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Abstract. In this paper, we consider the problem of assigning medical residents to shifts
within a pediatric emergency department. This problem is challenging to solve for a number
of reasons. First, as with many other healthcare personnel scheduling problems, it has a
nonhomogeneous workforce comprising residents of different characteristics, require-
ments, and capabilities. Second, residency scheduling problems not only must ensure
adequate resources for patient care but also must meet educational training needs, adding
further complexity and constraints. Finally, rather than being evaluated under a single cost
metric, resident scheduling problems have multiple objective criteria, which are often in
conflict with each other. Some of these challenges can be overcome through the use of
operations research techniques; others depend on the process by which we apply these
techniques and, in particular, the way that the operations researchers collaborate with the
clinicians. We present our experience at the University of Michigan C.S. Mott Children’s
Hospital in building monthly schedules, focusing on both our integer programming
formulation and the iterative, interactive approach in which we use this integer program

as a tool within the broader process of schedule development.

History: This paper was refereed.
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Introduction

In this paper, we consider the problem of assigning
medical residents to shifts within a pediatric emergency
department (ED). We present our collaborative work
with the University of Michigan C.S. Mott Children’s
Hospital (Mott) in building its monthly schedules,
focusing on both our integer programming (IP) formu-
lation and the iterative, interactive approach in which
we use this integer program as a tool within the broader
process of schedule development.

Healthcare personnel scheduling problems are of-
ten challenging to solve for many reasons, including
heterogeneity of the workforce, personal preferences,
fatigue issues, and concerns over continuity of care
(Topaloglu 2006, 2009; Schwenk et al. 2010; Goldman
et al. 2015). When scheduling residents, we are faced
with all of these challenges and more, including sig-
nificant diversity in the residents’ skill sets and levels
of training as well as the need not only to provide ad-
equate patient care, but also to ensure that the residents
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meet their educational requirements. In addition, res-
idents are bound by the regulatory requirements of the
Accreditation Council for Graduate Medical Education,
which governs rest rules and many other aspects of
residents’ training.

Complex residency scheduling problems are fre-
quently solved by chief residents, either manually or
with the limited help of some basic spreadsheet tools
(as was the case at Mott prior to our collaboration).
This is not only a tedious and time-consuming pro-
cess, but it is often difficult to find even a feasible
schedule, fully satisfying all rules and requirements,
let alone one that is of high quality with respect to
patient care, educational requirements, and personal
preferences.

A natural approach to solving complex combinatorial
problems is through integer programming. This is often
a successful way to find feasible solutions to residency
shift scheduling problems, such as the one that we
faced at Mott, as is demonstrated by an interactive
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tool that we have developed and posted at https://
cheps.engin.umich.edu/tools/shift-scheduling-game.

On the other hand, not all feasible solutions to this
problem are equally acceptable. What does it mean to
find an optimal solution? Unlike many industrial
scheduling applications, the goal of a residency schedul-
ing problem is not to minimize cost. Rather, there are
many different criteria associated with quality of pa-
tient care, resident educational needs, and personal
preferences under which a schedule is evaluated. Fur-
thermore, these criteria may be nonlinear or qualitative
and may vary from month to month.

The goal of the chief residents is not to find an
“optimal” schedule solution. It quickly became clear
to us in the early stages of our collaboration that such
a thing does not exist; given two high-quality schedules,
the chief residents often could not definitely tell us which
one was better with each having characteristics that
they liked and possibly a few flaws that they were
willing to accept. The ultimate choice between the
two was often quite arbitrary. Rather than an optimal
solution, their desire is to find a feasible solution that
can be found quickly, satisfies a substantial portion
of the resident preferences, and is perceived by the
residents as reasonably equitable.

Coming to accept this fact—that finding an optimal
solution, as we had been trained as operations re-
searchers to do, was not actually the right goal for
the end user of our research—substantially changed
the way we proceeded with solving the problem and
ultimately led to a successful outcome: our collabo-
rative approach has now been used for several years
to build monthly schedules that are implemented
operationally at Mott. The goal of this paper is to share
our experience in incorporating integer-programming
techniques within a collaborative, interactive approach
to find solutions that are valid and useful to the end user.

Problem Statement
Residency is the phase of graduate medical education
after completing medical school while continuing train-
ing to become a fully independent practicing physician.
Residents are trained in progressively more specialized
areas under the supervision of more experienced attend-
ing physicians, becoming increasingly more indepen-
dent as they advance in seniority. In the United States,
medical students enter residency through the National
Resident Matching Program (NRMP). The “match”
happens annually in the spring with medical students
matched to residency programs across the country.
In the United States, more than 30,000 residency posi-
tions are filled by NRMP annually. Pediatric residents
make up almost 10% of this population.

Residency programs range in duration from three
to seven years, depending on the specialty chosen.
For example, pediatric residency and internal medicine

residency both take three years. General or orthopedic
surgery can take five years to complete. After com-
pletion of a residency program, one to three years of
additional fellowship in a subspecialty may be chosen
by some physicians for further training. For example,
in pediatrics, a pediatrician may train to become a neo-
natologist. In internal medicine, a physician may sub-
specialize in cardiology.

Because they provide patient care while being trained,
residents are both providers and learners, and thus,
residency scheduling problems must satisfy both pa-
tient care needs and educational requirements. In
addition, the quality of a schedule can have significant
personal impact on residents. Poor-quality schedules
can lead to fatigue, lack of sleep, professional burnout,
and even depression. In addition, fatigue can lead to
medical errors and negatively impact patient care
(Shanafelt et al. 2002, Shanafelt and Habermann 2002,
Lockley et al. 2007, Rogers 2008, Schwenk et al. 2010,
Sen et al. 2010, Goldman et al. 2015).

Residency scheduling problems are largely divided
into three types: Block schedules separate an academic
year into blocks of time, typically on the order of two
weeks, four weeks, or a calendar month, in which
residents are assigned to specific services (for exam-
ple, the ICU, an outpatient clinic, or the emergency de-
partment). The purpose of a block schedule is to rotate
residents through many different clinical experiences
in diverse fields (Franz and Miller 1993). Call schedules
define periods of time over which residents are respon-
sible for being “on call” outside of normal working
hours (i.e., evenings, weekends) to meet patient needs.
This on-call duty is both critical for patient care and re-
quired for residents as additional training (Ozkarahan
1994, Cohn et al. 2009). Shift schedules assign residents
to specific tasks at specific times within a given block
as defined by the residents” block rotation (Beaulieu
et al. 2000, Carter and Lapierre 2001, Sherali et al.
2002, Guler 2013). In this paper, we focus on a version
of the shift scheduling problem for a pediatric emer-
gency department.

The Pediatric Emergency Department

Scheduling (PEDS) Problem

The University of Michigan Pediatric Emergency De-
partment provides services 24 hours a day, seven days
a week to care for children with medical problems
that cannot wait or are too severe to be seen by their
primary care providers. The ED offers unscheduled care
ranging from common minor pediatric problems to
major medical and traumatic emergencies. The Uni-
versity of Michigan Pediatric Emergency Department
sees approximately 20,000 children per year. It is
designated as a Level I Pediatric Trauma Center, the
highest designation, which means itis certified by the
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American College of Surgeons Committee on Trauma
to provide care to the most severely ill or injured
children. In addition to attending physicians and other
clinical personnel, the ED is staffed by medical resi-
dents of varying levels of seniority and from a variety
of training programs (e.g., pediatrics, internal medicine,
psychiatry) with roughly 22 interns (i.e., first-year
residents) joining the program each year while more
senior residents remain for additional years of training.

There are seven overlapping nine-hour shifts that
are scheduled every day to staff the Pediatric Emer-
gency Department: shift 1 (7 a.m. to 4 p.m.), shift 2
(9 am. to 6 p.m.), shift 3 (12 p.m. to 9 p.m.), shift 4
(4 p.m. to 1 a.m.), shift 5 (5 p.m. to 2 a.m.), shift 6
(8 p.m.to5a.m.),and shift7 (11 p.m. to 8 a.m.). Shifts 1
and 2 are considered to be morning shifts, shifts 4 and
5 are day shifts, shifts 6 and 7 are overnight shifts, and
shift 3 is considered to be a “flex” shift. The flex shift
should ideally be staffed by a resident to provide ad-
ditional support to the attending physicians during the
peak hours of the day, but staffing is not required. All
other shifts must be staffed by exactly one resident.

Residents are typically assigned to work in the ED
for either half- or full-month rotations. The senior
residents start and end on the first and last days of the
calendar month, and the interns transition from one
rotation to another on the 27th of the preceding month
to ensure a smooth transition. From a scheduling
standpoint, the implication of this is that certain shifts
at the end of the month (known as “optional shifts”)
can be left unfilled to be staffed with incoming interns
at the scheduling of the following month.

Note, however, that not all shifts can be staffed by
interns. Specifically, senior residents must staff the
ED for the shifts that have the fewest overlaps
(i.e., shifts 1 and 7). In addition, there are a number of
residents who are rotating through the ED from other
residency programs besides pediatrics. Ina given month,
there are four to six residents from family medicine or
emergency medicine who rotate through the pediatric
emergency department for additional training. These
residents also have limitations on when they can work,
typically as a function of other regularly scheduled
training activities.

Finally, in addition to their monthly rotations on
different services (including the emergency depart-
ment), residents also maintain a panel of patients for
whom they care throughout the year in the form of
continuity clinics. Ideally, residents” ED shifts should
not conflict with attending their weekly clinics.

Feasibility Requirements

The primary PEDS rules can be summarized as follows:
e Coverage: All shifts must be staffed by exactly

one resident except the flex shifts (which can be left

unstaffed if necessary) and the optional shifts at the
end of the month (which can wait to be staffed by
interns coming in on the following month).

e Invalid assignments: Reasons why a specific
resident cannot be assigned to a specific shift include
seniority (i.e., interns cannot staff certain shifts), pro-
gram conflicts (e.g., certain training programs have
educational commitments on certain days of the week),
and continuity clinics. In addition, we treat certain
requests for time off as hard constraints. Personal re-
quests are typically only for critical issues (interviews,
certification boards, weddings and other major fam-
ily events), and as such, the chiefs put the highest
priority on satisfying these requests. There is typi-
cally enough flexibility in the assignment of shifts
that such requests can be granted.

¢ Preassignment: In some cases, there are speciﬁc
shifts that must be assigned to specific residents. For
example, these might be to ensure the completion of
educational responsibilities for residents who have
been on leave and only have a few remaining shifts
to cover.

e Pediatric coverage: For certain pairs of over-
lapping shifts, it is necessary to ensure that at least one
of the two shifts is staffed by a resident from the pe-
diatrics program.

¢ Duty-hours restrictions: Regulatory guidelines
require that, after completion of a shift, residents must
have at least 10 hours off duty before beginning a
subsequent shift.

¢ Limits on consecutive days on shift: There are
limits on the number of consecutive days in a row that
residents can be assigned to shifts and tighter limits on
the number of consecutive days in a row that residents
can be assigned to overnight shifts.

This is just a representative sample of the require-
ments that must be enforced to ensure a valid schedule;
additionally, each month brings unique “one-off” re-
quirements that must be satisfied. The mathematical
model in the appendix defines the feasible set of res-
ident shift schedules relative to the rules outlined here.

Literature Review

Scheduling, the “allocation of resources to tasks over
given time periods,” is a decision-making process that
occurs throughout almost all manufacturing and ser-
vices industries (Pinedo 2016, p. 1). Examples include
manufacturing processes (Graves 1981); transportation
systems, such as airlines (Vance et al. 1997), railways
(Ernst et al. 2001), and public transportation (Raff
1983); staff scheduling in call centers (Gans et al.
2003); emergency services, such as police (Taylor and
Huxley 1989), ambulance (Li and Kozan 2009), and
fire departments (Fry et al. 2006); and even toll booths
(Edie 1954).
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Scheduling problems are solved by using a variety
of solution approaches, from heuristic algorithms to
exact methods, based on problem-specific characteris-
tics (e.g., cyclic versus noncyclic, deterministic versus
stochastic, single machine versus parallel machine,
and so on). The review papers (Brucker et al. 2011,
Van Den Bergh et al. 2013, Pinedo 2016) address many
of these methods and characteristics.

In the last few decades, personnel scheduling or
human resource allocation problems have been studied
widely because labor cost is a major direct cost in
many environments (Ernst et al. 2004a, b; Van Den
Bergh et al. 2013). These problems provide many
unique challenges given the need to satisfy personal
preferences and variability across workers’ skill sets.

Within healthcare, the personnel scheduling liter-
ature can be primarily divided into three categories.
The first, and most abundant, is in nurse scheduling
(Cheang et al. 2003, Burke et al. 2004). In the second
category, physician scheduling (Erhard et al. 2017),
most of the literature focuses either on shift sched-
uling, primarily for emergency department physi-
cians (Beaulieu et al. 2000, Carter and Lapierre 2001,
Gendreau et al. 2006, Topaloglu 2006), or on sched-
uling operating room time for surgeons (Cardoen
et al. 2010). Finally, the third category—residency
scheduling—focuses specifically on the balance be-
tween patient care and training (Ozkarahan 1994,
Turner et al. 2013, Guo et al. 2014). Our research falls
into this third category. In particular, we focus on the
challenges associated with finding and implementing
solutions in a real-world environment with multiple
and sometimes qualitative objective criteria.

Within this literature, Bard et al. (2016b) proposed
several integer programming-based heuristics for
constructing annual block schedules for family medi-
cine residents with continuity clinic considerations.
Bard et al. (2016a, 2017) focused on block schedules
for internal medicine residents. Proano and Agarwal
(2018) suggested a multistage, multiobjective opti-
mization approach for weekly resident rotation sched-
ules. Cohn et al. (2009) combined heuristic and mixed-
integer programming approaches to generate one-year
call schedules across three hospitals staffed by the
psychiatry residency program at the Boston University
School of Medicine. Within shift scheduling, Bard et al.
(2013) proposed a three-phase solution approach for
creating monthly schedules that assign residents to
outpatient clinics in which preemptive goal program-
ming minimizes violations of a prioritized set of goals.
Guo et al. (2014) presented a generic version of the
resident scheduling problem that produces a one-year
schedule and showed a proof of its NP-completeness.

Much of the residency scheduling literature has had
to address the issue of multiple objective criteria. One
approach to addressing this problem is to put weights

on each of the metrics to establish a single objective
function (Caramia and Dell’Olmo 2008). To identify
the weights, other papers (Ozkarahan 1994; Topaloglu
2006, 2009; Proano and Agarwal 2018) have utilized
the analytic hierarchy process (AHP) (Saaty 1988), in
which users are surveyed to provide relative pref-
erences between pairs of metrics. In the AHP, the
decision maker first decomposes the criteria into a
hierarchical decision model and selects elements at
each level of the hierarchy. Once the decision hier-
archy is constructed, the decision maker system-
atically evaluates various elements at each level by
making pairwise comparisons of the elements. This
approach assumes a prior knowledge about the hi-
erarchy of the criteria and linearity between priorities
among the elements of the hierarchy. We note that, in
our collaboration, these methods were not successful in
addressing the problem in part because the chief resi-
dents” preferences varied from month to month. The
time required to make sufficient pairwise compari-
sons (which would only be relevant for the current
schedule) would be greater than the time needed for
the process that we employ instead.

Solution Approach

Many of us were taught in the classroom a simplified
version of how to solve problems such as PEDS using
the following set of steps:

1. A problem is defined by the end user.

2. A model is formulated by the operations re-
search (OR) practitioner.

3. An instance of the model is implemented and
solved using commercial software/solvers.

4. The results are reported by the OR practitioner
and implemented by the end user.

In practice, it is often substantially more challeng-
ing. The OR literature has an abundance of research
addressing step 2, in which there are challenges in
formulating the model, and step 3, in which special-
ized algorithms or heuristics must be developed. Far
less common is discussion of challenges within the
process as a whole.

In our experience with both PEDS and other work
that we have done in applying optimization tech-
niques to solve real-world residency scheduling prob-
lems, we have found that the formulation of the model
and solving of an instance are often not particularly
problematic. On the other hand, the following challenges
are of significant consequence.

Challenge 1: Heterogeneous Resident
Pool and Large Number of Complex Rules
In some residency scheduling problems, the resident
pool is homogeneous in terms of skill sets and require-
ments, and the coverage needs are straightforward as
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well. For example, in a surgical residency program,
there may be a simple “Q4” call schedule, in which
four residents rotate daily with each resident doing
call every fourth day, possibly with a few minor mod-
ifications to the schedule that can be accommodated
with simple swaps. Such a resident schedule may be
built manually or using simple heuristics and some
basic spreadsheet support.

Other problems, however, are more complex with
a heterogeneous pool of residents (ranging in level of
experience and seniority, coming from multiple dif-
ferent training programs and even institutions with
varying educational requirements to be filled) and
complex rules defining appropriate coverage, rest
rules, educational requirements, and more. Such is
the case with the PEDS problem that we faced.

In these cases, it is very difficult for the chief res-
idents to even build feasible schedules by hand,
let alone schedules that satisfy individual personal
requests, ensure equity across residents, and focus on
opportunities to improve patient outcomes through
continuity of care and related characteristics. The
problems are simply too complex combinatorially
to solve without the help of more sophisticated tech-
niques, such as mathematical programming.

Challenge 2: Lack of a Well-Defined

Objective Function

Although mathematical programming techniques can
often help us to quickly and accurately find feasible
solutions to residency scheduling problems, a chal-
lenge remains in identifying what objective function
to optimize. Unlike many industrial applications but
similar to many residency scheduling problems, the
goal of PEDS is not to maximize profit or minimize
cost; there is no cost function involved. On the other
hand, there are often many criteria that impact the
quality of a schedule. In the case of the PEDS problem,
these include the following:

¢ Total shift equity: Because not all residents are
on service for the same amount of time (e.g., some
have a full-month and some have a half-month as-
signment), not all residents should perform equal
numbers of shifts. The chiefs do, however, pay careful
attention to how many shifts each resident is work-
ing, seeking to be equitable.

e Night shift equity: Similarly, the chiefs pay careful
attention to how many night shifts are assigned to each
resident to ensure fairness.

* Bad sleep patterns: A bad sleep pattern is a se-
quence of shifts that are legal from a duty-hours per-
spective but undesirable relative to circadian rhythm.
For example, if a resident works a morning shift on
Monday, an overnight shift on Tuesday, and then
another morning shift on Thursday, it is difficult for

that resident to match the resident’s sleep and work
schedules. For more details, see table 2 in Perelstein
et al. (2016). Whenever possible, the chiefs prefer to
avoid assigning bad sleep patterns.

¢ Postcontinuity clinic shifts: Although it is legal to
work an ED shift immediately after a continuity clinic,
the chiefs again prefer to avoid such assignments be-
cause it requires the resident to either leave the clinic
early or arrive at the ED late in addition to creating a
work day of nearly 14 hours.

¢ Intern-undesirable shifts: Although certain shifts
are fully prohibited from interns being assigned to them,
there are also shifts that are allowed but undesirable.

e Covered optional shifts: As noted earlier, interns
begin their ED rotations on the 27th of the preceding
month. Thus, when building a monthly schedule, it is
permissible to leave shifts from the 27th through the
end of the month unfilled to be filled when building
next month’s schedule. This can be difficult, however,
if the following month is tightly constrained. Thus,
the chiefs may not want to leave too many optional
shifts uncovered if they anticipate difficulties in build-
ing the following month’s schedule.

¢ Uncovered flex shifts: Similarly, it is not required
that all flex shifts be covered, but these correspond to
busy times during the daily cycle of the ED’s patient
volume, and therefore, when possible, it is desirable
to staff them.

Not only are there multiple objective criteria of
importance to the chiefs, but these objective functions
are often nonlinear (e.g., the difference between one
bad sleep pattern and two bad sleep patterns is not
the same as the difference between four and five).
Furthermore, the relative importance of these metrics
may vary from month to month; for example, at the
beginning of the academic year, greater focus may be
placed on having more senior residents staffing the
most critical shifts, and during a later month, greater
emphasis may be made on accommodating residents’
interviews for fellowship positions.

Challenge 3: Frequently Changing and
Nuanced Problem Requirements

Finally, there are often frequently changing and nu-
anced one-off rules and preferences that crop up each
month. For example, a resident in the late stages of
pregnancy might require a variation in rest rules or a
set of shifts that are less physically taxing. Another
example occurred when a new electronic health re-
cord (EHR) was being implemented, during which
period the staffing levels increased substantially to
account for both resident training and the anticipated
disruptions to patient care as all providers became
familiar with the new system. Each of these one-offs
can be critical to ensuring that the resulting schedule
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is viable in practice, and there are similar month-to-
month changes in terms of new criteria being used to
evaluate schedule quality.

How, then, do we effectively and efficiently use
mathematical programming techniques to solve a
problem in which the rules change every month and
the objective function is not defined? We do so by
leveraging some key opportunities:

First, the size and nature of PEDS is such that it is
fairly straightforward to formulate most of the fea-
sibility requirements within an integer programming
model, and real-world instances of this model can be
solved quickly using a standard implementation of a
commercial solver, such as CPLEX. A typical feasi-
bility instance for PEDS solves in well under a minute.

Second, we have developed a C++-based frame-
work for implementing instances of PEDS, which
we designed specifically to allow great flexibility in
changing the underlying rules of the model with
generalized data structures and associated Excel-
based tools to facilitate the creation of supporting
data files. For example, when the EHR was launched
and the number of daily shifts, the timing of these daily
shifts, the number and type of residents required for
each shift, and the rest rules associated with these
shifts all changed, we did not need to change the
model or write any new code.

Third, we have the good fortune to work within a
team that has both chief residents who are engaged,
enthusiastic, and committed to building schedules
and a team of students with strong technical as well
as communication skills. Thus, we have been able to
develop a truly collaborative relationship in which we
first worked together to define the problem, then built
the underlying software tool, and then learned to-
gether the most effective way to jointly build the
monthly schedule. The overall time spent working
together as a team is far less than if the chief residents
built the schedule by hand, as in the past, or even if we
divided the process with clear boundaries between
the chiefs’ role and the students’ role. Even more
importantly, by working together on a regular basis,
the sharing of knowledge across disciplines greatly
facilitates future changes and addressing future ob-
stacles. For example, as the chiefs begin to understand
the basic ideas behind IP modeling, they too start to
understand patterns and structures, and when a new
change needs to be implemented, they can not only
communicate that need effectively, but can often draw
parallels to existing rules that, although very different
in clinical function, are very similar in mathematical
structure.

Fourth, and perhaps both most critical to our
success and most distinct from how many of us
learned to solve OR problems, the chief residents do not
want an optimal solution! It’s not that they are willing to

settle for something that is suboptimal; they don’t
know what optimal is. Arguably, there is no one op-
timal solution or set of solutions. We draw the analogy
tobuying a house. Some houses are clearly “infeasible”
in failing to satisfy your basic requirements (one is
too expensive, another only has one bathroom). Given
two “feasible” houses, one may clearly dominate the
other (less expensive, nicer kitchen, better school
district). But, often, we are faced with a set of houses
that are all feasible and all have lots of good char-
acteristics and for which there is no clean way to
compare them against each other and formally rank
them. At the end of the day, we just pick one.

The same is true for PEDS; the notion of an optimal
solution is meaningless, and trying to define an ob-
jective function to achieve optimality does not meet
the needs of the chiefs. Rather, they need a mechanism
for finding a feasible solution that is of high quality
(is perceived as equitable by the residents and makes
a reasonable trade-off between competing metrics,
with which “reasonable” is largely in the eyes of the
chiefs) and can be found quickly.

As such, it does not make sense to solve PEDS hi-
erarchically; no one metric fully dominates. Nor does
it make sense to use a weighted objective function.
We have found in many tests that, when users apply
weights, the resulting solution is rarely the solution
that they actually prefer even when such a preference
function is well defined, which is not the case for
PEDS. Furthermore, because the priorities changes
from month to month (e.g., one month prioritizing
adjustments to a new EHR, another month priori-
tizing fellowship interviews) and shift each year as
the new chief residents bring their own values and
opinions, using machine learning or other techniques
to infer weights is not an option because they are
constantly changing.

Instead, we define metric constraints (shown in
the appendix) for each metric respectively. With
the feasibility formulation, which defines hard con-
straints that are not allowed to be violated, we solve
for the feasibility problem plus the metric constraints
with arbitrary lower and upper bounds. Then, based
on the judgment of the chief resident for metrics, we
adjust the boundary of the resulting feasible region
and use it for the next new multiobjective optimi-
zation problem that optimizes the metrics of evalu-
ation. We illustrate this process in Figure 1.

What we have found to be highly successful, en-
abling us to build monthly PEDS schedules for almost
a decade, is a blending of very precise and technical
integer programming techniques with very impre-
cise and nontechnical collaboration. Specifically, the
process works as follows:

e Each month, the chief residents provide the engi-
neering students on the team with a set of Excel-based
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Figure 1. (Color online) The Iterative, Interactive Approach in PEDS
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metric constraints

input files, containing the upcoming month’s set of res-
idents, their characteristics (e.g., their programs and
levels), and their requests as well as more informal
information about any expected changes or challenges
for the month (for example, “We know that a lot of the
seniors will be gone on Fridays this month, so we may
have to allow interns to cover a few of the shifts that
typically only allow seniors to cover”).

* The student team then builds a preliminary
schedule. The students begin by first ensuring pure
feasibility; in many cases, this initially cannot be
done, and email exchanges with the chiefs allow for
joint decision making about when “hard” rules need
to be violated given the month’s unique challenges.

¢ Given the rules needed to enable a feasible sched-
ule, the students then make a second pass at optimiz-
ing the schedule. By setting upper and lower bounds
on each of the defined metrics, they solve multiple fea-
sibility problems, seeking a high-quality schedule based
on their knowledge of the chiefs” preferences.

¢ We then all meet as a team (typically for an hour
or two) with the chiefs reviewing the proposed draft
schedule. They are able to identify nuanced oppor-
tunities for improvement (e.g., pointing out when
a resident has some special needs and a change to
the schedule might address those needs). Because
the integer programming feasibility problem can be
solved so quickly, it is not uncommon to generate a
dozen or more draft versions of the schedule, adding
and subtracting bounds or imposing new rules, until
the chiefs declare the schedule satisfactory.

This interactive process has the added benefits of
(1) helping the students to learn about the different
factors the chiefs consider and, therefore, giving them

Total
Shifts
+.5

Optional
Night
Shifts

knowledge that will improve their building of higher-
quality first drafts for future months; (2) identifying
major changes that need more complex solutions and
providing the chance to work through these together
as a team (this is where most enhancements to the
software have arisen as well as other collaborative
projects); and (3) providing the engineering students
with opportunities for developing softer skills (e.g., in
communications and professionalism).

Finally, we make a brief observation about the
sustainability of this approach. In our case, we have
been able to do so because we have an abundance of
undergraduate students eager to gain hands-on ex-
perience in applications of OR, particularly within
healthcare. These students can work at low cost to
the residency program with fairly limited supervision
from engineering faculty and staff, and thus, it is a
win-win situation (especially because this also pro-
vides a relationship on which additional research
projects can be built). This is not the case for every
residency program (although most such programs do
naturally have affiliations with universities that may
have industrial engineering or operations research
programs). We also recognize that this approach is
complex enough that a pure “shrink-wrapped,” off-
the-shelf software package would be limited in its
effectiveness. Our involvement in both this project and
several other similar projects stemmed from the fact
that the residency programs were finding the available
commercial solver to be unable to handle their unique
nuances and one-off constraints. On the other hand,
this does not mean that a commercialization of our
approach would be unsuccessful; we suggest that the
key would be in offering a monthly service rather than
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a stand-alone independent software tool as is seen with
many other healthcare scheduling tools.

Computational Experiences and Results
We have been collaborating with the University of
Michigan Pediatrics chief residents for nearly 10 years
in building their monthly ED shift schedules, using
the process described and working together to not
only build schedules, but to continuously improve
our models, tools, and processes.

From a timing standpoint, there has been marked
improvement. An individual instance of the integer pro-
gramming feasibility problem rarely takes more than
a few seconds and never more than a minute or two.
In terms of the process as a whole, it typically takes
the chiefs a few hours each month to collect all of the
necessary data; the primary time is in gathering the
individual residents” personal requests and conti-
nuity clinic information. It then takes the OR students
afew hours to build a draft schedule. Finally, the team
usually spends one to two hours together each month
to fine-tune and finalize the schedule. This time often
includes discussion of special circumstances (e.g., pre-
paring for the holiday season schedule, which has unique
requirements) and other opportunities for collabora-
tion, such as working together to build the annual
block schedule.

In contrast, prior to this collaboration, the chiefs
would typically spend between 20 and 30 hours per
month building the schedule by hand. In addition, they
would invest substantial time at the end of each year in
training the new incoming chiefs to generate schedules.

Not only is substantial time saved through our
collaborative process, but in addition, the quality of
the schedule itself is substantially improved. This is

in part because the chiefs can spend more time fo-
cusing on special situations and troubleshooting
and in part because more complex metrics (e.g., bad
sleep patterns) can be taken into consideration that
were not possible to incorporate when scheduling
by hand. Table 1 highlights the changes to two key
metrics from the year before we began our collabo-
ration to the years after the collaboration was fully
established (we exclude the year that the process was
only partially in place). Although, in some cases, metrics
may worsen (this can be a function of the specific in-
stance or of preferences placed on other metrics by the
chiefs), in almost all cases there was improvement. In
particular, many months under the new approach saw
a complete elimination of bad sleep patterns.

Conclusion
The scheduling of medical residents, whether for shifts,
call, or block schedules, presents a valuable oppor-
tunity for OR practitioners to help improve the training
of residents and the quality of care that they provide
to their patients. In some cases, these schedules may
be amenable to straightforward heuristics that leverage
repeating patterns and a limited set of rules. In other
cases, as in our experience, integer programming tech-
niques, in combination with collaborative discussion
with the chief residents, can greatly facilitate the process.
An additional side benefit of our experience has been
the opportunity to train undergraduate engineering
students in the softer skills of interprofessional com-
munication, project and time management, and meeting
deadlines. The students have also benefited from the
opportunity to meet regularly with the chiefs and, in
the process, learn more about the contextual nuances of
the problem domain.

Table 1. The Effects of Our Collaborative Process on Bad Sleep Patterns and Postcontinuity Clinics (the 2010-2011 Schedules

Were Made by Hand)

Bad sleep patterns

Postcontinuity clinic shifts

Month 2010-2011 2012-2013 2013-2014 2014-2015 2015-2016  Month ~ 2010-2011 2012-2013 2013-2014 2014-2015 2015-2016
July 10 0 0 0 0 July 6 4 5 0 3
August 3 0 0 0 0 August 1 7 0 6 2
September 9 14 0 0 0 September 6 5 3 3 0
October 5 0 0 1 October 9 0 2 7 3
November 13 0 0 3 0 November 11 8 2 3 3
December 4 0 0 1 0 December 1 0 1 0 2
January 8 0 0 0 0 January 7 0 2 5 0
February 8 0 0 0 0 February 6 0 3 0 0
March 6 0 1 0 0 March 8 8 3 5 1
April 4 0 0 0 0 April 4 0 0 1 1
May 6 0 0 0 6 May 6 0 4 5 6
June 7 0 0 0 3 June 7 0 11 0 6
Average 6.92 1.17 0.08 0.33 0.83 Average 6.00 2.67 3.00 2.92 2.25
Standard 2.75 3.87 0.28 0.85 1.77 Standard 2.80 3.32 2.80 2.53 2.01
deviation deviation

Median 6.50 0.00 0.00 0.00 0.00 Median 6.00 0.00 2.50 3.00 2.00
Mode 4.00 0.00 0.00 0.00 0.00 Mode 6.00 0.00 3.00 0.00 3.00
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Finally, this interactive process has led to oppor-
tunities for improving the existing tool/process and
adjusting for new program needs as well as new col-
laborative opportunities.

Future opportunities in this area include improving
the usability of the software so that chief residents
might, in some cases, be able to build and modify
schedules independently; developing mechanisms
for capturing and interpreting the chief residents’
preferences to provide a feedback loop for schedule
modification; creating heuristics that identify multi-
ple schedules with varying characteristics to enhance
the iterative process; and exploring commercializa-
tion for the benefit of residency programs at institu-
tions where partnering with engineering students is
not an option.
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Appendix

Feasibility Formulation

The following demonstrates an integer programming for-
mulation of the basic PEDS feasibility problem.

Notation

R Set of residents, r € {1,2,...,|R|}.

D Set of days, d € {1,2,...,|D|}; in our data instances, D is
either 35 or 36.

S Set of daily shifts, s € {1,2,...,]S]}; in our data
instances, there are seven shifts.

T Set of training programs, t € {PED, EM, FM, .. .}.

t, Training program of resident 7, t, € T Vr € R.

v Set of days on which resident r has continuity clinic,

C,cDVreR.

W, Set of days on which resident r can work,
W, C D VreR.

F Set of flex shifts, F C S; in our data instances, shift 3
(i.e., 12 p.m. to 9 p.m.) is the only element of F.

N Set of night shifts, N C S; in our data instances, shifts 6
and 7 (i.e, 8 p.m. to 5 a.m. and 11 p.m. to 8 a.m.) are
in N.

K Set of shift pairs such that at least one shift in the pair
must be covered by a resident 7 of type PED, k C S; in
our data instances, (shifts 1 and 2), (shifts 4 and 5),
and (shifts 6 and 7) are in K.

H, Set of day-shift pairs that cannot be assigned to resident
r, HHcDXS VreR.

A, Set of day-shift pairs that must be assigned to resident r,
A, CcDXSVreR.

Jas) Set of day—shift pairs that would cause a duty-hours
violation if assigned in addition to day-shift (d,s),
Jas © D xS V(d,s) € D x S. Note that (d, s) is included
in the set ](d/s)-

D Maximum allowable number of days in a row that a
resident can work a shift.

N Maximum allowable number of days in a row that a

resident can work a night shift.

Decision Variables

Xrds Binary variable, equals one if resident r is assigned on
day d to shift s; otherwise 0 Vr € R,Vd € D,Vs € S.

Formulation
min 0 (A1)
subjectto > x4 =1  Vse€S\F,¥deD (A.2)
reR
D%as<1  VseFVdeD (A.3)
reR
> %as=0  VreR (A.4)
(d,s)eH,
> xas=lAl  VreR (A.5)
(d,s)€A,
D %as=1  VdeD,VkeK (A.6)
{rer:t,=PED} sk
>, xus<1  VreRVdeD/VseS (A7)
(d,8)€)(a5)
d+D - o
> D\xis<D  VreRVdel,...,|D|-D
i=d seS (A8)
d+N o .
> > xmis<N  VreRVdel,... ,D|-N
i=d seN
(A.9)
X4 € {0,1} VreR,Yde D,Vse S (A.10)

Constraints (A.2) ensure that exactly one resident is as-
signed to every nonflex shift. Constraints (A.3) ensure that flex
shifts are covered by at most one resident. Constraints (A.4)
ensure that residents are not assigned to prohibited shifts.
Constraints (A.5) ensure that residents cover preassigned
shifts. Constraints (A.6) ensure that at least one of two shifts
in a required pair is assigned to a pediatrics resident. Con-
straints (A.7) ensure that residents are not assigned to shifts
that begin within 10 hours of a previously worked shift. Con-
straints (A.8) ensure that no resident works more than a maxi-
mum allowable number of days in a row. Constraints (A.9)
ensure that no resident works more than a maximum allow-
able number of nights in a row.

Metric Formulation
The following demonstrates an integer programming for-
mulation of metric constraints for the PEDS problem.

Notation

G Set of resident groups in which ¢ C G is the set of residents
who have the same number of working days,
g ={reR:|W,] is the same} C R.

I Set of intern-undesirable shifts, I € S; in our data instances,
shifts 1 and 7 are in I.
P Set of shifts that are defined as the postcontinuity clinic

shifts, P C S; in our data instances, shifts 6 and 7 (i.e.,
8 pm. to 5 am. and 11 p.m. to 8 a.m.) are in P.

E Set of day-shift pairs that are defined as the optional shifts
around the end of the planning horizon, E ¢ D X S.

Set of bad (undesirable) sleep patterns in which u € U is a

combination of shift offsets on multiple days. Note that
| 1 | represents the number of shift offsets in u.

U Set of date-shift pairs associated with bad sleep pattern u
on day d, U CD xS V(d,u) e DxU.
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Input Parameters

S, S, Lower and upper bounds on the number of total shifts
for a resident in group g, Vg € G.

N, N, Lower and upper bounds on the number of night shifts
for a resident in group g, Vg € G.

U, U, Lower and upper bounds on the number of bad sleep
patterns for a resident in a group g, Vg € G.

b, P, Lower and upper bounds on the number of
postcontinuity clinic shifts for a resident in a group g,
Vg eG.

L1 Lower and upper bounds on the number of intern
residents assigned to intern-prohibited shifts in the
planning horizon.

EE Lower and upper bounds on the number of covered
optional shifts in the planning horizon.

F T Lower and upper bounds on the number of uncovered

flex shifts in the planning horizon.

Metric Variables

Yrdu Binary variable, equals one if resident r is assigned to
bad sleep pattern u on day d; otherwise,
0VreR,VdeD,Yue U.

Zyq Binary variable, equals one if resident r € R is assigned
to work a postcontinuity clinic shift on day d € C,;
otherwise, 0 Vr € R,Vd € D.

S, Number of total shifts for resident 7, s, = 34ep Dses Xrds
for Vr e R.

ny Number of night shifts for resident r, 11, = Ygep Xsen Xrds
for Vr e R.

Uy Number of bad sleep patterns for resident r,
Uy = 2deD uell Yrdu for Vr € R.

pr Number of postcontinuity clinic shifts for resident r,

pPr= Zdec ZSEP Xrds for Vr € R.
i Total number of intern residents assigned to intern-
undersirable shifts in the planning horizon,

i= Zre{y;b:intems} 2ldeD 2isel Xrds-

e Total number of covered optional shifts in the planning
horizon, e = Yrer X(ds)ek Xrds-
f Total number of uncovered flex shifts in the planning

hOI‘iZOD,f = | D | - ZreR ZdeD ZSEF Xrds-

Metric Constraints

Yrds < Xyij Vr e R,Vd € D,Yu € U,V(i,j) € U
(A.11)
Yas+lul= > xu+1 VreRVdeD,Vuel
(d,5)€U 4,
(A12)
Zrd = Xpds VreR,VdeC, VseP (A.13)
24 < D Xgs  VreRVdeC, (A.14)
seP
Sr= >, > Xus  VreR (A.15)
deD seS
ne=>,> %  VreR (A.16)
deD seN
U=, Yrau  VreR (A.17)
deD uel
pr=>,> %4 VreR (A.18)
deC, seP
i= 33> % (A.19)
reR deD sel

€= Z Z Xrds (A20)
reR (d,s)eOPT
F=ID1=23 27 > s (A.21)
reR deD seF

S,<s<S  VgeGVreg (A.22)
N,<n <N, VgeG,Vreg (A.23)
U, <u,<U; VgeGVreg (A.24)
P, <p <P VgeG,Vreg (A.25)
I<i<I (A.26)
E<e<E (A.27)
E<f<F (A.28)
Yrau € {0,1} VreR,VdeD,Yuel (A.29)
z4€{0,1} VreRVdeC, (A.30)

Constraints (A.11) and (A.12) link decision variables x,4s
and auxiliary variables y,4s to count the number of bad sleep
patterns. Constraints (A.13) and (A.14) link decision vari-
ables x,4; and auxiliary variables z,4 to count the number of
postcontinuity clinic shifts.

Metric constraints (A.22) and (A.23) control the upper and
lower bounds on the number of shifts and night shifts that
are assigned to each resident r in a group g € G. Metric con-
straints (A.24) control the number of bad sleep patterns that
are assigned to each resident 7 in a group g € G. Metric con-
straints (A.25) control that the number of postcontinuity clinic
shifts that are assigned to each resident r in a group g € G.
Metric constraints (A.26) control the total number of interns
assigned to intern residents assigned to intern-undersirable
shifts in the planning horizon. Metric constraints (A.27) con-
trol the total number of covered optional shifts in the
planning horizon. Metric constraints (A.28) control the total
number of uncovered flex shifts in the planning horizon.
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Verification Letter

Heather L. Burrows, MD PhD, Associate Chair of Education,
Program Director, Pediatric Residency Program, Clinical
Associate Professor, Department of Pediatrics, University of
Michigan Medical School, Ann Arbor, Michigan 48109-5718,
writes:

“As Program Director for the Pediatrics Residency Pro-
gram at the University of Michigan, I have had the oppor-
tunity to work closely with Dr. Amy Cohn and her team as they
have developed the process to create computer-generated
schedules for our residents described in this article. [am very
grateful for this work. Using automated tools to staff the
emergency department has benefited our institution tremen-
dously by providing substantially higher-quality schedules
at significantly less effort.

“The computer-generated schedules provide for better
balance (total and night shift equity), less resident fatigue
(avoiding bad sleep patterns and postcontinuity clinic
shifts), and greater patient care (intern-undesirable, cov-
ered optional, and uncovered flex shifts) than we could
reasonably expect to create when building the schedule
by hand. Over the last several years, our residents and
patients have enjoyed safer care thanks to the high-quality
schedules made using this tool. Moreover, attaining
these better schedules requires little time involvement
from our chief residents. Each month, the chief residents
spend only a few hours in preparing inputs and reviewing
the computer-generated schedule, whereas they used to
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spend nearly 30 hours each month to build the schedule
by hand.

“I am excited that they have the opportunity to share this
work with others, and I know it will be of great interest.”

Young-Chae Hong holds a PhD degree in industrial and
operations engineering from the University of Michigan. He
is interested in combinatorial optimization and machine
learning. His current research focuses on supply chain op-
timization using graph theory.

Amy Cohn is a professor in the Department of Industrial
and Operations Engineering at the University of Michigan.
She is also the Associate Director of the Center for Healthcare
Engineering and Patient Safety. She holds an AB in applied
mathematics from Harvard University and a PhD in opera-
tions research from the Massachusetts Institute of Technol-
ogy. Her research interests focus on applied combinatorial
optimization problems with multiple, ill-defined objective
functions.

Stephen Gorga is currently transitioning from fellow to
faculty in pediatric critical care medicine at C.S. Mott Chil-
dren’s Hospital at the University of Michigan, Ann Arbor,
Michigan. He obtained his MD from the College of Human

Medicine at Michigan State University. His area of medical
education research focuses on advanced technologies to fa-
cilitate advanced trainee adult learning of high-risk, low-
interaction situations.

Edmond O’Brien is a cardiothoracic anesthesiology fellow
at the University of Michigan, where he also completed
general pediatrics and anesthesiology residencies. He re-
ceived his MD from Michigan State University.

William Pozehl is a researcher in the Center for Healthcare
Engineering and Patient Safety at the University of Michigan.
He received his BSE and MSE degrees at the University of
Michigan, both in industrial and operations engineering.
He designs and executes models for scheduling healthcare
providers in clinical settings to better meet patient and pro-
vider needs.

Jennifer Zank is an assistant professor of pediatrics
in the newborn medicine division at the University of
Pittsburgh. She graduated from Loyola University Stritch
School of Medicine with a medical degree. Her current
research includes quality improvement in the neonatal
intensive care unit with a focus on team communication
and improved family inclusion in the medical decision-
making process.
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