. Uncertainty in
surgery durations is captured by a finite set of scenarios Ω, and pω is the probability
of scenario ω ∈ Ω. Let t̄j(ω) be the last time period of the last surgery in OR j under
scenario ω.

The binary variable yijt takes the value 1 if anesthesiologist i is allocated to OR j
in period t, and 0 otherwise and xit is a binary variable that equals 1 if anesthesiologist
i is relieved at the end of period t, and 0 otherwise. wijt(ω) is a binary variable
equal to 1 if there is a handoff from anesthesiologist i in OR j at the end of period t
under scenario ω, and 0 otherwise and sjt(ω) is a binary variable equal to 1 if there
is an anesthesiologist under-staffing in OR j in time period t under scenario ω, and 0
otherwise. We summarize these notations in Table 4.
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Table 4: Description of Notations

Sets and Parameters
I set of anesthesiologists
J set of ORs
T set of time periods
k maximum number of ORs an anesthesiologist can cover in a time period
Ω set of all scenarios
crt cost of relieving an anesthesiologist at the end of period t
ch cost of a handoff
cu per-period cost of anesthesiologist under-staffing in an OR

t̄j(ω) last time period of the last surgery in OR j under scenario ω
Indices
i index of anesthesiologist, i ∈ I
j index of OR, j ∈ J
t index of time period, t ∈ T
ω index of scenario, ω ∈ Ω
First-stage decision variables
xit 1 if anesthesiologist i is relieved at the end of period t, 0 otherwise
yijt 1 if anesthesiologist i is allocated to OR j in period t, 0 otherwise
Second-stage decision variables
wijt(ω) 1 if a handoff occurs from anesthesiologist i in OR j at the end of time period t

under scenario ω, 0 otherwise
sjt(ω) 1 if there is anesthesiologist under-staffing in OR in time period t

under scenario ω, 0 otherwise

We formulate the two-stage stochastic program for SASH as follows:

(F1) Min
∑
i∈I

∑
t∈T

crtxit +Q(x,y) (1a)

subject to :∑
i∈I

yijt ≤ 1 ∀j ∈ J, t ∈ T, (1b)∑
t∈T

xit = 1 ∀i ∈ I, (1c)

x(i+1)t ≤
t∑

τ=1

xiτ ∀i ∈ I \ |I|, t ∈ T, (1d)∑
j∈J

yijt ≤ k ∀i ∈ I, t ∈ T, (1e)

yijt ≤ 1−
t−1∑
τ=1

xiτ ∀i ∈ I, ∀j ∈ J, t ∈ T, (1f)

x ∈ B|I|×|T | , y ∈ B|I|×|J|×|T | . (1g)

Constraint (1b) ensures that an OR is allocated at most one anesthesiologist in each
time period while Constraint (1c) ensures that each anesthesiologist is relieved. Con-
straint (1d) ensures that anesthesiologists are relieved in the increasing order of their
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index. Constraint (1e) ensures that each anesthesiologist is assigned to at most k
operating rooms in any given time period, while constraint (1f) ensures that no
anesthesiologist is assigned to any surgery after they are relieved. The objective
function (1a) minimizes the total cost of relieving the anesthesiologists along with
the expected total cost of handoffs and under-staffing, Q(x,y) := EωQ(ω,x,y) =∑

ω∈Ω pωQ(ω,x,y), where

Q(ω,x,y) = Min
∑
i∈I

∑
j∈J

t̄j(ω)−1∑
t=1

chwijt(ω) +
∑
j∈J

t̄j(ω)∑
t=1

cu

(
1−

∑
i∈I

yijt

)
(2a)

subject to:

wijt(ω) ≥ yijt − yij(t+1) ∀i ∈ I, j ∈ J, t ∈ {1, . . . , t̄j(ω)− 1}, (2b)

w(ω) ∈ R
|I|×

∑
j∈J (t̄j(ω)−1)

+ (2c)

In the second-stage problem S(ω), constraints (2b) account for handoffs in OR j.
The objective function (2a) minimizes the total costs associated with handoffs and
understaffing. For every first-stage feasible decision (x,y), sjt(ω) = 1−

∑
i∈I yijt ∀j ∈

J, t ∈ {1, . . . , t̄j(ω)} and wijt(ω) = max{(yijt − yij(t+1)), 0} ∀i ∈ I, j ∈ J, t ∈
{1, . . . , t̄j(ω) − 1} is a feasible solution to S(ω). Thus, F1 has relatively complete
recourse. The extensive form of F1, which is referred to as Fext, is given by:

Min
∑
i∈I

∑
t∈T

crtxit +
1

|Ω|
∑
ω∈Ω

∑
i∈I

∑
j∈J

t̄j(ω)−1∑
t=1

chwijt(ω) +
∑
j∈J

t̄j(ω)∑
t=1

cu

(
1−

∑
i∈I

yijt

)
subject to : (1b)− (1g), (2b)− (2c).

Fext can be solved using off-the-shelf mixed-integer programming solvers. However, the
second-stage variables wijt(ω) and constraints (2b)–(2c) are replicated for each sce-
nario, leading to a large-scale integer program whose computational complexity grows
significantly with the number of scenarios. To mitigate this issue, we introduce addi-
tional first-stage variables and constraints to model handoffs. Specifically, let ηijt ≥ 0
be a set of first-stage variables satisfying ηijt ≥ yijt− yij(t+1) ∀i ∈ I, j ∈ J, t ∈ T \ |T |.
Then, the second-stage problem S(ω) can be reformulated as:

Min
∑
i∈I

∑
j∈J

t̄j(ω)−1∑
t=1

chηijt +
∑
j∈J

t̄j(ω)∑
t=1

cu(1−
∑
i∈I

yijt) (3)

Using (3), we can write the extensive form of in F1 as:
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(F2) Min
∑
i∈I

∑
t∈T

crtxit +
1

|Ω|
∑
ω∈Ω

∑
i∈I

∑
j∈J

t̄j(ω)−1∑
t=1

chηijt +
∑
j∈J

t̄j(ω)∑
t=1

cu(1−
∑
i∈I

yijt)


subject to : (1b)− (1g),

ηijt ≥ yijt − yij(t+1), ηijt ≥ 0, ∀i ∈ I, j ∈ J, t ∈ T \ |T |.

The second-stage variables wijt(ω) and constraints (2b)-(2c) are not used in F2, and
thus they are not replicated for every scenario. F2 offers superior computational
performance over Fext as demonstrated in Section 5.1.

5 Numerical Experiments

Our computational experiments are based on data from our partner institution, a ter-
tiary medical hospital in the Eastern United States. The dataset consists of 14,883
surgeries across 24 specialties, spanning a period of 353 working days. For each spe-
cialty, Table 5 provides the mean and standard deviation of the surgery durations,
along with the percentage share of total surgeries for each specialty. We model the
surgery duration for each specialty using a log-normal distribution with mean and
standard deviation given in Table 5. Following the scheduling practices of our partner
institution, we assume that anesthesiologists begin their workday at 7 a.m., and can
simultaneously cover at most 3 ORs in each time period (k = 3). We consider a 14-hour
planning horizon from 7 a.m. to 9 p.m., divided into |T | = 56 15-minute time intervals.

Let cr denote the per-period staffing cost of an anesthesiologist. We assume crt = tcr

and set cr = 1000 in our experiments. Subsequently, we set handoff cost (ch) and

per-period anesthesiologist under-staffing cost (cu) using the parameters ζh = ch

cr and

ξu = cu

cr , respectively. We consider three each values of ζh = 5, 10, 15 and ξu = 5, 10, 15.
For scenario sets of size |Ω| = 500 and 750, assuming uniform scenario probabilities, we
conduct a full factorial experiment over all combinations of ζh and ξu, resulting in nine
distinct cases per scenario set size. For each case, we generate three random problem
instances. Each instance includes all surgeries scheduled on a day sampled from the
353 days in our dataset. We generate scenarios by sampling the surgery durations
from specialty-specific log-normal distributions. All computations are performed using
Python 3.9.13 and Gurobi 11.0.2 on a machine with an 8-core Intel Xeon 2.60GHz
processor and 64GB of RAM.

5.1 Computational Performance

In this section, we compare the computational performance of the F2 and Fext mod-
els. To generate larger and more computationally challenging problem instances, we
construct two new surgery schedules, referred to as Schedules A and B, by combining
surgeries from two different days in the dataset. Table A1 in Appendix A reports the
number of surgeries, open ORs, and anesthesiologists in Schedules A and B. Further
details about each scheduled surgery—including its specialty, planned start time, and
the assigned OR—are provided in Tables A2–A3.
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Table 5: Summary of 353-Day surgery data

Duration Duration standard Case
Specialty average (min) deviation (min) mix (%)

Ophthalmology 47 32 23.42
Urology 51 34 23.40

Orthopedics 98 51 14.59
Otolaryngology 109 77 13.05
Gynecology 87 53 5.22

Pediatric ENT 72 58 3.95
Pediatric Ophthalmology 65 25 3.82

Surgical Oncology 99 56 2.90
Plastics 88 58 1.84
Dentistry 131 39 1.77

Pain 61 35 1.53
Podiatry 104 69 1.48
General 67 39 1.16

Pediatric Urology 60 33 1.06
Gastroenterology 71 47 0.28

Pediatric Orthopedics 94 35 0.17
Neurology 44 8 0.14

Pediatric Neurology 42 25 0.07
Pediatric General 93 30 0.05

Oral Surgery 100 46 0.05
Gynecology Oncology 52 0 0.01

Interventional Radiology 52 4 0.01
Obstetrics 53 17 0.01

Pediatric Gastroenterology 50 1 0.01

For each combination of ζh and ξu, we generate three random instances for Schedule
A and three for Schedule B, resulting in a total of six instances per case. Each instance
is solved with a target optimality gap of 1% and a time limit of 3600 seconds. Tables
6 and 7 report the computational performance of F2 and Fext for |Ω| = 500 and |Ω| =
750 scenarios, respectively. We evaluate performance based on average (maximum)
optimality gaps and runtimes. As shown in Table 6, F2 consistently outperforms Fext

across all cases by achieving smaller optimality gaps and faster solution times. For
example, in Case 5, F2 achieves an average optimality gap of 1.16% in 2972 seconds
across 6 instances, whereas the average gap for Fext is 23.28% at the end of the 3600
seconds time limit. This performance gap is even more pronounced for instances with
|Ω| = 750 scenarios, as illustrated in Table 7. These results demonstrate that F2 is
significantly more efficient and scalable than the extensive form Fext for solving large-
scale instances of the anesthesiologist scheduling problem. The ability of F2 to achieve
near-optimal solutions within reasonable computational time makes it well-suited for
practical deployment, especially in settings where timely decision-making is critical.

5.2 Analysis of the Model Results

We first present a sensitivity analysis for the handoff (ζh) and understaffing cost
parameters (ξu). Then, we evaluate the benefit of incorporating uncertainty in surgery
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Table 6: Comparison of F2 and Fext over average (max) optimality
gap (%) and computational runtime (seconds) for |Ω| = 500.
Case# Case F2 Fext

ζh — ξu Opt-Gap (%) Runtime (s) Opt-Gap (%) Runtime (s)
1 5—5 1.62 (3.18) 3433 (3601) 10.53 (11.00) 3602 (3603)
2 5—10 3.89 (7.83) 3539 (3601) 13.34 (16.41) 3602 (3604)
3 5—15 6.20 (10.24) 3601 (3602) 12.67 (17.97) 3601 (3602)
4 10—5 1.40 (3.41) 3394 (3601) 10.33 (11.27) 3601 (3601)
5 10—10 4.36 (7.22) 3467 (3601) 11.38 (12.72) 3602 (3604)
6 10—15 5.07 (8.06) 3601 (3602) 13.26 (18.72) 3601 (3602)
7 15—5 1.10 (1.90) 2961 (3601) 9.44 (12.30) 3601 (3601)
8 15—10 3.00 (8.46) 3253 (3602) 10.06 (12.38) 3601 (3602)
9 15—15 5.68 (7.98) 3601 (3602) 9.55 (10.60) 3601 (3601)

Table 7: Comparison of F2 and Fext over average (max) optimality
gap (%) and computational runtime (seconds) for |Ω| = 750.
Case# Case F2 Fext

ζh — ξu Opt-Gap (%) Runtime (s) Opt-Gap (%) Runtime (s)
1 5—5 2.55 (4.92) 3331 (3602) 23.87 (48.76) 3601 (3602)
2 5—10 5.92 (8.39) 3601 (3602) 14.26 (18.35) 3602 (3604)
3 5—15 5.84 (7.25) 3600 (3601) 14.74 (18.25) 3603 (3605)
4 10—5 1.57 (3.17) 3394 (3601) 8.89 (12.15) 3602 (3602)
5 10—10 1.16 (4.14) 2972 (3600) 23.28 (57.33) 3601 (3602)
6 10—15 3.58 (6.27) 3327 (3600) 18.33 (48.49) 3602 (3602)
7 15—5 1.04 (2.51) 2916 (3601) 8.82 (11.31) 3602 (3604)
8 15—10 1.23 (3.00) 3025 (3601) 10.59 (13.63) 3602 (3604)
9 15—15 4.73 (7.38) 3422 (3601) 10.28 (13.02) 3602 (3603)

durations. Finally, we compare the optimal solution of the proposed model with the
solution implemented at our partner institution.

5.2.1 Sensitivity Analysis

We analyze how the number of handoffs, the number of under-staffed time periods,
and the relief times for anesthesiologists vary with respect to handoff and understaffing
costs. For this subsection, we consider ζh = 1, 5, 10, 15, 20 and ξu = 1, 5, 10, 15, 20.
Figure 1a shows how increasing the handoff cost parameter ζh from 1 to 20, while
keeping the under-staffing cost parameter ξu fixed at 10, affects the average number
of handoffs and under-staffed time periods across all scenarios. Likewise, Figure 1b
illustrates the corresponding changes in anesthesiologist relief times and total relief
costs as ζh increases. Figures 2a and 2b present the same variations for a fixed handoff
cost parameter ζh = 10 and increasing under-staffing cost parameter ξu from 1 to 20.

In Figure 1a, both the average number of handoffs and the average number of
under-staffed time periods decrease as the handoff cost increases. This occurs because
anesthesiologists are scheduled for longer shifts and are relieved later in the day. Con-
sequently, the anesthesiologist relief cost rises, as shown in Figure 1b. A similar trend
is observed in Figures 2a and 2b, where increasing the under-staffing cost parameter ξu
from 1 to 20 results in fewer handoffs and under-staffed periods, ultimately leading to
higher relief costs. The key takeaway from these experiments is that decision makers
can adjust the understaffing and handoff cost parameters to modify anesthesiologist
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relief times according to operational priorities. If decision makers aim to reduce the
number of handoffs below a specified threshold, the resulting impact on anesthesiol-
ogist relief times—particularly their tendency to occur later in the day—can also be
analyzed using the proposed model.

(a) (b)

Fig. 1: Trade-offs when increasing values of ζh (Remaining anesthesiologists were
relieved at the end of the first time period)

(a) (b)

Fig. 2: Trade-offs when increasing values of ξu (Remaining anesthesiologists were
relieved at the end of the first time period)

5.2.2 Value of the Stochastic Solution

We evaluate the impact of capturing uncertainty in surgery durations when schedul-
ing anesthesiologists through Value of the Stochastic Solution (VSS). Specifically, we

calculate the VSS = MV−UBSASH

MV × 100, where UBSASH is the best upper bound
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obtained from F2 and MV is the objective function value of F2 at the Mean Value

Solution [42]. Table 8 presents the average (maximum) VSS across three instances
for each combination of ζh and ξu, and |Ω| = 500, 750. As shown in the table, account-
ing for uncertainty in surgery durations yields substantial improvements, with VSS
values ranging from 35% to 67% across all cases. These findings underscore the value
of adopting stochastic optimization approaches in operational settings where variabil-
ity in task durations is significant. Moreover, the consistent magnitude of VSS across
different combinations of handoff and understaffing costs suggests that the benefits of
modeling uncertainty are robust to changes in cost structure.

Table 8: Average (max) %-VSS

Case# Case |Ω| = 500 |Ω| = 750
ζh — ξu

1 5—5 35.19 (35.30) 35.20 (35.46)
2 5—10 53.65 (53.88) 53.58 (53.93)
3 5—15 63.85 (64.07) 63.79 (64.12)
4 10—5 39.21 (39.42) 39.19 (39.47)
5 10—10 55.77 (55.99) 55.74 (56.07)
6 10—15 65.15 (65.35) 65.09 (65.38)
7 15—5 42.88 (43.08) 42.87 (43.13)
8 15—10 57.71 (57.92) 57.70 (57.99)
9 15—15 66.35 (66.53) 66.31 (66.56)

5.2.3 Comparison with Current Practice

In this section, we compare the optimal solution of our proposed model, referred to as
the Opt solution, with the OR assignments and relief times of anesthesiologists observed
in the dataset obtained from our partner institution, referred to as the CP solution.
To conduct this analysis, we focus on the surgical schedule of a specific day from our
dataset, which includes 50 surgeries across 10 open ORs, with 8 available anesthesiol-
ogists. Further details about this schedule, referred to as Schedule C—including the
specialty, planned start time, and the assigned OR of each surgery—are provided in
Table A4 of Appendix A.

We compare the anesthesiologist relief cost (RF), expected handoff cost (HO),
expected under-staffing cost (UC), and overall objective function value (Obj) of the Opt

and CP solutions. We report ηl =
CostCPl −Cost

Opt

l

CostCPl
× 100 for l = RF, HO, UC, Obj, where the

higher ηl value implies better performance of the Opt solution. Tables 9 and 10 present
the average (maximum) ηl values across three instances for |Ω| = 500, 750, respec-
tively. The Opt solution substantially outperforms the CP for all cases. For example,
in Case 5 in Table 9, the Opt solution reduces anesthesiologist relief costs by 9.12%
and lowers the expected handoff and under-staffing costs by more than 98%, leading
to an overall cost reduction of 86.21%.

These results demonstrate that the proposed model can lead to significant opera-
tional improvements in anesthesiologist scheduling. By reducing costly and disruptive
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Table 9: Average (max) %-Improvement over Current Practice (|Ω| =
500)

Case# ζh — ξu ηRF ηHO ηUC ηObj

1 5—5 13.60 (14.93) 98.63 (99.05) 97.65 (98.29) 76.83 (76.90)
2 5—10 9.45 (9.45) 99.37 (99.39) 98.87 (98.95) 84.24 (84.33)
3 5—15 7.46 (7.96) 99.53 (99.57) 99.21 (99.28) 88.02 (88.10)
4 10—5 11.61 (11.94) 99.12 (99.16) 98.28 (98.44) 80.90 (80.97)
5 10—10 9.12 (9.45) 99.44 (99.46) 98.92 (98.95) 86.21 (86.28)
6 10—15 6.80 (7.96) 99.60 (99.61) 99.31 (99.37) 89.17 (89.24)
7 15—5 10.95 (11.44) 99.23 (99.25) 98.47 (98.60) 83.75 (83.81)
8 15—10 8.62 (8.96) 99.48 (99.52) 99.02 (99.13) 87.72 (87.79)
9 15—15 6.80 (7.96) 99.60 (99.61) 99.31 (99.37) 90.12 (90.18)

Table 10: Average (max) %-Improvement over Current Practice (|Ω| =
750)

Case# ζh — ξu ηRF ηHO ηUC ηObj

1 5—5 14.59 (14.93) 98.43 (98.46) 97.40 (97.52) 76.88 (76.95)
2 5—10 9.45 (9.45) 99.41 (99.46) 98.93 (98.98) 84.27 (84.36)
3 5—15 8.13 (8.46) 99.50 (99.52) 99.17 (99.18) 88.04 (88.13)
4 10—5 12.44 (12.94) 98.91 (99.15) 98.14 (98.50) 80.92 (81.00)
5 10—10 9.12 (9.45) 99.45 (99.47) 98.99 (99.01) 86.23 (86.32)
6 10—15 7.46 (7.96) 99.56 (99.58) 99.27 (99.30) 89.19 (89.26)
7 15—5 10.95 (10.95) 99.21 (99.24) 98.58 (98.65) 83.77 (83.84)
8 15—10 9.12 (9.45) 99.45 (99.47) 98.99 (99.01) 87.75 (87.82)
9 15—15 6.30 (6.97) 99.65 (99.68) 99.42 (99.45) 90.14 (90.20)

events such as handoffs and under-staffing, the Opt solution offers a data-driven frame-
work for enhancing workforce efficiency and patient safety in intraoperative settings.
The reported improvements are based on scenarios generated using specialty-specific
log-normal distributions of surgery durations fitted to observed data from our partner
institution. Although the exact magnitude of reductions in the number of handoffs and
understaffed periods depend on the variability and realization of surgery durations
in different settings, the underlying modeling framework is broadly generalizable. It
can be readily adapted to reflect surgery duration distributions, staffing policies, and
constraints at other institutions.

6 Conclusion and Discussion

We have investigated key factors affecting the quality of intraoperative anesthesia
handoffs through an online survey administered at our partner institution. The sur-
vey results revealed opportunities to improve the quality of information exchange
during handoffs. As clinicians reported positive experience with teamwork, including
communication, and were negative regarding staffing and work pace, we believe that
improving staffing practices is an important approach to ensure safe, high quality
handoffs. Guided by these insights, we formulate a two-stage stochastic programming
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model to determine optimal schedules for anesthesiologists that balance staffing costs
with the number of handoffs and under-staffed periods under uncertainty in surgery
durations. Given the daily surgery schedules in ORs, the proposed model determines
the anesthesiologists’ relief times and assignments to ORs.

We derive a monolithic reformulation of the proposed stochastic program, which
outperforms the extensive form by achieving smaller optimality gaps and faster solu-
tion times. Our computational experiments are based on data from an academic
medical center located in the Eastern United States. By comparing the outcomes of our
model with the institution’s current anesthesiologist scheduling practices, we find that
the proposed framework can lead to substantial reductions in the number of handoffs
and under-staffed periods. To assess the impact of uncertainty in surgery durations, we
compute the Value of the Stochastic Solution, which shows that incorporating uncer-
tainty in surgery duration results in more cost-efficient and reliable anesthesiologist
scheduling decisions than those based on deterministic models. Moreover, we conduct
sensitivity analyses to explore the tradeoffs between anesthesiologist staffing levels,
the number of handoffs, and under-staffed periods.

The proposed scheduling model offers valuable insights for anesthesiology depart-
ments across multiple levels of decision-making. At the operational level, it can assist
in day-to-day scheduling decisions, such as assigning anesthesiologists to ORs and deter-
mining relief times. At the strategic level, the model can be applied to historical or
projected surgery volumes [43] to inform long-term planning. This includes assessing
future staffing requirements, analyzing trends in anesthesiologist workload, and estab-
lishing baseline staffing benchmarks. For instance, using the model with projected
surgery volumes for the upcoming year can help estimate the number of anesthesiol-
ogists needed to meet expected demand, identify ways to increase surgical capacity
without expanding staff, and reduce instances of handoffs by ensuring adequate cover-
age. Ultimately, the model supports data-driven workforce planning and policy design,
aiding in aligning anesthesiology staffing with institutional priorities over time.

In our computational experiments, we implement the proposed framework using
specialty-specific log-normal distributions for surgery durations. However, additional
features such as surgeon experience, case complexity, procedure type, and time of
the day can be incorporated to improve surgery duration estimation [44]. Likewise,
parameters related to handoff and under-staffing costs can be refined through empirical
analysis of historical data. This enables the model to be tailored using institution-
specific financial and operational inputs, enhancing both its precision and adaptability
across diverse healthcare environments. For instance, handoff costs can be estimated
by considering the expenses associated with systems implemented to maintain high-
quality handoffs and the hospital’s costs related to any adverse patient outcomes
resulting from improper handoffs. Similarly, the cost of under-staffed time periods can
be approximated by factoring in the cost of calling in on-call anesthesiologists and the
additional expense of extending the relief times for on-duty anesthesiologists.

Future research will focus on tackling the integration of add-on surgeries into
anesthesiologist scheduling. These surgeries, which are urgent and unplanned, are
often added with little notice and can lead to significant delays in anesthesiologist
relief times, increased handoffs, and more frequent periods of understaffing. Another
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promising extension of the proposed model involves integrating the scheduling of anes-
thesiologists and nurse anesthetists. Given their interdependence through the surgical
schedule, a more advanced model could explicitly account for the coordination and
synchronization needed between their schedules and OR assignments.
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Appendix A Surgery Data

Table A1: Size of Schedules A and B

Schedule A Schedule B

Number of surgeries 80 70
Number of ORs 18 18
Number of anesthesiologists 14 14

Table A2: Surgery Schedule - Schedule A

Specialty (OR, starting time period)

Type Number of Surgeries

Dentistry 5 (8, 1), (8, 14), (17, 1), (17, 10), (17, 20)
Gynecology 7 (2, 1), (2, 12), (2, 17), (6, 1), (6, 17), (6, 24), (6, 31)

Ophthalmology 18 (7, 10), (7, 17), (13, 1), (13, 5), (13, 11), (13, 17),
(13, 22), (13, 27), (13, 31), (16, 1), (16, 3), (16, 6),
(16, 8), (16, 11), (16, 13), (16, 19), (16, 26), (16, 30)

Orthopedics 11 (5, 1), (5, 8), (5, 14), (5, 21), (11, 21), (14, 1),
(14, 8), (14, 19), (14, 27), (15, 1), (15, 12)

Otolaryngology 8 (1, 1), (1, 9), (1, 16), (3, 16), (3, 21), (12, 1), (12, 9), (12, 23)
Pediatric Ophthalmology 2 (7, 1), (7, 4)

Plastics 7 (4, 1), (4, 5), (4, 12), (4, 17), (4, 21), (4, 25), (4, 38)
Pediatric ENT 9 (3, 1), (3, 4), (3, 7), (3, 12), (10, 1), (10, 5),

(10, 13), (10, 22), (10, 29)
Surgical Oncology 3 (11, 5), (11, 9), (11, 15)

Urology 10 (7, 26), (9, 1), (9, 8), (9, 15), (9, 19), (9, 23),
(9, 33), (18, 1), (18, 5), (18, 9)
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Table A3: Surgery Schedule - Schedule B

Specialty (OR, starting time period)

Type Number of Surgeries

Dentistry 4 (8, 1), (8, 10), (17, 1), (17, 20)
Gynecology 9 (6, 1), (6, 7), (14, 1), (14, 10), (14, 19), (14, 29),

(15, 1), (15, 14), (15, 19)
Ophthalmology 6 (7, 1), (7, 8), (16, 1), (16, 10), (16, 17), (16, 22)
Orthopedics 9 (2, 1), (2, 4), (2, 12), (2, 17), (5, 1), (5, 8),

(5, 16), (5, 22), (15, 29)
Otolaryngology 7 (1, 1), (1, 5), (1, 11), (1, 29), (10, 7), (10, 12), (12, 17)

Pediatric Ophthalmology 15 (4, 1), (4, 4), (4, 11), (4, 18), (4, 23), (4, 26),
(4, 31), (4, 34), (13, 1), (13, 4), (13, 14), (13, 19),

(13, 24), (13, 29), (13, 34)
Plastics 4 (11, 1), (11, 5), (11, 9), (11, 16)
Podiatry 1 (5, 28)

Pediatric ENT 6 (3, 1), (3, 6), (3, 9), (10, 1), (12, 1), (12, 6)
Urology 9 (9, 1), (9, 6), (9, 12), (9, 18), (9, 25), (18, 1),

(18, 7), (18, 19), (18, 26)

Table A4: Surgery Schedule - Schedule C

Specialty (OR, starting time period)

Type Number of Surgeries

Dentistry 3 (9,1), (9,10), (9,20)
Gynecology 9 (5,1), (6,1), (5,4), (6,7), (6,11), (5,18), (6,21), (5,22), (5,28)

Ophthalmology 5 (7,1), (7,12), (7,20), (7,25), (7,31)
Otolaryngology 5 (1,1), (1,6), (1,11), (3,16), (1,21)

Pediatric Ophthalmology 7 (8,1), (8,4), (8,7), (8,13), (8,16), (8,19), (8,24)
Plastics 6 (3,1), (4,1), (3,3), (4,5), (4,10), (4,18)

Pediatric ENT 3 (3,13), (3,21), (3,26)
Urology 12 (2,1), (2,6), (10,7), (2,11), (10,13), (10,19), (2,20), (10,25),

(2,25), (2,30), (10,30), (10,38)
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