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Abstract
In this study, we address workload balancing in Emergency Department Physician 
Rostering Problems. We propose a two-phase approach to deal with two common 
workload balancing issues: (1) the even distribution of worked weekends and week-
end night shifts across physicians in the long term, and (2) the even distribution of 
morning and afternoon shifts in the medium term. To implement such an approach, 
we have developed two Integer Linear Programming (ILP) models, one for each 
phase. In the first phase, we determine the weekends that each physician will be 
on duty over the long term planning horizon (6-months) while evenly distributing 
the workload (worked weekends and weekend night shifts) across physicians. In 
the second phase, month by month, we iteratively determine the workday shifts of 
each physician while pursuing the even distribution of workload (morning and after-
noon shifts) across physicians. The second phase relies on the solution of the first 
phase, i.e., the weekend shifts assigned to each physician in the first phase are con-
sidered preassigned shifts in the second phase. In both phases, we consider the con-
straints deriving from collective as well as individual contractual agreements (e.g. 
constraints limiting the maximum number of night shifts each physician can work 
every month, their maximum weekly and monthly workload, etc.) as well as indi-
vidual physician’s preferences and desiderata. The problems addressed in the two 
phases differ in terms of the planning horizon, objective function, and constraints, 
yet they are both modeled as multicommodity ow problems and share the same net-
work structure. Also, we define some families of simple yet effective, valid inequali-
ties that are crucial to address the computational complexity of the first-phase prob-
lem. The proposed optimization models have been tested on real data from a leading 
European Hospital and on benchmark instances from the literature. The models’ 
effectiveness has been assessed through six key performance indicators purposely 
defined. Results demonstrate that the presented models allow considering the com-
plex nature of physicians rostering problems and obtaining well-balanced and thus 
equitable work schedules.
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1  Introduction

Ensuring service quality and patient safety in Emergency Departments (EDs) 
requires accurate capacity planning. Since emergency services are labor-intense pro-
cesses (Sampson 2001), effectively managing ED capacity implies, first and fore-
most, developing well-devised staff rosters.

In general, solving a rostering problem requires creating a work schedule that: (1) 
allows meeting a time-dependent demand for service, (2) complies with regulatory 
constraints and work-place agreements, (3) attempts to satisfy individual staff con-
straints and preferences (Ernst et al. 2004a).

Dealing with rostering problems for ED staff is, in general, complex. It is even 
more so if the resource to be scheduled are physicians.

First, EDs operate 24/7 and working certain shifts is less desirable than others 
(e.g. weekend and night shifts). It creates the need to evenly distribute these undesir-
able shifts across staff members and to communicate largely in advance to the staff 
the “undesirable” shifts they are expected to cover (e.g. the weekends on duty) to 
allow them better organize their personal life.

Second, demand is highly variable and seasonal. Arrivals rates vary according to 
the season (fall/winter vs spring/summer months) with the day of the week (week-
days vs weekends) and with the hour of the day (morning, afternoon, night) (Vis-
intin et al. 2019). This makes it complex to understand the number of people that 
should be on duty for each time-shift and, again, makes certain shifts less desirable 
than others (e.g. if arrival rates are higher in the afternoons than in the mornings, 
afternoon shifts will be perceived as more stressful).

Third, the labor force in ED is made of highly skilled professionals - nurses, radi-
ologists, physicians—working in stressful conditions, under articulated work con-
tracts. These contracts set strict constraints on the number of consecutive hours that 
can be worked, on the weekly and monthly workload, on the rest hours between 
shifts, etc. Physicians, in particular, have individual contractual agreements (con-
trary to nurses who generally work under collective contracts) setting additional 
constraints e.g. on the type of shifts they can cover (weekdays vs. weekend shifts, 
night vs. day shifts) or on the number of hours they are expected to work inside or 
outside ED.

Fourth, physicians (more than other staff-members) must coordinate their activi-
ties within the ED with other activities outside the ED (outpatient clinics, operat-
ing theatre, etc.). This results in the need for accommodating physicians’ requests to 
work or not to work certain shifts, which can be formulated on short notice. Also, 
given their prominence on the hospital hierarchy, physicians may express pref-
erences (driven by work-related issues or personal needs), concerning the shift to 
cover and expect these preferences to be accommodated as much as possible.

Fifth, ED physicians’ overall capacity is usually scarce, making them bottleneck 
resources (Visintin et al. 2019).
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In the literature, staff planning problems are generally subdivided in staff 
dimensioning and staff rostering problems (Ernst et al. 2004a). The former con-
cerns the determination of the number and type of sta needed to meet the demand 
for each time-shift. The latter is based on the solution of the former and concerns 
the assignment of individual sta members to each shift.

In this study, we address the Emergency Department Physician Rostering 
Problem (EDPRP).

Hence, we assume that the number of physicians needed in each time-shift 
(morning, afternoon, pre-night and night) of a 6-month planning horizon is 
known, i.e., we assume that the staff dimensioning problem has already been 
solved. Thus, we address the problem of selecting the physicians to assign to each 
shift, with the objective of maximizing physicians’ satisfaction and perceived 
equity.

Specifically, we propose a two-phase approach to the EDPRP. To implement 
such an approach, we develop two Integer Linear Programming (ILP) models, one 
for each phase. The problems addressed in the two phases refer to different levels 
of decision-making, as such, they differ in terms of planning horizon, objective 
functions, and constraints. Yet, both of them are modeled as multicommodity ow 
problems and share the same network structure. In the first phase, we address the 
problem of determining the weekends that each physician will be on duty over a 
long term (6-months) planning horizon, with the objective of evenly distributing 
the worked weekends and the weekend night shifts across physicians. In the sec-
ond phase, we address the problem of evenly distributing morning and afternoon 
shifts across physicians over a medium term planning horizon (1 month), while at 
the same time fixing upper bounds on the number of hours worked and on the num-
ber of night shifts covered, every month, by each physician. In addressing this prob-
lem, we take into account that weekend shifts have already been assigned in the first 
phase and treat them as constraints. The solution of the first phase is used as input 
for the second phase. The model in the second phase is iteratively run six times to 
cover the whole planning horizon. In both phases we assume that physicians can 
ask, in advance, to work or not to work certain shifts. These requests may be formu-
lated in prescriptive terms (hard requests) or as desiderata (soft requests). In both 
models, hard requests are modeled as hard constraints and soft requests as soft con-
straints. The ultimate objective of this approach is to maximize shift equity while at 
the same time fulfilling all the hard requests and as many soft requests as possible. 
Shift equity and customization, in fact, are proven to drive employee satisfaction and 
motivation (Brunner et al. 2009; Stolletz and Brunner 2012; Gross et al. 2019) and, 
consequently, service quality.

The proposed two-phase approach carries several advantages: (1) physicians are 
informed, well in advance, about the weekends when they are supposed to be on 
duty; (2) it is possible to fulfill (hard and soft) physicians’ requests to work or not to 
work on certain shifts thereby helping them planning their activities outside the ED 
(e.g. the attendance of conferences and meetings); (3) it is possible to accommodate 
medium-term physicians’ requests, physiologically emerging every month, without 
incurring in schedule disruptions; (4) it is possible to obtain solutions that are well-
balanced both in the long- and in the medium-term.
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To handle the computational complexity arising in the first phase, when the plan-
ning horizon is longer and the resulting optimization problem is harder to solve, we 
have also developed a set of valid inequalities that allow strengthening the linear 
programming relaxation of the corresponding optimization model. These inequali-
ties dramatically reduce the computational time, thereby allowing us to find feasible 
solutions also for instances that would not have otherwise been possible to solve 
within the time limit.

The presented approach has been tested on real data from a leading European 
Hospital and on benchmark instances from the literature. The solutions returned by 
the optimization models have been evaluated through six key performance indicators 
purposely defined. Results demonstrate that the presented models allow considering 
the complex nature of physicians rostering problems and obtaining well-balanced 
and thus equitable work schedules.

The manuscript is organized as follows: in Sect.  2, we provide an overview of 
the relevant literature and we identify the research gaps this study aims to fill-in; in 
Sect. 3, we present the optimization models; in Sect. 4, we present the numerical 
results of the application of the proposed approach in terms of computational perfor-
mance (Sect. 4.1) and solution quality (Sect. 4.2). In Sect. 5, we discuss the appli-
cation of the optimization models to benchmark instances, both in terms of com-
putational performance and solution quality (Sect. 5.2). In Sect. 6, we draw some 
conclusions. Finally, two appendices conclude the work. Specifically, “Appendix A” 
provides a description of the KPIs used in Sect. 4, while “Appendix B” reports the 
complete descriptive statistics of the KPIs.

2 � Literature overview

Rostering problems have been the object of a large number of contributions both 
in the scientific and practitioner-oriented literature (Van den Bergh et  al. 2013). 
Applications contexts include call centers, transportation systems such as airlines 
and railways, emergency services such as police, ambulance and fire brigade, and, of 
course, emergency medical services (Ernst et al. 2004a, b).

In emergency medical services, staff rostering problems usually involve nurses 
and/or physicians. However, while nurse rostering has been extensively studied 
(Burke et  al. 2004), physician rostering (Erhard et  al. 2018) has received limited 
attention (Adams et al. 2019).

This is because physician rostering has some peculiarities that make it differ-
ent and more complex than other personnel scheduling problems. As pointed out 
in the introduction, ED physicians are understaffed, highly trained, specialized, and 
thus difficult to replace (Erhard et al. 2018). They have personalized work contracts 
(Bruni and Detti 2014; Erhard 2021), they need to coordinate their activities across 
different departments within and outside the hospital (Fügener et al. 2015) and they 
tend to express, with short notice, preferences concerning the shift to work and not 
to work, and expect these preferences (Brunner et al. 2009) to be accommodated.

As for the objective to purse in defining the staff roster, the literature acknowl-
edges that ensuring shift equity is crucial, as equity drives staff satisfaction and 
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consequently service quality (Dewa et al. 2017). This is particularly true for burn-
out exposed personnel such as physicians (Adams et al. 2019; Stolletz and Brunner 
2012; Zhong et  al. 2017). Balancing personnel workload is one of the most com-
monly used approaches to guarantee equity (Cappanera and Scutellà 2011; Cap-
panera et al. 2014). Particularly demanding shifts such as night or weekend shifts 
should be fairly distributed among physicians and the same should hold for their 
desiderata. Unbalanced schedules are thus usually penalized via soft constraints as 
in Erhard et al. (2018) or upper bounds on the value of workload indicators are set, 
as is the case in Fügener et  al. (2015) for the number of night shifts. Sometimes 
(Adams et al. 2019) workload balance is considered jointly with patient-related con-
straints such as those ensuring continuity of care to patients, i.e., the same set of 
physicians assigned to the same patient. Often, cyclic schedules are used to guaran-
tee an even distribution of workload in the long run. A cyclic schedule consists of a 
fixed sequence of shifts which is rotated among a group of workers over a planning 
horizon. Thus, each worker rotates equally, through desirable and undesirable shifts 
and cyclic schedule is perceived as unbiased (Millar and Kiragu 1998). As an exam-
ple, cyclic schedules are used in Ferrand et al. (2011) for ED physicians. However, 
cyclic schedules might prevent the satisfaction of individual preferences and con-
straints (Knust and Xie 2019) consequently, they are not suitable for ED physicians. 
Alternatively, the balancing of some performance indicator, in the long run, is pur-
sued by subdividing the planning horizon into shorter time periods and dynamically 
adjusting the indicator in one period on the basis of the value the indicator assumed 
in the previous period. This is the case in Gross et  al. (2019) for individual pref-
erence satisfaction, and in Gross (2018) for both workload balance and individual 
preference satisfaction in an anesthesiology department.

The literature thus suggests that successfully addressing ED physician roster-
ing problems requires taking into account the heterogeneity of their work contracts, 
their preferences, as well as the fact that it is impossible to schedule their work shifts 
too in advance without incurring in schedule disruptions. Moreover, it suggests that 
the roster should ensure, first and foremost, shift equity.

To address the intrinsic complexity of the resulting rostering problems, many 
contributions from the recent literature address simplified versions of them, as it 
happens in two-phase approaches and relaxation-based approaches. In two-phase 
approaches, usually, shifts are organized into two groups and assigned separately 
in each phase. As an example, day-offs are assigned in the first phase, and then the 
resulting solution is used as the input of the second phase in which working shifts 
are assigned (e.g. Valouxis et al. 2012; Zhong et al. 2017). It is worth to point out, 
however, that in these studies the two-phase approach is considered as a mean to 
reduce the computational complexity of problems that would not otherwise be pos-
sible to solve in one shot, rather than, as in our study, as a tool to optimally address 
problems at a different level of decision-making and to manage balancing criteria 
with different scopes.

In relaxation-based approaches, instead, complicating constraints are relaxed and 
then introduced dynamically according to branch and cut algorithms. This is the 
case in Bard and Purnomo (2005) for nurse rostering, in Damcı-Kurt et al. (2019) 
for a physician rostering problem arising in an acute care hospital, in Brunner and 
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Edenharter (2011) in an anesthesia department, and in Bruni and Detti (2014) for 
the medical guard services. Another stream of research proposes heuristic-based 
approaches: a heuristic based on assigning physicians to sets of tasks instead of to 
shifts (Gunawan and Lau 2013), a genetic algorithm for physician rostering in ED 
(Puente et al. 2009), metaheuristics (Wong et al. 2014), and matheuristics (Doi et al. 
2018; Wickert et al. 2020) are not exhaustive examples of this type of contributions. 
Interestingly, (Van Huele and Vanhoucke 2014) addresses a combined emergency 
and surgery scheduling problem.

To the best of our knowledge, however, there is no contribution proposing optimi-
zation models able to solve both long and medium-term, real-life ED physician ros-
tering problems while at the same time capturing all the features characterizing the 
EDPRP. This paper aims at filling in this gap. This paper contributes to the EDPRP 
literature in three ways:

First, it proposes a model able to solve both long and medium-term, real-life 
EDPRPs while at the same time capturing all the features characterizing them. The 
literature does propose physician rostering models rich in features but due to the 
resulting computational complexity these models are applied to short- to medium 
term, typically 1 month. On the contrary, studies considering longer planning hori-
zons, propose simpler models not considering some of the features included in our 
models. Second, this paper proposes a novel set of KPIs to measure shift equity in 
EDPRP. These KPIs allow assessing the multifaceted nature of shift equity in ED, 
both in the long and medium term. Third, this study reports the result of the applica-
tion of the proposed models to benchmark instances taken from the literature. To the 
best of our knowledge, there are no studies proposing models developed to address 
complex and real-life EDPPR, that have also been tested on publicly-available data 
relevant to settings different from the one that inspired the study.

3 � The optimization models

Both the rostering problems characterizing the two-phase approach are modeled as 
multicommodity flow problems and share the same network structure, even though 
they have specific objectives and constraints.

In presenting the optimization models, we highlight their common structure. 
Specifically, they are both defined on a layered acyclic network which is a tool 
already used in the literature for rostering problems (Cappanera and Gallo 2004; 
Cappanera et al. 2020). In the layered network, layers correspond to days in the 
planning horizon, and nodes in each layer correspond to the set of shifts that must 
be covered on the corresponding day. The layered network is exemplified in Fig. 1 
for a planning horizon of one week, from Monday to Sunday. In the example, 
there are 4 shifts on each day, three of them are work shifts (shift 1, shift 2 and 
shift 3) and the last one is a rest shift. Weekday shifts (light grey) are distin-
guished from weekend shifts (dark grey). Arcs in the network connect (1) the 
source node to all the shift nodes in the layer corresponding to the first day of the 
planning horizon (Monday in the example); (2) consecutive layers in the network, 
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and (3) shift nodes in the layer corresponding to the last day of the planning hori-
zon (Sunday in the example) to the destination node.

For each physician, the sequence of activities assigned to them in the plan-
ning horizon is defined by a path in the layered network from a source dummy 
node to a destination dummy node. This path, by graph construction, visits 
exactly one node (shift) in each layer (day) and thus allows to identify the unique 
shift—either a work shift or a rest shift, assigned to them on a specific day of the 
planning horizon. There are however specific situations in which a physician is 
allowed to work more than one shift per day: in that case, the graph is modified 
accordingly by adding arcs linking shift nodes within the same day.

In network terminology, each physician corresponds to a specific flow, namely 
a commodity. Thus, individual constraints characterizing a specific physician can 
be imposed on the corresponding flow. Flows of different physicians are separated 
the one from the other, but they all share the same network structure, thus making 
it possible to guarantee global constraints in addition to individual constraints.

Besides admitting a personalized network for each physician, the multicom-
modity structure allows us to manage implicitly compatibility constraints between 
physicians and shifts and between consecutive shifts. As an example, after a night 
shift a rest shift must follow, and consequently the unique arc leaving a node cor-
responding to a night shift enters a node corresponding to a rest shift in the next 
layer. Similarly, if two shifts cannot be assigned consecutively to a physician, in 
the corresponding network the arc between the two shifts is not inserted for any 
couple of consecutive days in the planning horizon. Finally, if a physician is not 
allowed to work a specific shift, in the corresponding graph there will not be any 
arc entering that node in any of the layers. Thus, the set of nodes and arcs in the 
graph depends on the physician.

Fig. 1   The layered graph for a one-week planning horizon
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The two models corresponding to the two phases share also two additional 
features: (1) the management of desiderata expressed by physicians, and (2) the 
management of undesirable sequences of shifts. Concerning desiderata, a physi-
cian may ask that a certain shift is assigned on a certain day (to work) or not 
assigned (not to work), and that their request is strict (managed via a hard con-
straint) or granted only if it does not deteriorate the optimal solution (managed 
via a soft constraint). As usual, a penalty is associated with each soft constraint 
and the objective function minimizes the number (or weight) of not granted pref-
erences. Also, the models allow us to consider undesirable sequences of shifts. 
There are, in fact, pairs of shifts that are undesirable when worked one after the 
other. Even though their assignment to the same physician is feasible, it should be 
discouraged. As an example, the assignment of a rest shift after a night-call duty 
shift is not welcome by physicians. Then, the set of undesirable pairs of shifts is 
defined and the assignment of any couple of shifts in the set to the same physician 
is discouraged in the objective function through a penalty.

As an overview, Fig. 2 sketches the two-phase approach in terms of objective 
and constraints characterizing each phase.

The remaining part of the section is organized as follows. First, notation as 
well as common variables and constraints of the two optimization models are dis-
cussed (Sect. 3.1). Then, the two models relevant respectively to the first and the 
second phase of the approach are introduced separately (Sects. 3.2 and 3.3) high-
lighting their peculiarities in terms of objectives and constraints. These two mod-
els are referred to as base models. Finally, in Sect. 3.4, we describe a set of valid 

Fig. 2   An overview of the two-phase approach
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inequalities which can be used to strengthen the linear programming relaxations 
of the base models. The resulting models are referred to as enhanced models.

3.1 � Notation and common constraints

Let us denote with:

H set of physicians

H ⊆ H subset of part-time physicians

S set of shifts

Sm ⊆ S subset of morning shifts

Sa ⊆ S subset of afternoon shifts

Sn ⊆ S subset of night shifts

Sr ⊆ S subset of rest shifts

Ss ⊆ S subset of night-call duty shifts

U = {(i, j) s.t. i, j ∈ S} set of undesirable couples of consecutive shifts

D = {1,… , |D|} set of days to be considered - extended planning horizon consisting of |D| days

L = D ∪ {0} set of levels - except the last

D ⊆ D subset of days corresponding to the planning horizon (possibly different from D

due to extension on the left and on the right)

M ⊆ D set of days corresponding to Mondays

W set of weekends in the planning horizon - each w ∈ W is a subset of D

Gh = (Nh,Ah) graph relative to physician h with node set Nh and arc set Ah

oh ∈ Nh origin node for physician h; by default oh belongs to level 0

dh ∈ Nh destination node for physician h; by default dh belongs to level |D| + 1

Δh
v,t

= {(i, l) s.t. i ∈ S, l ∈ D} with v ∈ {0, 1}, t ∈ {P,F} set of desiderata for physician h, expressed as couples

(i, l) of shift-day which have to be avoided (v = 0) or done (v = 1)

in a soft (t = P) or hard way (t = F)

n
h

maximum monthly number of night shifts physician h can work

w
h

maximum weekly workload for physician h - expressed in hours

m
h

maximum monthly workload for physician h - expressed in hours

s
h

monthly number of night-call duties for physician h

b
h

monthly number of working hours for part-time physicians

d minimum number of days that must elapse between two night shifts

cil number of physicians required in day l on duty i

wi workload of shift i ∈ S

M big-M value

𝛼c weight used in the objective functions to discriminate criterion c.
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Then, let us define the following families of variables in order to model the 
decisions:

for h ∈ H , l ∈ L , (il, jl+1) ∈ Ah , and

for h ∈ H , l ∈ D , i ∈ S.
In the following, we first describe, in terms of variables and constraints the common 

features of the two rostering problems and then their distinguishing features. Using 
the variables and notation above, the constraints common to both the models are the 
following:

xh
iljl+1

=

⎧
⎪
⎨
⎪
⎩

1 if shift i in level l and shift j in level l + 1

are assigned consecutively to physician h

0 otherwise

�
h
il
=

⎧
⎪
⎨
⎪
⎩

1 if the preference expressed by physician h for shift i

on day l is not satisfied

0 otherwise

(1)
∑

j∈S

xh
oh0j1

= 1 ∀h ∈ H

(2)
∑

j∈S

xh
j|D|dh|D|+1

= 1 ∀h ∈ H

(3)
∑

j∈S∪oh

xh
jl−1il

−
∑

j∈S∪dh

xh
iljl+1

= 0 ∀h ∈ H,∀l ∈ D,∀i ∈ S

(4)
∑

h∈H

∑

j∈S∪oh

xh
jl−1il

= cil ∀l ∈ D,∀i ∈ S

(5)
∑

j∈S∪oh

xh
jl−1il

= 0 ∀h ∈ H,∀(i, l) ∈ Δh
0F

(6)
∑

j∈S∪oh

xh
jl−1il

= 0 + �
h
il

∀h ∈ H,∀(i, l) ∈ Δh
0P

(7)
∑

j∈S∪oh

xh
jl−1il

= 1 ∀h ∈ H,∀(i, l) ∈ Δh
1F

(8)
∑

j∈S∪oh

xh
jl−1il

= 1 − �
h
il

∀h ∈ H,∀(i, l) ∈ Δh
1P
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The xh
iljl+1

 variables define the schedule for each physician h: for each physician, flow 
conservation constraints (1)–(3) impose that a path is determined from the origin oh 
to the destination dh visiting exactly one node (one shift) in each layer (each day). 
Constraints (4) guarantee demand coverage, while constraints (5)–(8) manage desid-
erata as hard constraints—(5) and (7), or as soft constraints—(6) and (8). Finally, 
the rest of the constraints define variable domain (0-1 variables).

3.2 � First‑phase base model

The model in the first phase relies on a layered graph which has a layer for each 
day in the planning horizon but decisions are taken only for the days correspond-
ing to the weekend days; without loss of generality, we assume that the rest shift 
is assigned to all of the physicians on each weekday; in fact, the decisions relative 
to the activities assigned on weekdays are postponed to the second phase. Coming 
back to the example, the graph used in the first phase is shown in Fig. 3, where a 
solution for a given physician is also shown with a thick black line. Specifically, 
according to the solution of the model, that particular physician is assigned shift 2 
on Friday, a rest shift on Saturday, and shift 1 on Sunday.

In addition to variables x and � which are common to both rostering problems, the 
weekend shift management problem (first phase) makes use of the following pecu-
liar variables:

(9)xh
iljl+1

∈ {0, 1} ∀h ∈ H,∀l ∈ L,∀(il, jl+1) ∈ Ah

(10)�
h
il
∈ {0, 1} ∀h ∈ H,∀v ∈ {0, 1}∀(i, l) ∈ Δh

vP

Fig. 3   First phase
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Y the maximum number of weekends on duty assigned to a single physician
V the maximum number of night shifts assigned to a single physician

yh
w
=

{
1 if physician h is on duty in weekend w

0 otherwise
    h ∈ H , w ∈ W.

The rostering problem addressed in the first phase is the following:

The balancing criteria used in this phase hierarchically minimize the maximum 
number Y of weekends on duty and the maximum number V of night shifts among 
the physicians. The other two terms in the objective function discourage respectively 
undesirable sequences of activities and unsatisfied desiderata. Variable yh

w
 takes 

value one (see 13), if h is assigned a work shift in any day of weekend w, i.e., if h is 
on duty in weekend w. The model is characterized by the set of constraints (1)–(10) 
which are common to both the phases and by peculiar constraints explained in the 
following. Specifically, constraints (12) and (14) guarantee the correctness of the 
value assumed by variables Y and V, whereas constraints (15) assure that a physi-
cian cannot work two consecutive weekends. Constraints (16) limit the maximum 
number of night shifts to one in each weekend of the planning horizon, for each 
physician h. Constraints (17) assure that, for each physician h, on each day of each 
weekend in the planning horizon, at maximum two consecutive working shifts are 

(11)min �yY + �vV + �x

|D|−1∑

l=1

∑

(i,j)∈U

xh
iljl+1

+ �
�

∑

h∈H

∑

v∈{0,1}

∑

(i,l)∈Δh
vP

�
h
il

(12)
(1) − −(10)
∑

l∈D

∑

i∈Sn

∑

j∈S∪dh

xh
iljl+1

≤ V ∀h ∈ H

(13)
∑

l∈w

∑

i∈S⧵Sr

∑

j∈S∪dh

xh
iljl+1

≤ Myh
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allowed. In fact, during the weekend more than one shift can be assigned on the 
same day, whereas during the weekdays, the maximum number of working shifts 
that can be assigned to a physician is one. In the second phase this kind of con-
straint is guaranteed implicitly by graph construction. Constraints (18) define the 
yh
w
 ’s domain.

3.3 � Second‑phase base model

The model in the second phase relies on a layered graph which has a layer for each 
day in the planning horizon but decisions relative to the weekend days are fixed 
according to the solution provided by the model in the first phase. Again, coming 
back to the example, the graph used in the second phase is shown in Fig. 4 in which 
the solution of the first phase (shift 2 on Friday, a rest shift on Saturday and shift 1 
on Sunday) is fixed. The model in the second phase takes decisions on Monday to 
Thursday and it provides the solution shown with a thick black line. Specifically, 
that particular physician is assigned a rest shift on Monday, shift 3 on Tuesday and 
Wednesday, and shift 1 on Thursday.

In addition to variables x and � which are common to both rostering problems, 
the weekday shift management problem (second phase) makes use of the following 
peculiar variable:

Z the maximum difference (in absolute value) of the number of morning and 
afternoon shifts among the physicians.

The rostering problem addressed in the second phase is the following:

Fig. 4   Second phase
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(1)–(10)

The balancing criterion used in the second phase guides the search towards solu-
tions in which each physician is assigned almost the same number of morning and 
afternoon shifts. Specifically, for each physician the (absolute) difference between 
morning and afternoon shifts assigned in the planning horizon is computed (see 26 
and 27) and the objective minimizes the maximum of these differences among the 
physicians. This is the leading criterion in the second phase. Then, as in the first 
phase, the other two terms manage respectively undesirable sequences of activities 
and unsatisfied desiderata. In addition to the set of constraints common to the two 
phases (constraints 1–10), the model is characterized by constraints peculiar to the 
second phase. Specifically, the rest of the constraints guarantee, for each physician, 
respectively a correct value for the monthly and weekly workloads (see 20 and 21), 
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for the number of night-call duty shifts (22), for the working time of part-time physi-
cians (23), for the number of night shifts (24), and the correct alternation between 
night shifts and other shifts (25). Specifically, constraints (25) impose that for each 
time period of d + 1 consecutive days in the planning horizon, at most one night 
shift can be assigned to a physician. The time period slides over the entire planning 
period.

3.4 � The enhanced model

In this section, we describe the valid inequalities added to the base model in the first 
phase to tight its linear programming relaxation.

3.4.1 � Consecutive weekends on duty

In the base model, constraints (15) guarantee that the same physician h cannot work 
two consecutive weekends. Here, we introduce an additional set of constraints which 
further link the variables x relative to working activities in the weekends to the vari-
able y. Specifically, the following sets of constraints are added:

Constraints (28) ensure that if physician h is not on duty in weekend w, i.e., 
yh
w
= 0 , then no activity i different from a rest shift can be assigned to them in any 

day of the weekend w. Then, constraints (29) impose that if physician h is on duty 
on weekend w, i.e., yh

w
= 1 , then that physician is assigned to a rest shift on every 

day of the next weekend, i.e., w + 1 . In these constraints, the constraint quantifier 
∀l ∈ w + 1 s.t. l + 1 ∈ w + 1, expresses the fact that both layer l and l + 1 must 
belong to weekend w + 1.

3.4.2 � Linking constraints—weekends and nights on duty

In the first phase, as a consequence of constraints ruling consecutive weekends on 
duty (constraints 15) and the maximum number of night shifts on weekends (con-
straints 16), it is possible to add linking constraints between variables Y and V. For 
the reader’s convenience, we recall that they represent respectively the maximum 
number of weekends on duty assigned to a single physician (Y), and the maximum 
number of night shifts assigned to a single physician (V). Specifically, the new con-
straints are the following:

(28)xh
iljl+1

≤ yh
w

∀i ∈ S ⧵ Sr,∀j ∈ S,∀l ∈ w,∀w ∈ W,∀h ∈ H

(29)
yh
w
≤ xh

iljl+1
∀i ∈ Sr,∀j ∈ Sr,∀l ∈ w + 1 s.t. l + 1 ∈ w + 1,∀w = 1,… , |W| − 1,∀h ∈ H

(30)Y ≤
|W|

2
+ 1
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Trivially, constraint (30) states that the number of weekends on duty assigned to 
any physician cannot exceed the rounded-up half of the weekends in the planning 
period, while constraint (31) assures that for every physician the number of night 
shifts assigned in the weekends cannot exceed the maximum number of weekends 
worked in the planning period by physicians.

4 � Numerical results

The numerical analysis presented hereafter aims at investigating: (1) the computa-
tional performance of the model(s) and (2) the quality of the model solutions. The 
investigated setting is the Emergency Department (ED) of a leading Italian Chil-
dren’s hospital, that for confidentiality reasons will be referred to as Alpha. Alpha’s 
ED is organized in 10 shifts per day (see Table 1). Some of these shifts (MO, AF, 
ENI, NI, NC) refer to the main ED while the others (MO_O, MO_T, AF_T, AF_O, 
NC_T) refer to external units (observational and trauma units) closely linked with 
the ED. These external units are assigned dedicated physicians and nurses during 
the day, while at night they still have dedicated nurses but share physicians with the 
main ED.

At Alpha, not all physicians can cover all shifts. The physicians who can cover all 
shifts are referred to as flexible (flex) and represent approximately 20% of the staff (5 
out of 27).

Not-flexible physicians may have one or more restrictions concerning the shifts 
they can or cannot cover, the day when they can work (weekdays and/or weekends), 
and the total amount of hours they can be on duty. While the majority of the not-
flexible physicians are expected to work the same amount of time as the flexible one, 
there are (two) part-time physicians working daytime shifts only and 6 hours per 
week.

(31)V ≤ Y

Table 1   Shift duration and coverage—length is expressed in hours (h)

Timeframe Shift code Shift name Length (h) Weekend 
coverage

Weekday 
coverage

Morning MO Morning 6 2 3
MO_O Morning observational unit 6 1 1
MO_T Morning trauma 6 1 1

Afternoons AF Afternoon 6 2 4
AF_O Afternoon observational unit 6 1 1
AF_T Afternoon trauma 6 1 1

Early night ENI Early night 4 1 1
Night NI Night 12 1 2

NC Night call duty 12 1 1
NC_T Night call duty trauma 12 1 1
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Each shift is characterized by a length and coverage. The coverage (i.e., param-
eter cil defined in Sect.  3.1) represents the number of physicians that must be on 
duty for each shift. In general, for any given shift, the coverage can change between 
weekends and weekdays. The weekend shifts include the Friday afternoon shift.

As pointed out in the literature review, such heterogeneity is shared by many EDs, 
as such, we decided to stick to a realistic instance in our analysis instead of creating 
stylized and easier to manage ones.

The numerical analysis has been performed on a PC equipped with an Intel i7 
3.43 GHz processor and 32 Gb of RAM. The models have been coded using Python-
Pyomo and solved using the IBM ILOG Cplex 12.6 solver.

4.1 � Computational performance evaluation

In this section, we compare the base and enhanced version of the models in terms of 
computational performances. Specifically, we consider the time required to solve the 
model (CompTime) and the optimality gap (Gap) associated with the models’ solu-
tion, both in the first and the second optimization phases.

Also, we assess how these performances are influenced by (1) the length of 
the planning horizon, (2) the number and type of shifts that are preassigned to 
physicians.

4.1.1 � Impact of the length of the planning horizon on the computational 
performance

Table 2 shows the computational time (Time) and optimality gap (Gap) associated 
with the solution found in correspondence of different planning horizons (1, 3, 6 
months). As can be noticed, the enhanced model outperforms the base one as the 
time horizon increases. With a realistic planning horizon (6 months) the enhanced 
model is still able to find a decent solution for the first phase (Gap = 8%) within 
the fixed time limit of 6 hours, while the base one does not find any solution. The 
computational complexity of the model in the second phase is very limited. The 
computational time (which is the sum of the times required to solve all the monthly 

Table 2   Computational performance evaluation: computational time and optimality gap (in the second 
phase, time is the sum of the times required in each month)—planning horizon length is expressed in 
months (m), time in seconds (s), gap in percentage (%)

Planning 
horizon (m)

Model First Phase Second Phase

Term. cond. Time (s) Gap (%) Term. cond. Time (s) Gap (%)

1 Base Optimal 93 0 Optimal 5 0
1 Enhanced Optimal 95 0 Optimal 5 0
3 Base Optimal 3934 0 Optimal 20 0
3 Enhanced Optimal 2964 0 Optimal 15 0
6 Base Unknown 21,600 – – – –
6 Enhanced MaxTimeLimit 21,600 8.22 Optimal 32 0
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schedules—1, 3, 6 depending on the planning horizon) even in the worst case is neg-
ligible if compared with the first phase. It is worth observing that base and enhanced 
models are identical in the second phase, nonetheless, the computational time in 
this phase can differ across models as the solutions returned in the first phase are 
different.

4.1.2 � Impact of preassigned shifts on the computational performance

As pointed out in Sect. 3, the optimization models allow considering the (realistic) 
situations where physicians ask, in advance, to work or not to work certain shifts. 
These requests may be formulated in prescriptive terms or as desiderata. The form-
ers are referred to as hard requests and modeled using hard constraints, the latter’s 
are named soft requests and modeled using soft constraints. We randomly1 generated 
13 different scenarios each corresponding to a different set of requests. Each sce-
nario is characterized by the following quantities:

•	 H1 hard requests to work on a given shift per physician, per month
•	 H0 hard requests not to work on a given shift per physician per month
•	 S1 soft requests to work on a given shift per physician per month
•	 S0 soft requests not to work on a given shift per physician per month.

Table 3 reports for each scenario generated, the model used, the solver’s terminat-
ing condition, the optimality gap (Gap %) and the percentage of fulfilled requests 
(Fulfill%). The computational times and gaps refer to the first phase only (the second 
phase either does not exist when no feasible solutions are found in the first one, or 
its computational complexity is negligible compared to the one of the first phase). 
For all instances, the time limit was set to six hours and the planning horizon to 6 
months for the first phase and 1 month for the second one. Scenario 0 represents 
the situation where no shift is preassigned (same as in Table 2). The other 12 sce-
narios are paired and within each pair (1–2, 3–4, 5–6, 7–8, 9–10, 11–12) the number 
of preassigned shifts (H1, H0, S1, S0) is the same but the shifts being preassigned 
change. H1, H0 range from 0 to 1 while S1, S0 from 0 to 2. For each scenario, we 
run both the base and the enhanced model.

Compared with Scenario 0 from Table 3, emerges that the presence of soft con-
straints only (Scenarios from 1 to 4) makes the problem more complex to solve for 
the enhanced model and impossible to solve within the time limit for the base one. 
For the enhanced model the optimality gaps of scenarios 1–4 ( ≥ 16.94% ) are larger 
than the one of the scenario 0 (approx. 8% ), and the solutions fulfill, approximately, 
half of the physicians’ soft requests.

The presence of hard requests only (scenarios 5 to 10), instead, makes the model 
easier to solve, especially when H1 > 0 (scenario 5–6, 9–10). In fact, this type of 

1  A pre-processing phase tested whether the combination of hard constraints generated led to unfeasible 
solutions, whenever it happened the combination was discarded and substituted with another randomly 
generated combination.
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requests assign a specific shift to a specific physician, and the corresponding lay-
ered graph consequently shrinks. When H1 > 0 , the gaps reduce significantly for 
the enhanced model and the base model finds feasible solutions for certain scenarios 
(5, 6 and 10). When both soft and hard constraints are present (scenario 11 and 12) 
the negative effect on the computational time of the soft constraints may (scenario 
11) or may not (scenario 12) be compensated by the positive effect of the hard (H1) 
ones.

Obviously, the percentage of hard requests accommodated is 100% for all the fea-
sible solutions. In sum, the analysis of the computational performance of the mod-
els demonstrates that the enhanced one outperforms the base one and that this lat-
ter model, for realistic instances, characterized by long planning horizon and soft 

Table 3   Computational performance evaluation: sensitivity to preassigned shifts

 Time limit of 6 h 

Scenario Model Term. Cond. Gap (%) N. of requests per Fulfill (%)

month per physician

H1 H0 S1 S0

0 Base Unknown – 0 0 0 0 –
0 Enhanced MaxTimeLimit 8.22 0 0 0 0 –
1 Base Unknown – 0 0 1 1 NA
1 Enhanced MaxTimeLimit 23.23 0 0 1 1 54
2 Base Unknown – 0 0 1 1 NA
2 Enhanced MaxTimeLimit 16.94 0 0 1 1 53
3 Base Unknown – 0 0 2 2 NA
3 Enhanced MaxTimeLimit 23.23 0 0 2 2 56
4 Base Unknown – 0 0 2 2 NA
4 Enhanced MaxTimeLimit 23.33 0 0 2 2 49
5 Base MaxTimeLimit 0.08 1 0 0 0 100
5 Enhanced MaxTimeLimit 0.08 1 0 0 0 100
6 Base MaxTimeLimit 0.08 1 0 0 0 100
6 Enhanced MaxTimeLimit 0.08 1 0 0 0 100
7 Base Unknown – 0 1 0 0 NA
7 Enhanced MaxTimeLimit 15.71 0 1 0 0 100
8 Base Unknown – 0 1 0 0 NA
8 Enhanced MaxTimeLimit 9.75 0 1 0 0 100
9 Base Unknown – 1 1 0 0 NA
9 Enhanced MaxTimeLimit 0.08 1 1 0 0 100
10 Base MaxTimeLimit 15.39 1 1 0 0 100
10 Enhanced Optimal 0.00 1 1 0 0 100
11 Base MaxTimeLimit 0.08 1 1 1 1 84
11 Enhanced MaxTimeLimit 0.08 1 1 1 1 85
12 Base Unknown – 1 1 1 1 NA
12 Enhanced MaxTimeLimit 0.08 1 1 1 1 86
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constraints, it is not able to find feasible solutions within reasonable time limits. For 
these reasons the analysis presented in the next section refers to the enhanced model 
only.

4.2 � Analysis of solution quality

In this section, we assess the quality of the solution returned by the (enhanced) 
model. To do so we use six Key Performance Indicators (KPIs) which depend on 
the physician (h): Weekend Ratio (WERh ), Weekend Nights Ratio (WNRh ), Nights 
Ratio (NRh ), Average Monthly Morning-Afternoon Imbalance Ratio (AMMAIRh ), 
Morning-Afternoon Imbalance Ratio (MAIRh ), and Workload Ratio (WLRh ). These 
KPIs are introduced here in an informal way and formally described in “Appendix 
A”.

•	 WERh = weekends on duty/max number of weekends workable
•	 WNRh = nights on duty on the weekends/max number of nights workable on the 

weekends
•	 AMMAIRh = 1

6

∑6

m=1

�MS in month m – AS in month m�

(MS in month m + AS in month m)
 , where MS and AS indicate 

respectively morning shifts on duty and afternoon shifts on duty
•	 NRh = nights on duty in the planning period/max number of nights workable
•	 MAIRh = |total MS in the planning horizon – total AS in the planning horizon|

(total MS in the planning horizon + total AS in the planning horizon)

•	 WLRh = hours on duty in the planning horizon/ max number of hours workable.

The maximum number of weekends, nights and hours workable (included in the 
WERh , WNRh , NRh and WLRh formulas), are calculated taking into account: (1) 
the individual employment contract of each physician (for example some physicians, 
by contract, work a limited number of weekdays, hours or shifts) and (2) the general 
rules that apply to all of them (e.g. the obligation to rest at least three nights between 
two consecutive night shifts, etc., see constraints in Sect. 3).

All the KPIs are normalized to adjust values measured on different scales to a 
common scale ranging from 0 to 1. The normalization is needed to compare per-
formance across physicians with different employment contracts and consequently 
heterogeneous availabilities. In general, the closer the KPI to 0 the more desirable 
the solution for the physician. However, as the main target of our approach is to 
produce equitable solutions, the quality of the solution returned by the models is 
assessed looking at the variability of the KPIs across physicians. The lower such a 
variability the better the solution.

The first three KPIs (WERh , WNRh , AMMAIRh ) are directly linked with the 
model objective function(s) (11, 19). In the first phase, the model objective function 
aims at hierarchically balancing the number of worked weekends and the number of 
nights worked on the weekends, across physicians, over a 6-month planning hori-
zon. The extent of this balancing can be assessed using WERh and WNRh . In the 
second phase, instead, the model’s objective function aims at balancing the morning 
and afternoon shifts worked by each operator every month. Such balancing can be 
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assessed by looking at the AMMAIRh . This latter KPI represents the average, calcu-
lated over 6 months, of the monthly values of MAIRh.

The last three KPIs (NRh , WLRh , and MAIRh ) are not directly linked with the 
model objective function. Yet, these KPIs are very useful to assess the overall desir-
ability of the solutions returned by the model. NRh measures night shift balancing 
across physicians over the entire planning period. Contrary to WNRh , NRh does not 
consider only the weekend nights but all the nights in the planning horizon. WLRh , 
instead allows measuring the overall workload balancing across physicians over 
the entire planning period. Finally, MAIRh allows measuring the overall morning-
afternoon shift imbalance. Contrary to AMMAIRh , MAIRh does not measure how 
well morning and afternoon shifts are balanced on a monthly basis, but the overall 
balance over the entire planning period. It is worth observing that, for a given phy-
sician, if AMMAIRh is low then MAIRh is low too, but not the other way around. 
For example, a physician working 10 mornings and 0 afternoons for each the first 
3 months of the planning horizon and 0 mornings and 10 afternoons for each of the 
following 3 months, will have an AMMAIRh equal to 1 and a MAIRh equal to 0.

In the remainder of this section, the variability of the KPIs is assessed looking at 
the boxplot of the KPIs. The boxplots represent, for each scenario (x-axis), the dis-
tribution of the KPIs across physicians. The tables with all the descriptive statistics 
for each KPI and scenario are reported in “Appendix B”.

4.2.1 � Weekend balancing

Figure 5 shows the boxplots relevant to WERh . Each boxplot refers to one of the 
scenarios reported in Table 3. As can be noticed, for most of the scenarios the inter-
quartile range (IQR) is zero—the boxplots collapse into a horizontal segment repre-
senting the median value (ME) as well as the first (Q1) and third (Q3) quartile—and 
for all of them it is smaller than 0.05. This means that 50% of the physicians work 
approximately the same number of weekends. From the boxplots, we can notice that 

Fig. 5   Boxplots of WER



937

1 3

The emergency department physician rostering problem:…

outliers (the dots in the boxplots) are a limited number and are spread over a lim-
ited region. In the worst-case scenario, i.e., scenario 7, the overall range of varia-
tion (max(WERh)-min(WERh )) is equal to 29% meaning that the operator working 
the highest number of weekends, in relative terms, works 29% weekends more than 
the one working the smallest number. In absolute terms, this difference translates in 
approximately 5 weekends in 6 months, which is definitely acceptable.

The number of physicians included in the calculation of WERh is 26 instead of 
27. This is because one physician, by contract, does not work on weekends.

4.2.2 � Night balancing

To assess whether the model succeeds in balancing the (relative number of) nights 
worked by each physician it is necessary to look at the WNRh and NRh KPIs. Look-
ing at Fig. 6 we can notice that, when no shift is preassigned (Scenario 0) the num-
ber of nights worked in the weekends (WNRh , black boxplots) is very well balanced 
across physicians, the IQR is zero and the outliers are very close (and smaller than) 
the median value. In case of hard or soft requests, such a balancing may (scenarios 
1, 2, 3, 4, 7) or may not (scenario 10) significantly worsen. This is because the sce-
narios where the variability of WNRh is higher (e.g. scenario 1, 2, 3, 4, 7) are those 
characterized by the largest optimality gap (see Table 3). Since the balancing of the 
worked weekend nights is an objective that is hierarchically subordinated to the bal-
ancing of the worked weekends, it comes at no surprise that solutions that are not 
optimal are characterized by a large value of WNRh (even when the variability of 
WERh is low).

However, if we consider the nights worked on the whole planning horizon (NRh , 
grey boxplots), we can notice that the overall balancing is indeed good. In fact, the 
IQR, as well as the overall range of variation (Range) of NRh , is limited for all the 
scenarios ( IQR ≤ 0.10 and Range ≤ 0.26 across scenarios). This is because of the 
constraint that bounds the maximum number of nights that physicians can work 

Fig. 6   Boxplot of WNR and NR
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(24). Such a constraint prevents physicians that worked a high number of nights in 
the weekends (first phase) to be assigned a high number of night shift on weekdays.

4.2.3 � Morning‑afternoon balancing

To assess whether physicians are assigned with a balanced number of morning and 
afternoon shifts, it is necessary to look at the AMMAIRh and MAIRh . The lower the 
variability of these KPIs the smaller the (relative and absolute) difference between 
morning and afternoon shifts worked across physicians.

Looking at AMMAIRh (black boxplots in Fig. 7 and Table 10 in “Appendix B”) 
we can notice that for the scenario with no preassigned shifts (scenario 0) the vari-
ability of AMMAIRh is very limited (IQR < 0.06 , SD < 0.5 ) and the median and 
mean values are very low ( M = 0.13 , Q2 = 0.09 ). It implies that all the physicians, 
every month, are assigned with a very well balanced number of morning and after-
noon shifts. For all other scenarios, this imbalance is quite limited and equally dis-
tributed, except for some (one or two) physicians whose AMMAIRh , in certain sce-
narios (scenarios 1, 2, 3, 4, 11, 12) is equal to 1. These outliers are representative of 
a total imbalance, i.e., they refer to physicians, that, each month, work either morn-
ing or afternoon shifts. A closer look at the data, however, reveals that the physicians 
corresponding to the boxplots’ outliers work less than 2 shifts per month (across 
scenarios). This implies that a very limited absolute imbalance between the num-
ber of afternoon and morning shifts scheduled (e.g. 1 or 2 shifts per month) trans-
lates into a large value of AMMAIRh (e.g. from 0.5 up to 1), even if this imbalance 
does not significantly affect the value of the objective function. If we look at MAIRh 
(grey boxplots in Figure 7 and Table 11 in “Appendix B”), in fact, we can notice 
that, when considering the total number of afternoon and morning shifts worked in 
the planning horizon, regardless to the considered scenario, the median value of the 
imbalance significantly decreases, and the variability across scenarios decreases as 
well. This means that the physicians working one or two shifts per month, alternate 

Fig. 7   Boxplots of AMMAIR and MAIR



939

1 3

The emergency department physician rostering problem:…

the type of shift worked from 1 month to another (e.g. they may work two morning 
shifts 1 month, and two afternoon shifts the following one).

Hence, if we consider the whole planning horizon (i.e. MAIRh ) the solution 
returned by the model is both desirable (M < 0.15 , ME < 0.04 across scenarios) and 
equitable across physicians (IQR < 0.10 , SD < 0.9 across scenarios).

4.2.4 � Overall workload balancing

To assess whether the overall workload is well balanced across physicians, we can 
look at the boxplots of WLR in Fig. 8 (and Table 12 in “Appendix B”).

From the boxplots emerges that the model obtains decently balanced solutions 
(IQR ranges between 0.08 and 0.13 across scenarios). Half of the physicians work 
between 80 and 94% of the total time they could work by contract. Yet, the over-
all range of variation for this KPI is quite large (Range > 0.37 across scenarios) 
with values that are well below the median value. This is due to two facts. First 
and foremost, the workload balancing is not included in the model’s objective func-
tion, therefore it is a (desirable) side-effect of the balancing of weekends, nights, and 
morning-afternoon shifts. Secondly, the physicians considered in the calculation of 
this KPI (the whole population composed by 27 physicians) are heterogeneous in 
terms of number and types of shifts and hours they can work.

In fact, if we split the population between flexible (black boxplots in Fig. 9 and 
Table 13 in “Appendix B”) and not-flexible physicians (grey boxplots in Fig. 9 and 
Table 14 13 in “Appendix B”) we can notice that the workload balancing is excellent 
across scenarios for the flexible physicians. All of them work between 93% and 98% 
of their available time (across scenarios).

While flexible physicians can cover all shifts, the not-flexible ones can cover 
only a limited subset. Leveling the utilization of these latter physicians is therefore 
harder. Compared with the flexible ones, not-flexible operators are characterized by 

Fig. 8   Boxplots of WLR
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a smaller median value of WLRh and by a significantly higher variability of this 
KPI. A closer look at the data reveals that the outliers in all the (grey) boxplots cor-
respond, across scenarios, to the same physicians. These physicians do not work on 
weekends or work at nights or on Sundays only.

5 � Application of the models to benchmark instances 
from the literature

To generalize our findings and to demonstrate the applicability of our model in 
settings other than the Alpha hospital, in this section we report the computational 
results obtained on a set of benchmark instances from the literature (Wickert et al. 
2020). Specifically, in Sect. 5.1 we describe the structure of the instances highlight-
ing similarities and differences with the Alpha ones, while in Sect. 5.2 we report and 
discuss the computational results in terms of computational efficiency and solution 
quality.

5.1 � Setting description

Instances in (Wickert et al. 2020) have been generated according to the general and 
realistic structure defined in the International Nurse Rostering competition (Ceschia 
et al. 2019). We briefly report their main features: (1) 4-week planning horizon; (2) 
5 weekdays (from Monday to Friday) and 2 weekend days (Saturday and Sunday); 
(3) 3 skills each corresponding to a different unit (Inpatient Units); (4) 3 types of 
shifts (Early, Late and Night shift); (5) 2 types of contracts (Full time or Half time 
each characterized by a minimum and maximum number of workable shifts). Shifts 
in our models correspond to all the combinations of skills and shift types above 
mentioned for a total of 9 work shifts. According to the notation used in Wickert 

Fig. 9   Boxplots of WLR for flexible (WLR_f) and not-flexible (WLR_nf) pysicians
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et al. (2020), we consider the hard (H) and soft (S) constraints listed below. For each 
one, we report in parentheses the way we model them.

H1 A physician can be assigned to at most one shift per day during weekdays 
(graph construction and constraints (1, 2, 3)
H2 Minimum number of physicians per day/shift/location (new constraints 32)
H3 Maximum number of physicians per day/shift/location (new constraints 32)
H4 A physician must be assigned to both Early and Late shifts, or a Night shift, 
or have a day off on weekend days (graph construction)
H5 Invalid shift succession (graph construction)
H6 A physician can be unavailable for some shifts or days (replaced by soft con-
straints)
H7 On weekend days a physician can work both Early and Late shifts in the same 
day. When this happens, physicians must work the two shifts at the same unit 
(graph construction)
H8 A physician must be qualified to work at specific locations (graph construc-
tion)
S3 Undesired working day or shift (soft constraints)
S6 Minimum and maximum number of assignments over the planning horizon 
according to the working contract (soft constraints).

Constraints (4) in the models are replaced by constraints (32) to reflect H2 and H3 
with c

il
 and cil defining respectively the minimum and the maximum number of phy-

sicians per day/shift.

The purpose of this section is not to compare our approach with the one proposed 
in Wickert et al. (2020). Rather, the purpose is to generalize the results discussed in 
Sects. 4.1 and 4.2 by extending the experimental tests. For this reason, on this new 
set of instances, we have retained both the two-phase approach and the respective 
objective functions and have not considered additional soft constraints from Wickert 
et al. (2020) with the exception of the soft constraint relative to workable number of 
shifts over the planning horizon.

Of the instances reported in Wickert et al. (2020) we have considered only those 
with 50 physicians (10 in total). This is because the authors show that for the larger 
instances (characterized, respectively, by 100 and 150 doctors) in their dataset Cplex 
was not able to find a solution in a reasonable amount of time.

The benchmark instances differ from the Alpha ones in terms of: (1) number and 
type of physicians; (2) the set of feasibility constraints; (3) number of (hard and soft) 
requests.

With respect to the number and type of physicians, the benchmark instances are 
characterized by 50 fully flexible physicians (i.e., all of them can work all shifts), 
while in the Alpha’s ones there are 27 physicians that can be either flexible or not-
flexible. In both instance sets, there are full-time and part-time operators and the 

(32)c
il
≤

∑

h∈H

∑

j∈S∪oh

xh
jl−1il

≤ cil ∀l ∈ D,∀i ∈ S.
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number of shifts to cover daily, is more or less the same (9 vs. 10). In the benchmark 
instances, operators are characterized by a minimum and maximum number of shifts 
to work monthly depending on their typology (Full vs Half time). However, guaran-
teeing these constraints might make it impossible to ensure adequate coverage for 
each shift. As a consequence, the constraints binding the number of shifts worked 
by each physician have been modeled as soft constraints. Specifically, for each phy-
sician, we define two variables, �h and �h , representing respectively the number of 
shifts exceeding the maximum allowed number of monthly assignments and the 
slack from the minimum. Then, the sum over all the physicians of these surplus and 
slack variables is minimized in the objective function of the second phase with a 
weight smaller than the ones used for the other criteria.

With respect to the feasibility constraints, benchmarks instances refer to a prob-
lem less constrained than the one addressed at Alpha: constraints (15, 16, 17, 24, 25) 
are not present here. In addition, the constraints limiting the maximum weekly and 
monthly workload considered in our model (constraints 20 and 21) are replaced by 
the above mentioned soft constraints binding the number of shifts worked monthly. 
Other types of constraints controlling the quality of the solution, such as those 
related to the consecutiveness of the same shit type, are managed via soft constraints 
in the benchmark instances.

With respect to the number of requests, the benchmark instances are character-
ized by a way larger number of hard and soft requests. In addition, these requests are 
all of type 0 (not to work). As for the hard ones, in the original input les about five 
physicians, every day ask not to do any of the nine shifts (equivalently they ask for 
rest), while the number of soft requests varies between 262 and 344. A description 
of the instances in terms of physician typology and requests is given in Table 4.

Specifically, Table 4, in the Requests columns, reports the number of hard and 
soft requests expressed by physicians in the original instances and the number 
of constraints they generate in our instances. Specifically, every week, overall, 

Table 4   Instances from the literature, characteristics. E, L, and N stand respectively for early, late and 
night shifts

Instance Physicians (50) Requests

FullTime HalfTime Any (H0) E(S0) L(S0) N(S0) Tot FTot

1 24 26 140 102 117 94 2199 2094
2 32 18 140 92 85 85 2046 1944
3 21 29 140 110 83 108 2163 2058
4 19 31 140 106 113 125 2292 2178
5 22 28 140 83 108 92 2109 2040
6 21 29 140 95 95 109 2157 2049
7 23 27 140 107 110 103 2220 2115
8 24 26 140 114 85 103 2166 2070
9 23 27 140 107 107 122 2268 2169
10 25 25 140 114 91 102 2181 2121
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physicians express 35 hard requests ( 140 = 35 × 4 ) not to work any of the 9 shifts 
(column Any H0). These requests give rise to 140 × 9 preassigned shifts in our mod-
els. In addition, columns Early S0, Late S0, and Night S0 report the number of soft 
requests in the original instances not to work a early, late or night shift respectively. 
Each of these requests, gives rise to 3 (one for each Inpatient Unit) soft requests in 
our model. The total number of requests to address in our models is given in col-
umn Tot. A preliminary analysis showed that some of the requests appeared in the 
inputs as both hard and soft; the total number of filtered requests to insert after dele-
tion of duplicates is reported in column FTot. In addition, Table 4 reports, for each 
instance, also the mix of physicians in terms of Full and Half time staff. Preliminary 
computational results showed that the high number of hard requests, along with the 
stringent coverage constraints, compromised problem feasibility. For this reason, we 
transformed all hard-type requests to soft and a-posteriori observed the fulfillment 
rate (Fulfill%). Regarding the coverage, every working day the number of shifts to 
cover is between 5 and 6, while for the weekend days this number is between 4 and 5 
(coefficients c

il
 and cil in Constraints 32).

5.2 � Results and discussion

As for the Alpha instances, the numerical analysis presented hereafter investigates: 
(1) the computational performance of the model(s) (Table 5) and (2) the quality of 
the model solutions (6). For the first phase, the model used is the basic one and for 
both phases the time limit is set to 2 h (7200 s).

Table 5 reports separately for each phase and for each instance, the value of the 
objective function components, the computational time expressed in seconds (Time) 
and the optimality gap (Gap%). For the objective function, in the first phase, the 
maximum number of weekends worked (max Y), the maximum number of nights 
worked on weekends (max V), the penalty due to non-satisfaction of requests, i.e., 
the number of unsatisfied requests ( 

∑
� ) are reported. In the second phase instead, 

Table 5   Instances from the literature, computational efficiency

Instance First phase Second phase

maxY maxV
∑

� Time (s) Gap (%) maxZ
∑

�
∑

�
∑

� Time (s) Gap (%)

1 2 2 0 0.13 0 0 32 834 0 7200 31
2 2 2 1 0.15 0 0 33 794 0 7200 18
3 2 2 0 0.12 0 0 25 849 0 7200 0
4 2 2 0 0.10 0 0 32 859 0 7200 28
5 2 2 0 0.13 0 0 23 844 0 7200 35
6 2 2 1 0.14 0 0 37 849 0 7200 30
7 2 2 0 0.21 0 0 38 839 0 7200 45
8 2 2 0 0.13 0 0 30 834 0 7200 0
9 2 2 0 0.17 0 0 46 839 0 7200 50
10 2 2 2 0.14 0 0 67 829 0 7200 55



944	 P. Cappanera et al.

1 3

the components of the objective function concern the maximum imbalance between 
early and late shifts (max Z), the number of unsatisfied requests ( 

∑
� ), the penalty 

resulting from not satisfying the maximum number of shifts allowed per month per 
physician, i.e., the total number of extra shifts ( 

∑
� ), and finally the penalty result-

ing from not satisfying the minimum number of shifts allowed per month per phy-
sician ( 

∑
� ). Looking at Table 5 it is possible to observe that: (1) the first phase is 

solved to optimality very efficiently (within 0.21 seconds in the worst case) and all 
the components of the objective function have, as desired, very small values; (2) the 
second phase is much more time consuming than the first one and in fact, the time 
limit is always reached. In addition, the satisfaction of cover constraints imposes 
that a consistent number of extra shifts is assigned (see column 

∑
� ). The optimality 

gaps are not satisfactory in the second phase. However, observing the value of the 
main component of the objective function (max Z), we observe that early and late 
shifts are very well balanced among physicians. These observations seem to suggest 
that it is the bound, rather than the solution, to be of poor quality.

Table 6 reports for each of the 10 instances the percentage of fulfilled requests 
(Fulfill%) and 5 KPIs (average value M and standard deviation SD): WER and WNR 
which refer to the solution quality in the weekends, and WLR, NR, and MAIR 
describing the quality of the overall solution (first and second phase). For all the 
physicians the maximum number of weekends workable is set to 4. the maximum 
number of nights workable on the weekends is set to 8 (2 in each weekend). and 
the maximum number of nights workable is set to the planning horizon length (30). 
From Table 6 emerges that: (1) the number of satisfied requests is very high (in the 
worst case the not granted requests are only 3.16% of the total); (2) WER and WNR 
are quite low, well balanced across physicians (very low standard deviations) and 
stable across the 10 instances; (3) the high number of shifts to be covered implies a 
high workload (WLR greater than 1), but still well balanced across physicians; (4) 
covering constraints impose also a high number of night shifts per physician (about 
10), however, differently from WLR, night shifts are not well balanced among 

Table 6   Instances from the literature, solution quality

Instance Fulfill (%) WER WNR WLR NR MAIR

M SD M SD M SD M SD M SD

1 98.47 0.50 0.04 0.24 0.03 1.5 0.27 0.3 0.15 0 0
2 98.30 0.49 0.06 0.24 0.05 1.43 0.25 0.3 0.18 0 0
3 98.79 0.50 0.00 0.24 0.04 1.52 0.22 0.3 0.13 0 0
4 98.53 0.50 0.00 0.24 0.04 1.54 0.24 0.3 0.11 0 0
5 98.87 0.50 0.00 0.24 0.04 1.52 0.28 0.3 0.13 0 0
6 98.19 0.50 0.04 0.24 0.05 1.52 0.24 0.3 0.12 0 0
7 98.20 0.50 0.00 0.24 0.04 1.50 0.23 0.3 0.12 0 0
8 98.55 0.50 0.00 0.24 0.05 1.50 0.25 0.3 0.16 0 0
9 97.88 0.49 0.05 0.24 0.04 1.51 0.26 0.3 0.12 0 0
10 96.84 0.50 0.04 0.24 0.03 1.49 0.22 0.3 0.12 0 0
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physicians as the standard deviation clearly shows; (5) the balance between early 
and late shifts is of excellent quality. The only unsatisfactory KPI is therefore NR: in 
future research, it might be interesting to include in the second phase the constraints 
of night balancing currently used in the first phase or to provide other mechanisms 
for equitable distribution of these shifts.

6 � Conclusions

In this study, we have proposed a two-phase approach to the EDPRP and devel-
oped two network-based optimization models that allow implementing the proposed 
approach in a real setting. The models have been tested both on real data from a 
leading European Hospital and on benchmark instances from the literature. Their 
effectiveness has been shown using six KPIs purposely defined. The results pre-
sented in Sect. 4, demonstrate that the proposed models allow for: (1) taking into 
consideration the plurality of features characterizing the physician rostering problem 
(heterogeneity of work contract, presence of hard and soft requests); (2) obtaining 
equitable schedules, by evenly balancing undesirable shifts across operators both in 
the long and in the medium term; (3) letting physicians know, well in advance, the 
weekends when they will be expected to be on duty, and (4) accommodating the 
physicians’ hard and (most of the) soft requests. This latter type of requests, how-
ever, makes the problem significantly more complex to solve. In fact, to find feasible 
solutions in a reasonable amount of time, we needed to introduce a set of valid ine-
qualities thus strengthening the linear programming relaxations of the base models. 
Yet, in certain scenarios coming from the Alpha setting, the presence of soft con-
straints prevented us from finding optimal solutions within the fixed time limit. This 
means that an excessive number of this type of requests may hamper the quality of 
the solution even if they are not fulfilled.

Appendix A

In this section, we report the formal description of the Key Performance Indicators 
used to analyze the quality of the solutions. Such indicators are defined for each phy-
sician h and they are the followings: Weekend Ratio (WERh ), Weekend Nights Ratio 
(WNRh ), Nights Ratio (NRh ), Average Monthly Morning-Afternoon Imbalance 
Ratio (AMMAIRh ), Morning-Afternoon Imbalance Ratio (MAIRh ), and Workload 
Ratio (WLRh ). As stressed in Sect.  4.2, the computation of each KPI takes into 
account global and individual constraints of each physician. The KPIs are defined in 
terms of variables and notation introduced in Sect. 3. Hereinafter, we assume that yh

w
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and xh
iljl+1

 are the values that the variables yh
w
 and xh

iljl+1
 respectively assume in the 

best solution provided by the tho-phase algorithm.

Weekends

WERh is defined as the ratio between the total number of weekends assigned to phy-
sician h and the maximum number of weekends physician h can work. Specifically, 
the total number of weekends assigned to h is given by summing the value of all the 
0-1 weekend assignment variables yh

w
 relative to h over the planning period, whereas 

the maximum number of weekends a physician can work is the upper-rounded half 
of the weekends in the planning period (nobody can work two consecutive week-
ends). More formally,

where Hwe ⊆ H is the subset of physicians who can be on duty on weekends.

Night shifts

KPIs concerning night shifts are NRh and WNRh . NRh is defined as the total number 
of night shifts assigned to physician h in the whole programming period normalized 
over the maximum number of possible night shifts; WNRh instead accounts for the 
number of night shifts assigned during the weekends normalized over the maximum 
number of possible night shifts in the weekends. More specifically, in terms of the 
0-1 assignment variables x, the total number Kh

n
 of night shifts assigned to physician 

h is defined as

with Hn ⊆ H the subset of physicians who can be on duty on night. Thus, the KPI 
NRh is defined as:

WERh =

∑
w∈W y

h

w

⌈
�W�

2
⌉

∀h ∈ Hwe

Kh
n
=
∑

l∈D

∑

i∈Sn

∑

j∈S∪dh

x
h

iljl+1
∀h ∈ Hn
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The maximum number of possible night shifts takes into account the minimum 
number of days ( d ) that must elapse between two night shifts.

Analogously, the number WKh
n
 of night shifts assigned during the weekends to 

physician h is defined as

with Dw ⊆ D the subset of days corresponding to weekend days in the planning 
horizon. Consequently, WNRh , is defined as:

In fact, the maximum number of night shifts a physician can work on weekends is 
defined as half of the number of weekends in the planning horizon since physician h 
can work at most a night shift in a weekend and physicians cannot work on consecu-
tive weekends.

For those physicians h who can work only on weekend days NRh = WNRh.

Morning‑afternoon shifts

KPIs to evaluate the fair distribution of morning and afternoon shifts are AMMAIRh 
and MAIRh . Suppose that:

In terms of the 0-1 assignment variables x, Mh
k
 and Ah

k
 are defined respectively as:

Then, AMMAIRh sums the monthly imbalance ratios computed, month by month, 
as the absolute difference between morning and afternoon shifts assigned in the 
month over their sum, i.e.,

NRh =
Kh
n

⌈
�D�

d
⌉

∀h ∈ Hn.

WKh
n
=

∑

l∈Dw

∑

i∈Sn

∑

j∈S∪dh

x
h

iljl+1
∀h ∈ Hn

WNRh =
WKh

n

⌈
�W�

2
⌉

∀h ∈ Hn.

T is the set of months in the planning period

Tk ⊆ D is the set of days in month k with k ∈ T

Mh
k

is the number of morning shifts assigned to h in month k

Ah
k

is the number of afternoon shifts assigned to h in month k.

Mh
k
=
∑

l∈Tk

∑

i∈Sm

∑

j∈S∪dh

x
h

iljl+1
∀h ∈ H, ∀k ∈ T

Ah
k
=
∑

l∈Tk

∑

i∈Sa

∑

j∈S∪dh

x
h

iljl+1
∀h ∈ H, ∀k ∈ T .
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whereas MAIRh gives the overall imbalance ratio computed as the absolute differ-
ence between all the morning and afternoon shifts assigned in the planning period 
over their sum, i.e.

Workload

KPI WLRh measures the ratio between the total number of hours worked by h in the 
overall planning period over the maximum workload h may accept according to their 
individual employment contract. Specifically, WLRh is defined as

where |T| is the number of months in the planning period.

Appendix B

In Tables 7, 8, 9, 10, 11, 12, 13 and 14, separately for each KPI, descriptive sta-
tistics are given, either computed over the complete set of physicians or stratified 
by work contracts. The notation used is shown below. 

N Sample size
M Mean value
SD Standard deviation
min Minimum value
Q1 First quartile
ME Median
Q3 Third quartile
max Maximum value
IQR Inter quartile range (Q3–Q1)
range Difference between maximum 

and minimum values (max–
min)

AMMAIRh =
∑

k∈T

|Ah
k
−Mh

k
|

Ah
k
+Mh

k

∀h ∈ H

MAIRh =

�
�
�

∑
k∈T A

h
k
−
∑

k∈T M
h
k

�
�
�

∑
k∈T (A

h
k
+Mh

k
)

∀h ∈ H.

WLRh =

∑
l∈D

∑
i∈S

∑
j∈S∪dh wix

h

iljl+1

m
h
⋅ �T�

∀h ∈ H



949

1 3

The emergency department physician rostering problem:…

Ta
bl

e 
7  

W
ee

ke
nd

 R
at

io
 (W

ER
), 

de
sc

rip
tiv

e 
st

at
ist

ic
s

Sc
en

ar
io

Pr
ea

ss
ig

ne
d 

sh
ift

s
N

M
SD

m
in

Q
1

Q
2

Q
3

m
ax

IQ
R

R
an

ge

0
H

1 
=

 0
, H

0 
=

 0
, S

1 
=

 0
, S

0 
=

 0
26

0.
84

0.
04

0.
71

0.
86

0.
86

0.
86

0.
86

0.
00

0.
14

1
H

1 
=

 0
, H

0 
=

 0
, S

1 
=

 1
, S

0 
=

 1
26

0.
84

0.
06

0.
71

0.
79

0.
79

0.
86

0.
93

0.
07

0.
21

2
H

1 
=

 0
, H

0 
=

 0
, S

1 
=

 1
, S

0 
=

 1
26

0.
85

0.
05

0.
71

0.
80

0.
80

0.
86

0.
93

0.
05

0.
21

3
H

1 
=

 0
, H

0 
=

 0
, S

1 
=

 2
, S

0 
=

 2
26

0.
84

0.
05

0.
71

0.
79

0.
79

0.
86

0.
93

0.
07

0.
21

4
H

1 
=

 0
, H

0 
=

 0
, S

1 
=

 2
, S

0 
=

 2
26

0.
84

0.
05

0.
79

0.
79

0.
79

0.
86

0.
93

0.
07

0.
14

5
H

1 
=

 1
, H

0 
=

 0
, S

1 
=

 0
, S

0 
=

 0
26

0.
84

0.
04

0.
71

0.
86

0.
86

0.
86

0.
86

0.
00

0.
14

6
H

1 
=

 1
, H

0 
=

 0
, S

1 
=

 0
, S

0 
=

 0
26

0.
84

0.
04

0.
71

0.
80

0.
80

0.
86

0.
86

0.
05

0.
14

7
H

1 
=

 0
, H

0 
=

 1
, S

1 
=

 0
, S

0 
=

 0
26

0.
84

0.
07

0.
64

0.
79

0.
79

0.
86

0.
93

0.
07

0.
29

8
H

1 
=

 0
, H

0 
=

 1
, S

1 
=

 0
, S

0 
=

 0
26

0.
83

0.
04

0.
79

0.
79

0.
79

0.
86

0.
86

0.
07

0.
07

9
H

1 
=

 1
, H

0 
=

 1
, S

1 
=

 0
, S

0 
=

 0
26

0.
85

0.
03

0.
79

0.
86

0.
86

0.
86

0.
86

0.
00

0.
07

10
H

1 
=

 1
, H

0 
=

 1
, S

1 
=

 0
, S

0 
=

 0
26

0.
84

0.
03

0.
79

0.
86

0.
86

0.
86

0.
86

0.
00

0.
07

11
H

1 
=

 1
, H

0 
=

 1
, S

1 
=

 1
, S

0 
=

 1
26

0.
84

0.
05

0.
64

0.
86

0.
86

0.
86

0.
86

0.
00

0.
21

12
H

1 
=

 1
, H

0 
=

 1
, S

1 
=

 1
, S

0 
=

 1
26

0.
84

0.
03

0.
79

0.
86

0.
86

0.
86

0.
86

0.
00

0.
07



950	 P. Cappanera et al.

1 3

Ta
bl

e 
8  

W
ee

ke
nd

 n
ig

ht
s r

at
io

 (W
N

R
), 

de
sc

rip
tiv

e 
st

at
ist

ic
s

 T
he

 n
um

be
r o

f p
hy

si
ci

an
s (

N
) i

nc
lu

de
d 

in
 th

e 
ca

lc
ul

at
io

n 
of

 W
N

R
 is

 2
0 

in
ste

ad
 o

f 2
7 

be
ca

us
e 

se
ve

n 
ph

ys
ic

ia
ns

, b
y 

co
nt

ra
ct

, d
o 

no
t w

or
k 

ni
gh

t s
hi

fts
 o

r w
or

k 
on

 w
ee

ke
nd

s 
or

 o
n 

Su
nd

ay
s o

nl
y 

Sc
en

ar
io

Pr
ea

ss
ig

ne
d 

sh
ift

s
N

M
SD

m
in

Q
1

Q
2

Q
3

m
ax

IQ
R

R
an

ge

0
H

1 
=

 0
, H

0 
=

 0
, S

1 
=

 0
, S

0 
=

 0
20

0.
27

0.
05

0.
14

0.
29

0.
29

0.
29

0.
29

0.
00

0.
14

1
H

1 
=

 0
, H

0 
=

 0
, S

1 
=

 1
, S

0 
=

 1
20

0.
28

0.
19

0.
00

0.
13

0.
13

0.
43

0.
64

0.
30

0.
64

2
H

1 
=

 0
, H

0 
=

 0
, S

1 
=

 1
, S

0 
=

 1
20

0.
28

0.
19

0.
00

0.
13

0.
13

0.
43

0.
57

0.
30

0.
57

3
H

1 
=

 0
, H

0 
=

 0
, S

1 
=

 2
, S

0 
=

 2
20

0.
28

0.
21

0.
00

0.
14

0.
14

0.
43

0.
79

0.
29

0.
79

4
H

1 
=

 0
, H

0 
=

 0
, S

1 
=

 2
, S

0 
=

 2
20

0.
27

0.
22

0.
00

0.
07

0.
07

0.
45

0.
79

0.
38

0.
79

5
H

1 
=

 1
, H

0 
=

 0
, S

1 
=

 0
, S

0 
=

 0
20

0.
27

0.
13

0.
00

0.
25

0.
25

0.
36

0.
36

0.
11

0.
36

6
H

1 
=

 1
, H

0 
=

 0
, S

1 
=

 0
, S

0 
=

 0
20

0.
27

0.
09

0.
00

0.
21

0.
21

0.
36

0.
36

0.
14

0.
36

7
H

1 
=

 0
, H

0 
=

 1
, S

1 
=

 0
, S

0 
=

 0
20

0.
28

0.
23

0.
00

0.
07

0.
07

0.
39

0.
79

0.
32

0.
79

8
H

1 
=

 0
, H

0 
=

 1
, S

1 
=

 0
, S

0 
=

 0
20

0.
26

0.
12

0.
00

0.
20

0.
20

0.
36

0.
36

0.
16

0.
36

9
H

1 
=

 1
, H

0 
=

 1
, S

1 
=

 0
, S

0 
=

 0
20

0.
27

0.
13

0.
00

0.
14

0.
14

0.
36

0.
36

0.
21

0.
36

10
H

1 
=

 1
, H

0 
=

 1
, S

1 
=

 0
, S

0 
=

 0
20

0.
26

0.
06

0.
07

0.
29

0.
29

0.
29

0.
29

0.
00

0.
21

11
H

1 
=

 1
, H

0 
=

 1
, S

1 
=

 1
, S

0 
=

 1
20

0.
27

0.
10

0.
07

0.
21

0.
21

0.
36

0.
36

0.
14

0.
29

12
H

1 
=

 1
, H

0 
=

 1
, S

1 
=

 1
, S

0 
=

 1
20

0.
26

0.
11

0.
07

0.
20

0.
20

0.
36

0.
36

0.
16

0.
29



951

1 3

The emergency department physician rostering problem:…

Ta
bl

e 
9  

N
ig

ht
s R

at
io

 (N
R

), 
de

sc
rip

tiv
e 

st
at

ist
ic

s

 T
he

 n
um

be
r o

f p
hy

si
ci

an
s 

(N
) i

nc
lu

de
d 

in
 th

e 
ca

lc
ul

at
io

n 
of

 N
R

 is
 2

0 
in

ste
ad

 o
f 2

7 
be

ca
us

e 
se

ve
n 

ph
ys

ic
ia

ns
, b

y 
co

nt
ra

ct
, d

o 
no

t w
or

k 
ni

gh
t s

hi
fts

 o
r w

or
k 

on
 w

ee
ke

nd
s 

or
 o

n 
Su

nd
ay

s o
nl

y 

Sc
en

ar
io

Pr
ea

ss
ig

ne
d 

sh
ift

s
N

M
SD

m
in

Q
1

Q
2

Q
3

m
ax

IQ
R

R
an

ge

0
H

1 
=

 0
, H

0 
=

 0
, S

1 
=

 0
, S

0 
=

 0
20

0.
24

0.
08

0.
13

0.
19

0.
19

0.
29

0.
39

0.
10

0.
26

1
H

1 
=

 0
, H

0 
=

 0
, S

1 
=

 1
, S

0 
=

 1
20

0.
24

0.
06

0.
15

0.
21

0.
21

0.
28

0.
39

0.
07

0.
25

2
H

1 
=

 0
, H

0 
=

 0
, S

1 
=

 1
, S

0 
=

 1
20

0.
24

0.
05

0.
16

0.
21

0.
21

0.
26

0.
34

0.
05

0.
18

3
H

1 
=

 0
, H

0 
=

 0
, S

1 
=

 2
, S

0 
=

 2
20

0.
24

0.
06

0.
14

0.
21

0.
21

0.
27

0.
39

0.
06

0.
25

4
H

1 
=

 0
, H

0 
=

 0
, S

1 
=

 2
, S

0 
=

 2
20

0.
24

0.
07

0.
07

0.
20

0.
20

0.
25

0.
39

0.
06

0.
32

5
H

1 
=

 1
, H

0 
=

 0
, S

1 
=

 0
, S

0 
=

 0
20

0.
24

0.
05

0.
16

0.
21

0.
21

0.
27

0.
39

0.
05

0.
23

6
H

1 
=

 1
, H

0 
=

 0
, S

1 
=

 0
, S

0 
=

 0
20

0.
24

0.
05

0.
16

0.
21

0.
21

0.
26

0.
38

0.
05

0.
21

7
H

1 
=

 0
, H

0 
=

 1
, S

1 
=

 0
, S

0 
=

 0
20

0.
25

0.
07

0.
15

0.
21

0.
21

0.
27

0.
39

0.
05

0.
25

8
H

1 
=

 0
, H

0 
=

 1
, S

1 
=

 0
, S

0 
=

 0
20

0.
24

0.
07

0.
13

0.
20

0.
20

0.
29

0.
39

0.
09

0.
26

9
H

1 
=

 1
, H

0 
=

 1
, S

1 
=

 0
, S

0 
=

 0
20

0.
25

0.
06

0.
20

0.
21

0.
21

0.
26

0.
39

0.
05

0.
20

10
H

1 
=

 1
, H

0 
=

 1
, S

1 
=

 0
, S

0 
=

 0
20

0.
24

0.
06

0.
15

0.
20

0.
20

0.
28

0.
38

0.
08

0.
23

11
H

1 
=

 1
, H

0 
=

 1
, S

1 
=

 1
, S

0 
=

 1
20

0.
24

0.
07

0.
15

0.
20

0.
20

0.
25

0.
39

0.
05

0.
25

12
H

1 
=

 1
, H

0 
=

 1
, S

1 
=

 1
, S

0 
=

 1
20

0.
25

0.
07

0.
13

0.
19

0.
19

0.
30

0.
38

0.
10

0.
25



952	 P. Cappanera et al.

1 3

Ta
bl

e 
10

  
A

ve
ra

ge
 m

on
th

ly
 m

or
ni

ng
-a

fte
rn

oo
n 

im
ba

la
nc

e 
ra

tio
 (A

M
M

A
IR

), 
de

sc
rip

tiv
e 

st
at

ist
ic

s

 T
he

 n
um

be
r o

f p
hy

si
ci

an
s (

N
) i

nc
lu

de
d 

in
 th

e 
ca

lc
ul

at
io

n 
of

 A
M

M
A

IR
 is

 2
2 

in
ste

ad
 o

f 2
7 

be
ca

us
e 

w
e 

ex
cl

ud
ed

 th
e 

ph
ys

ic
ia

ns
 w

or
ki

ng
 o

nl
y 

on
 w

ee
ke

nd
s o

r o
nl

y 
at

 n
ig

ht
 

or
 w

or
ki

ng
 le

ss
 th

an
 6

 h
 p

er
 w

ee
k 

Sc
en

ar
io

Pr
ea

ss
ig

ne
d 

sh
ift

s
N

M
SD

m
in

Q
1

Q
2

Q
3

m
ax

IQ
R

R
an

ge

0
H

1 
=

 0
, H

0 
=

 0
, S

1 
=

 0
, S

0 
=

 0
22

0.
13

0.
05

0.
06

0.
09

0.
09

0.
15

0.
23

0.
06

0.
15

1
H

1 
=

 0
, H

0 
=

 0
, S

1 
=

 1
, S

0 
=

 1
22

0.
19

0.
19

0.
08

0.
12

0.
12

0.
19

1.
00

0.
07

0.
27

2
H

1 
=

 0
, H

0 
=

 0
, S

1 
=

 1
, S

0 
=

 1
22

0.
23

0.
26

0.
06

0.
12

0.
12

0.
20

1.
00

0.
08

0.
20

3
H

1 
=

 0
, H

0 
=

 0
, S

1 
=

 2
, S

0 
=

 2
22

0.
20

0.
22

0.
08

0.
11

0.
11

0.
18

1.
00

0.
06

0.
19

4
H

1 
=

 0
, H

0 
=

 0
, S

1 
=

 2
, S

0 
=

 2
22

0.
19

0.
20

0.
04

0.
10

0.
10

0.
18

1.
00

0.
08

0.
19

5
H

1 
=

 1
, H

0 
=

 0
, S

1 
=

 0
, S

0 
=

 0
22

0.
12

0.
05

0.
03

0.
09

0.
09

0.
13

0.
23

0.
04

0.
21

6
H

1 
=

 1
, H

0 
=

 0
, S

1 
=

 0
, S

0 
=

 0
22

0.
14

0.
05

0.
08

0.
11

0.
11

0.
16

0.
26

0.
05

0.
25

7
H

1 
=

 0
, H

0 
=

 1
, S

1 
=

 0
, S

0 
=

 0
22

0.
15

0.
04

0.
05

0.
13

0.
13

0.
17

0.
22

0.
04

0.
25

8
H

1 
=

 0
, H

0 
=

 1
, S

1 
=

 0
, S

0 
=

 0
22

0.
14

0.
06

0.
06

0.
10

0.
10

0.
17

0.
29

0.
07

0.
24

9
H

1 
=

 1
, H

0 
=

 1
, S

1 
=

 0
, S

0 
=

 0
22

0.
11

0.
04

0.
05

0.
08

0.
08

0.
14

0.
18

0.
06

0.
21

10
H

1 
=

 1
, H

0 
=

 1
, S

1 
=

 0
, S

0 
=

 0
22

0.
12

0.
04

0.
07

0.
09

0.
09

0.
15

0.
20

0.
05

0.
19

11
H

1 
=

 1
, H

0 
=

 1
, S

1 
=

 1
, S

0 
=

 1
22

0.
20

0.
20

0.
07

0.
12

0.
12

0.
16

1.
00

0.
04

0.
43

12
H

1 
=

 1
, H

0 
=

 1
, S

1 
=

 1
, S

0 
=

 1
22

0.
21

0.
27

0.
04

0.
08

0.
08

0.
15

1.
00

0.
07

0.
27



953

1 3

The emergency department physician rostering problem:…

Ta
bl

e 
11

  
M

or
ni

ng
-a

fte
rn

oo
n 

im
ba

la
nc

e 
ra

tio
 (M

A
IR

), 
de

sc
rip

tiv
e 

st
at

ist
ic

s

 T
he

 n
um

be
r o

f p
hy

si
ci

an
s 

(N
) i

nc
lu

de
d 

in
 th

e 
ca

lc
ul

at
io

n 
of

 M
A

IR
 is

 2
2 

in
ste

ad
 o

f 2
7 

be
ca

us
e 

w
e 

ex
cl

ud
ed

 th
e 

ph
ys

ic
ia

ns
 w

or
ki

ng
 o

nl
y 

on
 w

ee
ke

nd
s 

or
 o

nl
y 

at
 n

ig
ht

 o
r 

w
or

ki
ng

 le
ss

 th
an

 6
 h

 p
er

 w
ee

k 

Sc
en

ar
io

Pr
ea

ss
ig

ne
d 

sh
ift

s
N

M
SD

m
in

Q
1

Q
2

Q
3

m
ax

IQ
R

R
an

ge

0
H

1 
=

 0
, H

0 
=

 0
, S

1 
=

 0
, S

0 
=

 0
22

0.
12

0.
04

0.
05

0.
03

0.
03

0.
12

0.
20

0.
10

0.
20

1
H

1 
=

 0
, H

0 
=

 0
, S

1 
=

 1
, S

0 
=

 1
22

0.
13

0.
06

0.
06

0.
02

0.
02

0.
09

0.
26

0.
07

0.
25

2
H

1 
=

 0
, H

0 
=

 0
, S

1 
=

 1
, S

0 
=

 1
22

0.
15

0.
05

0.
09

0.
04

0.
04

0.
10

0.
24

0.
06

0.
24

3
H

1 
=

 0
, H

0 
=

 0
, S

1 
=

 2
, S

0 
=

 2
22

0.
11

0.
06

0.
06

0.
04

0.
04

0.
09

0.
20

0.
05

0.
19

4
H

1 
=

 0
, H

0 
=

 0
, S

1 
=

 2
, S

0 
=

 2
22

0.
10

0.
05

0.
04

0.
04

0.
04

0.
10

0.
23

0.
06

0.
23

5
H

1 
=

 1
, H

0 
=

 0
, S

1 
=

 0
, S

0 
=

 0
22

0.
11

0.
05

0.
06

0.
03

0.
03

0.
08

0.
21

0.
05

0.
21

6
H

1 
=

 1
, H

0 
=

 0
, S

1 
=

 0
, S

0 
=

 0
22

0.
13

0.
07

0.
06

0.
03

0.
03

0.
10

0.
25

0.
08

0.
25

7
H

1 
=

 0
, H

0 
=

 1
, S

1 
=

 0
, S

0 
=

 0
22

0.
13

0.
06

0.
07

0.
03

0.
03

0.
10

0.
26

0.
07

0.
25

8
H

1 
=

 0
, H

0 
=

 1
, S

1 
=

 0
, S

0 
=

 0
22

0.
12

0.
06

0.
05

0.
02

0.
02

0.
11

0.
29

0.
08

0.
29

9
H

1 
=

 1
, H

0 
=

 1
, S

1 
=

 0
, S

0 
=

 0
22

0.
10

0.
05

0.
05

0.
03

0.
03

0.
09

0.
19

0.
06

0.
19

10
H

1 
=

 1
, H

0 
=

 1
, S

1 
=

 0
, S

0 
=

 0
22

0.
09

0.
04

0.
04

0.
04

0.
04

0.
07

0.
23

0.
03

0.
21

11
H

1 
=

 1
, H

0 
=

 1
, S

1 
=

 1
, S

0 
=

 1
22

0.
14

0.
09

0.
05

0.
04

0.
04

0.
10

0.
48

0.
06

0.
47

12
H

1 
=

 1
, H

0 
=

 1
, S

1 
=

 1
, S

0 
=

 1
22

0.
11

0.
06

0.
06

0.
04

0.
04

0.
08

0.
13

0.
04

0.
13



954	 P. Cappanera et al.

1 3

Ta
bl

e 
12

  
W

or
kl

oa
d 

R
at

io
 (W

LR
), 

de
sc

rip
tiv

e 
st

at
ist

ic
s

Sc
en

ar
io

Pr
ea

ss
ig

ne
d 

sh
ift

s
N

M
SD

m
in

Q
1

Q
2

Q
3

m
ax

IQ
R

R
an

ge

0
H

1 
=

 0
, H

0 
=

 0
, S

1 
=

 0
, S

0 
=

 0
27

0.
85

0.
10

0.
60

0.
82

0.
82

0.
93

0.
97

0.
11

0.
37

1
H

1 
=

 0
, H

0 
=

 0
, S

1 
=

 1
, S

0 
=

 1
27

0.
85

0.
10

0.
61

0.
82

0.
82

0.
92

0.
98

0.
10

0.
38

2
H

1 
=

 0
, H

0 
=

 0
, S

1 
=

 1
, S

0 
=

 1
27

0.
86

0.
11

0.
54

0.
83

0.
83

0.
94

0.
97

0.
11

0.
44

3
H

1 
=

 0
, H

0 
=

 0
, S

1 
=

 2
, S

0 
=

 2
27

0.
85

0.
10

0.
56

0.
83

0.
83

0.
92

0.
97

0.
09

0.
41

4
H

1 
=

 0
, H

0 
=

 0
, S

1 
=

 2
, S

0 
=

 2
27

0.
85

0.
09

0.
57

0.
82

0.
82

0.
92

0.
97

0.
10

0.
40

5
H

1 
=

 1
, H

0 
=

 0
, S

1 
=

 0
, S

0 
=

 0
27

0.
85

0.
10

0.
58

0.
82

0.
82

0.
93

0.
97

0.
11

0.
39

6
H

1 
=

 1
, H

0 
=

 0
, S

1 
=

 0
, S

0 
=

 0
27

0.
85

0.
10

0.
61

0.
82

0.
82

0.
92

0.
97

0.
11

0.
37

7
H

1 
=

 0
, H

0 
=

 1
, S

1 
=

 0
, S

0 
=

 0
27

0.
85

0.
11

0.
57

0.
80

0.
80

0.
94

1.
00

0.
14

0.
43

8
H

1 
=

 0
, H

0 
=

 1
, S

1 
=

 0
, S

0 
=

 0
27

0.
85

0.
10

0.
61

0.
80

0.
80

0.
94

0.
97

0.
14

0.
37

9
H

1 
=

 1
, H

0 
=

 1
, S

1 
=

 0
, S

0 
=

 0
27

0.
85

0.
09

0.
56

0.
82

0.
82

0.
90

0.
96

0.
08

0.
41

10
H

1 
=

 1
, H

0 
=

 1
, S

1 
=

 0
, S

0 
=

 0
27

0.
85

0.
10

0.
61

0.
81

0.
81

0.
94

0.
97

0.
13

0.
37

11
H

1 
=

 1
, H

0 
=

 1
, S

1 
=

 1
, S

0 
=

 1
27

0.
85

0.
10

0.
58

0.
81

0.
81

0.
94

0.
97

0.
13

0.
39

12
H

1 
=

 1
, H

0 
=

 1
, S

1 
=

 1
, S

0 
=

 1
27

0.
86

0.
09

0.
61

0.
82

0.
82

0.
92

1.
00

0.
10

0.
39



955

1 3

The emergency department physician rostering problem:…

Ta
bl

e 
13

  
W

or
kl

oa
d 

R
at

io
 (W

LR
), 

fle
xi

bl
e 

ph
ys

ic
ia

ns
, d

es
cr

ip
tiv

e 
st

at
ist

ic
s

Sc
en

ar
io

Pr
ea

ss
ig

ne
d 

sh
ift

s
N

M
SD

m
in

Q
1

Q
2

Q
3

m
ax

IQ
R

R
an

ge

0
H

1 
=

 0
, H

0 
=

 0
, S

1 
=

 0
, S

0 
=

 0
5

0.
96

0.
01

0.
94

0.
95

0.
95

0.
97

0.
97

0.
02

0.
03

1
H

1 
=

 0
, H

0 
=

 0
, S

1 
=

 1
, S

0 
=

 1
5

0.
95

0.
02

0.
93

0.
94

0.
94

0.
95

0.
98

0.
01

0.
05

2
H

1 
=

 0
, H

0 
=

 0
, S

1 
=

 1
, S

0 
=

 1
5

0.
95

0.
02

0.
92

0.
94

0.
94

0.
96

0.
97

0.
02

0.
05

3
H

1 
=

 0
, H

0 
=

 0
, S

1 
=

 2
, S

0 
=

 2
5

0.
94

0.
02

0.
92

0.
93

0.
93

0.
95

0.
96

0.
01

0.
04

4
H

1 
=

 0
, H

0 
=

 0
, S

1 
=

 2
, S

0 
=

 2
5

0.
94

0.
01

0.
93

0.
94

0.
94

0.
94

0.
95

0.
00

0.
02

5
H

1 
=

 1
, H

0 
=

 0
, S

1 
=

 0
, S

0 
=

 0
5

0.
95

0.
02

0.
92

0.
95

0.
95

0.
96

0.
96

0.
01

0.
04

6
H

1 
=

 1
, H

0 
=

 0
, S

1 
=

 0
, S

0 
=

 0
5

0.
95

0.
02

0.
93

0.
93

0.
93

0.
96

0.
96

0.
03

0.
04

7
H

1 
=

 0
, H

0 
=

 1
, S

1 
=

 0
, S

0 
=

 0
5

0.
95

0.
01

0.
93

0.
94

0.
94

0.
96

0.
96

0.
01

0.
03

8
H

1 
=

 0
, H

0 
=

 1
, S

1 
=

 0
, S

0 
=

 0
5

0.
95

0.
01

0.
94

0.
94

0.
94

0.
95

0.
96

0.
01

0.
02

9
H

1 
=

 1
, H

0 
=

 1
, S

1 
=

 0
, S

0 
=

 0
5

0.
94

0.
03

0.
90

0.
95

0.
95

0.
96

0.
96

0.
01

0.
07

10
H

1 
=

 1
, H

0 
=

 1
, S

1 
=

 0
, S

0 
=

 0
5

0.
95

0.
01

0.
94

0.
95

0.
95

0.
96

0.
96

0.
01

0.
02

11
H

1 
=

 1
, H

0 
=

 1
, S

1 
=

 1
, S

0 
=

 1
5

0.
95

0.
02

0.
93

0.
95

0.
95

0.
96

0.
97

0.
01

0.
04

12
H

1 
=

 1
, H

0 
=

 1
, S

1 
=

 1
, S

0 
=

 1
5

0.
95

0.
01

0.
93

0.
94

0.
94

0.
95

0.
97

0.
01

0.
04



956	 P. Cappanera et al.

1 3

Ta
bl

e 
14

  
W

or
kl

oa
d 

ra
tio

 (W
LR

), 
no

t-fl
ex

ib
le

 p
hy

si
ci

an
s, 

de
sc

rip
tiv

e 
st

at
ist

ic
s

Sc
en

ar
io

Pr
ea

ss
ig

ne
d 

sh
ift

s
N

M
SD

m
in

Q
1

Q
2

Q
3

m
ax

IQ
R

R
an

ge

0
H

1 
=

 0
, H

0 
=

 0
, S

1 
=

 0
, S

0 
=

 0
22

0.
82

0.
10

0.
60

0.
80

0.
80

0.
89

0.
97

0.
09

0.
37

1
H

1 
=

 0
, H

0 
=

 0
, S

1 
=

 1
, S

0 
=

 1
22

0.
82

0.
10

0.
61

0.
81

0.
81

0.
88

0.
97

0.
07

0.
37

2
H

1 
=

 0
, H

0 
=

 0
, S

1 
=

 1
, S

0 
=

 1
22

0.
84

0.
11

0.
54

0.
83

0.
83

0.
92

0.
97

0.
09

0.
44

3
H

1 
=

 0
, H

0 
=

 0
, S

1 
=

 2
, S

0 
=

 2
22

0.
83

0.
10

0.
56

0.
82

0.
82

0.
90

0.
97

0.
08

0.
41

4
H

1 
=

 0
, H

0 
=

 0
, S

1 
=

 2
, S

0 
=

 2
22

0.
84

0.
09

0.
57

0.
80

0.
80

0.
89

0.
97

0.
09

0.
40

5
H

1 
=

 1
, H

0 
=

 0
, S

1 
=

 0
, S

0 
=

 0
22

0.
83

0.
10

0.
58

0.
79

0.
79

0.
87

0.
97

0.
08

0.
39

6
H

1 
=

 1
, H

0 
=

 0
, S

1 
=

 0
, S

0 
=

 0
22

0.
83

0.
09

0.
61

0.
79

0.
79

0.
88

0.
97

0.
09

0.
37

7
H

1 
=

 0
, H

0 
=

 1
, S

1 
=

 0
, S

0 
=

 0
22

0.
82

0.
11

0.
57

0.
78

0.
78

0.
88

1.
00

0.
10

0.
43

8
H

1 
=

 0
, H

0 
=

 1
, S

1 
=

 0
, S

0 
=

 0
22

0.
83

0.
10

0.
61

0.
78

0.
78

0.
88

0.
97

0.
10

0.
37

9
H

1 
=

 1
, H

0 
=

 1
, S

1 
=

 0
, S

0 
=

 0
22

0.
83

0.
09

0.
56

0.
81

0.
81

0.
87

0.
95

0.
06

0.
39

10
H

1 
=

 1
, H

0 
=

 1
, S

1 
=

 0
, S

0 
=

 0
22

0.
83

0.
09

0.
61

0.
80

0.
80

0.
88

0.
97

0.
08

0.
37

11
H

1 
=

 1
, H

0 
=

 1
, S

1 
=

 1
, S

0 
=

 1
22

0.
83

0.
09

0.
58

0.
80

0.
80

0.
88

0.
94

0.
08

0.
36

12
H

1 
=

 1
, H

0 
=

 1
, S

1 
=

 1
, S

0 
=

 1
22

0.
84

0.
09

0.
61

0.
81

0.
81

0.
88

1.
00

0.
07

0.
39



957

1 3

The emergency department physician rostering problem:…

Funding  Open access funding provided by Università degli Studi di Firenze within the CRUI-CARE 
Agreement.

Open Access  This article is licensed under a Creative Commons Attribution 4.0 International License, 
which permits use, sharing, adaptation, distribution and reproduction in any medium or format, as long as 
you give appropriate credit to the original author(s) and the source, provide a link to the Creative Com-
mons licence, and indicate if changes were made. The images or other third party material in this article 
are included in the article’s Creative Commons licence, unless indicated otherwise in a credit line to the 
material. If material is not included in the article’s Creative Commons licence and your intended use is 
not permitted by statutory regulation or exceeds the permitted use, you will need to obtain permission 
directly from the copyright holder. To view a copy of this licence, visit http://​creat​iveco​mmons.​org/​licen​
ses/​by/4.​0/.

References

Adams T, O’Sullivan M, Walker C (2019) Physician rostering for workload balance. Oper Res Health 
Care 20:1–10

Bard JF, Purnomo HW (2005) Preference scheduling for nurses using column generation. Eur J Oper 
Res 164(2):510–534

Bruni R, Detti P (2014) A flexible discrete optimization approach to the physician scheduling prob-
lem. Oper Res Health Care 3(4):191–199

Brunner JO, Bard JF, Kolisch R (2009) Flexible shift scheduling of physicians. Health Care Manag 
Sci 12:285–305

Brunner JO, Edenharter GM (2011) Long term staff scheduling of physicians with different experi-
ence levels in hospitals using column generation. Health Care Manag Sci 14(2):189–202

Burke EK, De Causmaecker P, Berghe GV, Van Landeghem H (2004) The state of the art of nurse 
rostering. J Sched 7(6):441–499

Cappanera P, Gallo G (2004) A multi-commodity flow approach to the crew rostering problem. Oper 
Res 52(4):583–596

Cappanera P, Scutellà MG (2011) Color-coding algorithms to the balanced path problem: computa-
tional issues. INFORMS J Comput 23(3):446–459

Cappanera P, Scutellà MG, Visintin F (2014) Home care services delivery: equity versus efficiency 
in optimization models. In: Matta A, Li J, Sahin E, Lanzarone E, Fowler J (eds) Proceedings of 
the international conference on health care systems engineering. HCSE 2013, vol 61. Springer 
Proceedings in Mathematics & Statistics. Springer, Cham, pp 1–13

Cappanera P, Visintin F, Rossi R (2020) A two-phase approach to the emergency department physi-
cian rostering problem. In: Bélanger V, Lahrichi N, Lanzarone E, Yalçindağ S (eds) Health care 
systems engineering. HCSE 2019. Springer proceedings in mathematics & statistics, vol 316. 
Springer, Cham, pp 79–91

Ceschia S, Dang N, De Causmaecker P, Haspeslagh S, Schaerf A (2019) The second international 
nurse rostering competition. Ann Oper Res 274(1):171–186

Damcı-Kurt P, Zhang M, Marentay B, Govind N (2019) Improving physician schedules by leveraging 
equalization: cases from hospitals in US. Omega 85:182–193

Dewa, CS, Loong D, Bonato S, Trojanowski L (2017) The relationship between physician burnout and 
quality of healthcare in terms of safety and acceptability: a systematic review. BMJ Open 7(6)

Doi T, Nishi T, Voß S (2018) Two-level decomposition-based matheuristic for airline crew rostering 
problems with fair working time. Eur J Oper Res 267(2):428–438

Erhard M (2021) Flexible staffing of physicians with column generation. Flex Serv Manuf J 33:212–252
Erhard M, Schoenfelder J, Fügener A, Brunner JO (2018) State of the art in physician scheduling. Eur J 

Oper Res 265(1):1–18
Ernst AT, Jiang H, Krishnamoorthy M, Owens B, Sier D (2004) An annotated bibliography of personnel 

scheduling and rostering. Ann Oper Res 127(1–4):21–144
Ernst AT, Jiang H, Krishnamoorthy M, Sier D (2004) Staff scheduling and rostering: a review of applica-

tions, methods and models. Eur J Oper Res 153(1):3–27

http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/


958	 P. Cappanera et al.

1 3

Ferrand Y, Magazine M, Rao US, Glass TF (2011) Building cyclic schedules for emergency department 
physicians. Interfaces 41(6):521–533

Fügener A, Brunner JO, Podtschaske A (2015) Duty and workstation rostering considering preferences 
and fairness: a case study at a department of anesthesiology. Int J Prod Res 53(24):7465–7487

Gross C (2018) Long-term workload equality on duty schedules for physicians in hospitals. In: Pro-
ceedings of the 12th international conference on the practice and theory of automated timetabling 
(PATAT-2018). Available at SSRN: https://ssrn.com/abstract=3277259

Gross CN, Brunner JO, Blobner M (2019) Hospital physicians can’t get no long-term satisfaction-an indi-
cator for fairness in preference fulfillment on duty schedules. Health Care Manag Sci 22(4):691–708

Gunawan A, Lau HC (2013) Master physician scheduling problem. J Oper Res Soc 64(3):410–425
Knust F, Xie L (2019) Simulated annealing approach to nurse rostering benchmark and real-world 

instances. Ann Oper Res 272(1–2):187–216
Millar HH, Kiragu M (1998) Cyclic and non-cyclic scheduling of 12 h shift nurses by network program-

ming. Eur J Oper Res 104(3):582–592
Puente J, Gómez A, Fernández I, Priore P (2009) Medical doctor rostering problem in a hospital emer-

gency department by means of genetic algorithms. Comput Ind Eng 56(4):1232–1242
Sampson SE (2001) Understanding service business. John Wiley & Sons, US
Stolletz R, Brunner JO (2012) Fair optimization of fortnightly physician schedules with flexible shifts. 

Eur J Oper Res 219(3):622–629
Valouxis C, Gogos C, Goulas G, Alefragis P, Housos E (2012) A systematic two phase approach for the 

nurse rostering problem. Eur J Oper Res 219(2):425–433
Van den Bergh J, Beliën J, De Bruecker P, Demeulemeester E, De Boeck L (2013) Personnel scheduling: 

a literature review. Eur J Oper Res 226(3):367–385
Van Huele C, Vanhoucke M (2014) Analysis of the integration of the physician rostering problem and the 

surgery scheduling problem. J Med Sys 38(6):43
Visintin F, Caprara C, Puggelli F (2019) Experimental design and simulation applied to a paediatric 

emergency department: a case study. Comput. Ind Eng 128:755–781
Wickert TI, Kummer Neto AF, Boniatti MM, Buriol LS (2020) An integer programming approach for the 

physician rostering problem. Ann Oper Res. https://​doi.​org/​10.​1007/​s10479-​020-​03552-5
Wong TC, Xu M, Chin KS (2014) A two-stage heuristic approach for nurse scheduling problem: a case 

study in an emergency department. Comput Oper Res 51:99–110
Zhong X, Zhang J, Zhang X (2017) A two-stage heuristic algorithm for the nurse scheduling problem 

with fairness objective on weekend workload under different shift designs. IISE Trans Healthc Syst 
Eng 7(4):224–235

Publisher’s Note  Springer Nature remains neutral with regard to jurisdictional claims in published 
maps and institutional affiliations.

Paola Cappanera  is Associate Professor of Operations Research at 
the Department of Information Engineering of the University of 
Florence. She has a multidisciplinary educationalbackground and she 
defended her Ph.D. thesis in 2000 (University of Milan). Her main 
research interests are in combinatorial optimization and in the design 
of efficient algorithms withparticular attention to healthcare, tele-
communications, and transportation settings. She deeply investigated 
several research topics stemming from very different real contexts; 
the unifyingfeature is the focus on network-flow-based methodolo-
gies and on problem structure. She received the Omega Best Paper 
Award 2018 in the health care and optimization area. She iscurrently 
in the Editorial Board of Flexible Services and Manufacturing Jour-
nal, and Operations Research for Health Care.

https://doi.org/10.1007/s10479-020-03552-5


959

1 3

The emergency department physician rostering problem:…

Filippo Visintin  is Associate Professor of Service Design and Manage-
ment at the School of Engineering of Florence University. He is Scien-
tific Director of the Information Based IndustrialServices Laboratory. 
He is member of the Italian Management Engieneering Association 
(Associazione italiana Ingegneria Gestionale - AiIG). He is co-founder 
and co-owner ofSmartOperations srl (www.smartoperations.it). His 
research interests include servitization of manufacturing, health care 
operations management, discrete-event simulation, and circularecon-
omy. He is the author of several research papers published in prestig-
ious international journals such as European Journal of Operational 
Research, Industrial Marketing Management,International Journal of 
Production Economics, Computers in Industry, Computers and Indus-
trial Engineering, Flexible Service and Manufacturing Journal, Man-
agement Decision, Journal ofIntelligent Manufacturing, Production 
Planning and Control and IMA Journal of Management Mathematics. 
He served as guest editor for Management Decision and Flexible Ser-
vice andManufacturing Journal.

Roberta Rossi  is graduated in Telecommunications Engineering. As 
a Ph.D. student in Smart Industry, she has dealt with topics such as 
Health Care Management Optimization, NetworkOptimization, and 
Machine Learning.

Authors and Affiliations

Paola Cappanera1 · Filippo Visintin2   · Roberta Rossi1

 *	 Filippo Visintin 
	 filippo.visintin@unifi.it

	 Paola Cappanera 
	 paola.cappanera@unifi.it

	 Roberta Rossi 
	 roberta.rossi@unifi.it

1	 Dipartimento di Ingegneria dell’Informazione, University of Florence, PO Box 50139, Via 
Santa Marta 3, Florence, Italy

2	 Dipartimento di Ingegneria Industriale IBIS Lab., University of Florence, PO Box 50134, Viale 
Morgagni 40/44, Florence, Italy

http://orcid.org/0000-0003-3262-6844

	The emergency department physician rostering problem: obtaining equitable solutions via network optimization
	Abstract
	1 Introduction
	2 Literature overview
	3 The optimization models
	3.1 Notation and common constraints
	3.2 First-phase base model
	3.3 Second-phase base model
	3.4 The enhanced model
	3.4.1 Consecutive weekends on duty
	3.4.2 Linking constraints—weekends and nights on duty


	4 Numerical results
	4.1 Computational performance evaluation
	4.1.1 Impact of the length of the planning horizon on the computational performance
	4.1.2 Impact of preassigned shifts on the computational performance

	4.2 Analysis of solution quality
	4.2.1 Weekend balancing
	4.2.2 Night balancing
	4.2.3 Morning-afternoon balancing
	4.2.4 Overall workload balancing


	5 Application of the models to benchmark instances from the literature
	5.1 Setting description
	5.2 Results and discussion

	6 Conclusions
	References




