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ABSTRACT

This paper aims at supporting healthcare organizations in automatically generating rostering plans by
combining optimization and process mining approaches. Based on event logs from the information system,
we propose a decision support system that simulates work schedules. Managing staff workshifts is a
complicated issue to solve especially in large and complex organizations such as those in the healthcare
sector. A number of different factors can be taken into account, i.e., operative constraints, personal preferences
and regulations must be considered in order to produce the best plan. In our approach we exploit the idea
for which the patterns included in the realised rostering plans could represent the personal needs and the
unspoken habits of the personnel. Based on this remark, we propose a three-step methodological framework
– rostering optimization, pattern extraction, pattern adaptation – that it was applied to a real-world scenario.

1 INTRODUCTION

One of the problems that typically affect organizations is managing staff rostering. Workshift scheduling
is particularly relevant for service organizations dealing with critical activities, such as healthcare, due to
the complexity of managing medical care.

A number of factors need to be taken into account when planning shifts, starting with the operative
and contractual constraints, as well as personal needs and the often unspoken habits of staff. All of these
factors are usually considered explicitly or implicitly by the staff management who manually prepares shift
schedules. In addition to the human effort required, such a schedule may not always be the best plan,
considering the high complexity of the problem.

In this paper, we aim to provide support to healthcare organizations in automatically generating rostering
plans by combining optimization and process mining approaches, which is the main novelty of this paper.
Exploiting the idea for which the patterns included in the realised rostering plans could represent the
personal needs and the unspoken habits of the personnel, we propose a methodological framework based
on the following three different steps: rostering optimization, pattern extraction, pattern adaptation. We
present our decision support method for healthcare management based on real event logs.

In the remainder of the paper we first introduce background in Section 2. Then we describe the three
phases of the overall approach: the optimization phase (Section 3), the pattern extraction phase (Section 4),
the model adaptation phase (Section 5). Finally, while Section 6 provides insights about the results, Section 7
concludes the paper.
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2 BACKGROUND

In this section we discuss first the related work (Section 2.1) and then we report the details of the case
study we aim at investigating in the paper (Section 2.2).

2.1 Related work

Simulation and decision-making support systems in healthcare have been extensively applied in different
healthcare sectors (Moreira et al. 2019). Hybrid models that combine simulation and optimization are
becoming more popular (Lather and Messner 2018). A recent work proposes a robust model that plans
bed capacity and optimizes staffing levels (Ordu et al. 2021). Similarly, in (Ahmed and Alkhamis 2009),
optimization with integer linear programming integrated with forecasting and DES simulation provides a
decision support tool for an hospital emergency department to improve service efficiency.

Staff rostering problems have been widely investigated in the literature. For detailed surveys on this
topic, we refer to Ernst et al. (2004), Ernst et al. (2004) and the two volumes by Jiang et al. (2004). The
nurse rostering problem in particular has been widely addressed in the literature, as reported in Burke et al.
(2004). Real life applications of nurse rostering have been investigated in Kellogg and Walczak (2007),
and some applications are available in Bellanti et al. (2004) and Addis et al. (2012).

In the area of business process analysis, the most interesting developments have been precisely in
the exploitation of data about the processes collected in information systems (Dumas et al. 2018). The
relationship between simulation and information systems has been discussed extensively in recent years
(Beese et al. 2019), and some efforts has been done to adopt PM to build a business process simulation
model (Martin et al. 2016). Health Information Systems (HIS) can be leveraged to retrieve information
on actual event logs. Process mining is a discipline that aims to extract knowledge directly from data
collected in the information system of an organization (van der Aalst 2016). Challenges related to healthcare
processes, which we discuss in this article, have been systematized recently (Munoz-Gama et al. 2022).

Recent work summarizes the role of knowledge extraction using simulation-based optimization in
organizations by performing an application study to provide a flexible pattern mining algorithm in a
DSS (Karlsson et al. 2015). Some efforts using healthcare event logs concern the interarrival times (Martin
et al. 2015). Applications to the emergency department is reported in Duma and Aringhieri (2020).

A recent work focused on the extraction of significant pathways from a medico-administrative database
by adopting a process mining approach (Phan et al. 2019). Authors derived a causal network from
healthcare even logs, to be converted into a state-chart model. The corresponding simulation addressed
what-if scenarios to propose an improved care pathway by focusing on times of occurrence of complications
and associated costs.

2.2 Case study

The Presidio Sanitario Cottolengo is a multidisciplinary hospital in Turin, one of the largest cities in Italy.
The hospital is able to provide about 150 beds, from General Medicine to Oncology Department. The
surgical area includes multiple disciplines as General Surgery, Orthopedics, Urology, Ophthalmology, as
well as Rehabilitation, Breast Unit, and Long-term Care. Around 5,452 hospitalizations and more than
350,000 medical services are performed every year, totalling about 40,000 daily hospital stays.

Dataset. Our dataset includes information about personnel on workshifts. In particular, we focus on
the most stable positions such as nurses (NUR) and health and social workers (OSS). The dataset includes
two types of data, related to 131 employees (NUR and OSS):

• the workshift plan, that is a plan related to the planned workshifts for the months of January and
February 2021 in different wards: surgical area, long-term care, medical, oncology and rehabilitation
ward;
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• the stamping log, that is data related to the daily entrance and exit stamping carried out by the
personnel starting or concluding the workshift during the same months in the same wards.

Table 1: Example of workshift plan related to the month of February.

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 21 22 23 24 25 26 27 28
E1 3 3 R R 2 2 2 R R 3 3 R R 1 1 2 2 F R R R 1 2 2 2 2 R 3
E2 2 2 R R 1 1 1 1 1 R R 1 1 1 1 R R 1 1 1 1 R R 1 1 1 1 R

... ... ...

En R 1 2 R 1 1 1 2 2 R R 1 1 3 3 R R 2 2 2 R R 1 3 3 R R 1

The workshift plan contains, for each day of the month, and for each employee the workshift that
has been planned, e.g., the morning workshift (indicated with “1”), the afternoon workshift (2), the night
workshift (3), the rest workshift (R), the day off (F). For instance, Table 1 shows an example of the
planned workshifts related to the month of February. The employee E1 for instance has a night workshift
on February 1 and February 2 and then a rest workshift on February 3 and 4.

Table 2: Excerpt of an example of stamping log.

E1 01-02-2021 21.25 Entrance
E1 02-02-2021 06.19 Exit
E2 01-02-2021 13.32 Entrance
E2 01-02-2021 22.23 Exit
... ... ... ...

The stamping log contains, instead, for each day of work and for each employee, the entrance and exit
stamping and the corresponding timestamp. For instance, Table 2 shows an example excerpt of a stamping
log. The log shows that for instance E1 on February 1 started her workshift at 21.25 and ended it on
February 2 at 6.19, i.e., she carried out the night workshift.

3 ROSTERING OPTIMIZATION

In this section, we present a multi-criteria mixed integer linear programming model (MMIP), which models
the problem of balancing the monthly working hours of the healthcare personnel in accordance with a list
of operative constraints. The following mathematical models handles both NUR and OSS since they have
the same operative and contractual contexts.

We introduce the following notation to represent the parameters of the model. Let P, D, and T be
respectively the sets of the (i) healthcare personnel, (ii) the days in the time horizon, and (iii) the possible
workshifts. Specifically, the set T is composed of four possible workshifts having different durations, that
is Morning (7h 44m), Afternoon (7h 44m), Night (8h 14m), Rest (0h 0m). Such durations are denoted
with ht , t ∈ T . Let δ be the total number of working hours required for each employee during the time
horizon D. For personal reasons, some employees cannot be considered for the night shift. Let Apd be a
0-1 parameter representing the availability of the employee p to cover a night in d ∈ D. The Sdt indicates
the minimum number of employees required on day d ∈ D for the shift t ∈ T .

We introduce the following decision variables. The variable xt
pd ∈ {0,1} is set to 1 when the employee

p ∈ P is assigned to the shift t ∈ T on day d ∈D. The variable yp ∈R+ accounts for the workload assigned
to the employee p ∈ P during the whole time horizon. Let α = maxp∈P yp be the maximum workload
assigned. The variable φt ∈ Z+ accounts for the total number of shift t ∈ T assigned to the personnel.

The constraints (1) model the shift assignment to the personnel.

∑
t∈T

xt
pd = 1 , ∀p ∈ P, ∀d ∈ D (1a)

x3
pd ≤ Apd , ∀d ∈ D, ∀p ∈ P (1b)
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∑
p∈P

xt
pd ≥ Sdt , ∀d ∈ D, ∀t ∈ T (1c)

∑
d∈D

xt
pd ≤ φt , ∀p ∈ P, ∀t ∈ T (1d)

Constraints (1a) guarantee that the assignment of a shift t ∈ T (including the rest shift) to a employee
p ∈ P on day d ∈ D while constraints (1b) ensure that night shifts are not assigned to personnel who are
not available for this shift. Constraints (1c) guarantee that the minimum number of employees has been
assigned to the shift t ∈ T on day d ∈ D. Finally, constraints (1d) measure the number of employees
assigned to each shift t ∈ T during the time horizon.

∑
d∈D

∑
t∈T

htxt
pd = yp , ∀p ∈ P (2a)

yp ≥ δ , ∀p ∈ P (2b)

α ≥ yp , ∀p ∈ P (2c)

Constraints (2) are concerned with the workload assigned to the personnel. Constraints (2a) count the
hour workload assigned to each employee p ∈ P while constraints (2b) impose that such a workload holds
the minimum required. Constraints (2c) determine the maximum workload.

d+5

∑
`=d

∑
t∈T\{rest}

xt
p` ≥ 6kpd , ∀p ∈ P, ∀d ∈ D : d ≤ |D|−5 (3a)

d+5

∑
`=d

∑
t∈T\{rest}

xt
p`−5≤ 6kpd , ∀p ∈ P, ∀d ∈ D : d ≤ |D|−5 (3b)

∑
p∈P

∑
d∈D

kpd = 0 (3c)

Introducing the dummy 0-1 variable kpd with p ∈ P and d ∈D, the set of constraints (3) guarantee that no
one works more that 5 days in a row in accordance with the contract rules. More specifically, constraints (3a)
and (3b) set the corresponding variable kpd to 1 when 6 shifts in a row are assigned to a employee. But
the constraints (3c) avoid this possibility setting to 0 the variable kpd .

d+2

∑
`=d

x3
p` ≥ 3ψpd , ∀p ∈ P, ∀d ∈ D : d ≤ |D|−2 (4a)

d+2

∑
`=d

x3
p`−2≤ 3ψpd , ∀p ∈ P, ∀d ∈ D : d ≤ |D|−2 (4b)

d+4

∑
`=d+3

x4
p` ≥ 2ψpd , ∀p ∈ P, ∀d ∈ D : d ≤ |D|−4 (4c)

ψpd ≤ x4
p(d+3) , ∀p ∈ P, ∀d ∈ D : d = |D|−3 (4d)

x3
p(d−3)+ x3

p(d−2)+ x3
p(d−1)+ x3

pd ≤ 3 , ∀p ∈ P, ∀d ∈ D : d > 3 (4e)

Analogously to constraints (3), the constraints (4) model the contract rule for which after three night shifts
there will be two rest shifts. This has been done introducing the dummy variable ψpd , which is equal to
1 when the employee p ∈ P on day d ∈ D has the third in a row nigh shift (constraints (4a) and (4b)).
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Constraints (4c) impose two rest shifts after three night shifts aside from the case at the end of the planning
horizon in which we can assign just one rest shift (constraints (4d)). Constraints (4e) ensure that a employee
has no more than three night shift in a row. Finally, constraints similar to (4a) and (4b) to set a dummy
variable σpd equals to 1 when a employee has two night shifts in a row are not reported to save space.
Note that the variables σpd are used in the objective function.

D

∑
d

xt
pd ≥ wt −β

t
p , ∀ p ∈ P ,∀t ∈ T (5)

Constraints (5) are introduced to guarantee the shift allowance to the largest number of employees. The
allowance is given if a employee did a minimum number (wt with t ∈ T ) of morning, afternoon and night
shifts at the end of the time horizon. By consequence, the planning of the shift has to offer this possibility
to the personnel. Since this requirement could lead to infeasibility (especially when employees are on
holiday), we added the dummy variable β t

p to account the number of missing shifts t for the employee p
during the months. The idea is to use a soft constraint for this requirement using the objective functions.

Before introducing the multi-criteria objective function, we would remark that the complete model
accounts also for (i) shift pre-assignment, (ii) holidays, and (iii) special work permits. We did not report
these constraints as they do not affect the complexity of our three-step approach.

To take into account of different needs discussed with the hospital management, we adopt a multi-criteria
objective function as follows.

min z = ν1α +ν2 ∑
p∈P

∑
t∈T

β
t
p−ν3 ∑

d∈D

(
λ1 ∑

p∈P
x1

pd +λ2 ∑
p∈P

x2
pd +λ3 ∑

p∈P
x3

pd

)
+ν4τ−ν5 ∑

p∈P
∑

d∈D
σ

d
p , (6)

where ∑
5
i νi = 1 and τ ≥ φt , ∀t ∈ T . The first term of (6) represents the needs of fairly distribute the

workload among the personnel minimizing the maximum workload assigned. The second term of (6)
fosters the shift assignment in such a way to make possible the shift allowance to everyone. As soon as
the personnel minimum requirement is satisfied by constraints (1c), the third term of (6) distributes the
exceeding employees (if any) among the three shifts prioritising the morning shift, then the afternoon shift,
and finally the night shift (this is done setting the weights λ1 > λ2 > λ3 and their sum equals to 1. Finally,
the fourth and the fifth terms of (1c) pushes respectively a fair distribution of the type of shifts and of the
three nights in a row among the personnel.

We would remark that the objective function (6) is a convex combination of five convex terms, each one
representing different criteria. Therefore, the Geoffrion’s theorem guarantees to compute a strict supported
Pareto solution (Geoffrion 1968).

4 PATTERN EXTRACTION

In order to be able to extract the most frequent shift patterns adopted by the personnel of the Cottolengo
Hospital, we extracted a hybrid workshift log obtained by combining the information of the planned shifts
and the data (employee code and timestamp) related to the actual entrance and exit stamping (stamping
log) carried out by the personnel when starting or concluding the workshift. To this aim, we used the
data related to the actual workshifts for identifying, for each NUR and each OSS, and for each day of the
month, whether the employee has worked or not. In the former case, the timestamp of the stamping allows
us to understand whether the workshift has been carried out in the morning (1), in the afternoon (2) or
in the night (3). In the latter case, if the non-working time is aligned with the information related to the
planned workshift, the details about the non-working day can be inferred, e.g., if it is a rest workshift (R),
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a day off (F), a sick leave (M). When, instead, a disalignment occurs between the planned and the actual
workshift, no heuristics can be leveraged and hence a generic no-workshift (X) activity is identified.

The hybrid workshift log can be seen as an event log, in which each case is the history of the workshifts
of an employee (for the two-month span of the study). This means that all cases in the hybrid workshift log
have the same length. Each event in a case represents the workshift carried out in a specific day (i.e., the
timestamp associated to an event corresponds to the day in which the workshift has been carried out and
two consecutive events are carried out in two consecutive days) and is labeled with the “activity” carried
out by the employee in the specific day, e.g., workshift in the morning (1), workshift in the night (3), rest
workshift (R), sick leave (M) and so on. Besides the workshift types in the list, which are the most frequent
ones, other types of workshifts - with a lower frequency - can be found in the workshift plan. We omit
here the complete list as it is not relevant for the purpose of the paper. Moreover, since we analyzed the
data related to different wards, the information related to the ward in which the employee has carried out
the workshift is also reported as data attribute for each event.

Figure 1: Employee workshift process of the Cottolengo Hospital extracted with Disco.

For instance, Figure 1 provides an overview of the main workshift paths followed by the Cottolengo
Hospital employees extracted with Disco (https://www.fluxicon.com/). The model already reveals that the
most frequent workshifts are the rest ones, followed by the ones carried out in the morning and by the
afternoon ones.

In order to mine frequent contiguous sequential patterns from data, that is to identify constraints that are
possibly not explicitly reported as domain knowledge, we resorted to a sequence pattern mining algorithm.
We specifically look at the frequency of a pattern in terms of number of employees who followed the
pattern at least once. To this aim, we specifically leveraged the implementation of the R CSeqPat library
(https://cran.r-project.org/web/packages/CSeqpat/index.html).
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Table 3 reports the frequent contiguous patterns that have been extracted from the hybrid workshift
log related to all the investigated wards. For each pattern, we also report in the table the number of
occurrences of the pattern. For instance, two most frequent patterns are mined from the algorithm. The
first one is related to one of the explicit constraints already used in the optimization model - that is that
three consecutive night workshifts have to be followed by a rest workshift (see constraint 4e). The second
pattern states instead that two morning workshifts are usually followed by an afternoon one. The mined
patterns have been validated by an employee of the Cottolengo hospital.

Table 3: Patterns extracted from the hybrid workshift log through a sequence pattern mining algorithm.

Patterns Number of Occurrences Patterns Number of Occurrences

(3, 3, 3, R) 97 (R, 1, 1, 1) 82
(1, 1, 2) 97 (3, 3, R, 1) 80
(2, R, R) 93 (2, 2, R, R) 78
(1, 2, 2) 90 (2, 3, 3) 77
(1, 1, 1) 90 (3, 3, 3, R, 1) 76

(R, R, 1, 1) 87 (1, 1, R) 75
(R, 1, 1, 2) 82 (2, 2, 2) 74

5 PATTERN ADAPTATION

The last step of our three-step approach concerns the pattern adaptation. The basic idea is to consider
the rostering solution provided by the model reported in Section 3 in such a way to adapt the provided
workshifts in accordance with the patterns identified in Section 4 while maintaining the feasibility and the
optimality of the initial rostering solution.

The algorithm is based on the following adapting mechanism called “rectangular-adaptation”. A
rectangular-adaptation aims at identifying a rectangle inside the roster in such a way that (i) the north-west
shift is equal to the south-east one, and (ii) the north-east shift is equal to the south-west one. An example
is reported in Figure 2.

Figure 2: An example of a rectangle inside the rostering in which the shifts in the opposite corners are
identical.

Exploiting the particular rectangle structure, it is possible to swap assigned shift while maintaining
the feasibility and the optimality of the initial solution, as depicted in Figure 3. The idea is to exploit the
rectangular-adaptation within our algorithm, which is based on the Tabu Search methodology (Glover and
Laguna 1997): the algorithm starts from the optimal rostering computed by the model; then, applying a
sequence of clockwise and counterclockwise rectangular-adaptation, it tries to improve the number, and
eventually the goodness, of desired patterns in the final roster while maintaining its feasibility and optimality.
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Figure 3: an example of rectangular-adaptation.

A score is associated to the initial solution, which is computed as follows. First of all, we associate to
each pattern reported in Table 3 a weight, equal to the number of occurrences reported in the same table.
For instance, the weight of “(3, 3, 3, R)” is 97, for “(2, 3, 3)” is 77, and so on.

For each employee roster, we compute the number of occurrences for each pattern in Table 3. The
employee score is therefore the sum over all patterns of the number of occurrences multiplied by its weight.
For instance, the score of the employee roster “(33R112R1)” is 259 given by the sum of 80 (for “(3, 3, R,
1)”), 82 (for “(R, 1, 1, 2)”), and 97 (for “(1, 1, 2)”). The score of a solution is given by the sum of all
employee scores. An outline of the procedure is in Algorithm 1.

Algorithm 1: Pattern adaptation procedure.
Data: Current Solution S, employees O, Patterns P
Result: Solution S∗

OpsScores← compScores(S, O, P);
T T ← initializeTabuTag(S, O);
k← 0;
while k < Ini do

/* Ini max number of not-improving iterations */
Moves← getAllRectangularAdaptingMoves(S, T T );
SolScore← 0;
for m ∈Moves do

Stmp← doChanges(S, m);
if Stmp is f easible then

[OpScorestmp,Soltmp]← compScores(Stmp, O, P);
if Soltmp > SolScore then

SolScore← Soltmp;
BestMove← m;
if Soltmp > S∗ then

S∗← Soltmp;

S← doChanges(S, BestMove);
S← updateTabuTag(T T , BestMove);
k← k + 1;

return S∗;

1123



Guastalla, Sulis, Aringhieri, Branchi, Di Francescomarino, and Ghidini

At each iteration, the algorithm evaluates all the rectangular-adaptation that can be applied to the current
roster to obtain a potential new feasible roster (that is a roster that continues to satisfy all the constraints in the
mathematical model reported in Section 3). Among them, the algorithm selects the rectangular-adaptation
r determining a new roster with the higher overall score. Note that this score could be less than or equal
to the score of the current roster. To avoid looping over a number of solutions, the algorithm makes use
of a tabu list implemented using tabu tags (Gendreau, Hertz, and Laporte 1994). Therefore the inverse of
the rectangular-adaptation r is forbidden for a specified number of iterations in order to make the current
solution evolve. The algorithms stops after a fixed number iteration is reached.

The pseudocode of our approach in Algorithm 1 makes use of the following procedures:

• compScores(S, O, P): compute the score of each employee o ∈ O from the current solution S
using the set of patterns P;

• getAllRectangularAdaptingMoves(S): compute every rectangular-adaptation moves from
the current solution S;

• doChanges(S, m): update the current solution S using the move m;
• updateTabuTag(T T , BestMove): update the TabuTag data structure T T using the information

contained in the move BestMove.

6 RESULTS

In this section we report the results of our three-step approach to determine optimal rostering plans but
composed of the more frequent patterns, if possible. Our analysis is conducted on a set of real instances
obtained from the data provided by the Cottolengo Hospital management, and presented in Section 2.2.
For each ward, two instances are extracted from the data, one for nurses and one health and social workers.
Since we are considering seven wards, the overall number of instances is 14. The planning horizon is one
month. The number of not-improving iterations of the algorithm is set to 100.

Table 4 is organised as follows. The “score” columns and the “pattern” columns report respectively
the score value and the number of desired patterns of the initial solution provided by the model, and of the
solution computed by our algorithm. The “iterations” columns report the number of improving iterations,
that is how many times the algorithms find an improving rectangular adaptation move. The last column
reports the running time of the algorithm in seconds. Finally, the last row reports some average results.

Table 4: Results of the pattern adaptation algorithm.

instance
score pattern iterations running

model adaptation model adaptation improving last time (secs.)

1 222 592 51 72 4 18 113
2 148 518 76 83 3 8 121
3 148 518 76 83 3 8 118
4 148 518 76 83 3 8 109
5 148 444 58 53 2 3 75
6 74 370 45 52 3 5 82
7 222 592 51 72 4 18 104
8 222 518 40 43 2 2 71
9 222 518 40 43 2 2 72

10 148 592 47 56 4 5 57
11 222 592 51 72 4 18 113
12 222 592 51 72 4 18 112
13 296 740 37 56 5 23 43
14 296 740 37 56 5 23 44

average results 53 64 3 11 88
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The results reported in the score and pattern columns clearly show the effectiveness of our three-step
approach proving its capability to determine an optimal rostering with a number of more frequent patterns.
The results reported in the pattern and iterations columns show that a quite small number of improving
iterations are enough to determine a consistent number of new desired patterns in the final solution.

7 CONCLUSIONS

Workshift scheduling is particularly relevant for service organizations dealing with critical activities, such
as healthcare, due to the complexity of managing medical care.

In this paper we presented a support system that automatically generating rostering plans by combining
optimization and process mining approaches. Such integrated approach represents the main novelty of the
paper. In particular, we developed and reported a methodological framework based on the three subsequent
steps, that is rostering optimization, pattern extraction, pattern adaptation.

The first step consists in a multi-criteria mixed integer linear programming model, which models the
problem of determining the monthly rostering balancing the monthly working hours of the healthcare
personnel in accordance with a list of operative and contractual constraints. The second step consists in
a sequence pattern mining algorithm to mine frequent contiguous sequential patterns from data, that is
to identify constraints that are possibly not explicitly reported as domain knowledge. The third and last
step consists in the adaptation of the rostering plan provided by the multi-criteria model in such a way
to increase the number of the patterns mined in the second step while maintaining the feasibility and the
optimality of the initial rostering solution.

We reported our decision support method for healthcare management based on real event logs. The
computational results proved the capability of our approach to highly improve the quality of the initial
rostering plan.

Ongoing work consist in the validation of our approach involving the main stakeholders, that is the
hospital management and the personnel. Future work can consider the integration of the proposed approach
with a discrete event simulation model to re-optimize the schedule during its realisation when it diverts
from the planned one (eg. absences for COVID).
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