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Abstract

In this thesis, we present a multi-objective solution approach for ergonomic workforce schedul-
ing. We show that we are able to create balanced schedules with respect to multiple conflicting
healthful scheduling criteria. The multi-objective approach presented is able to provide a good
approximation of the Pareto curve. Also, it is able to find non-supported Pareto points, which
are out of reach for methods that use a weighted sum objective function such as the one used
in ORTEC Workforce Scheduling. The approach in this thesis combines goal programming
with a metaheuristic. The goal programming component provides an initial solution as well as
ideal solutions. The initial solution is used as a starting point for the metaheuristic. An ideal
solution is found for each healthful scheduling goal. The ideal solution with respect to a goal
is the solution to a mixed-integer program with only this goal in the objective function. These
ideal solutions are used to measure the fitness of solutions found by the metaheuristic. As the
metaheuristic component, we implement the falling tide algorithm and a simulated annealing
algorithm. The falling tide algorithm is shown to perform better than a simulated annealing
approach. Also, we add a Variable Neighbourhood Search component to falling tide and find
that this improves its performance. Using the combined approach described, we are able to

make schedules with a good trade-off among several objectives.
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1 Introduction

ORTEC provides its customers in the healthcare industry with Workforce Scheduling software
(OWS). As the name suggests, this software is used for making schedules for healthcare em-
ployees. So, it is a solution approach to solve the well-known Nurse Scheduling Problem. The
NSP is the problem of assigning shifts to nurses in an optimal way. This is done under a given
set of hard constraints and some objective function. Solutions to the NSP are also applica-
ble outside of the medical field. The objective of this thesis is to provide a solution to the
Multi-Objective Nurse Scheduling problem, presenting planners with flexible timetables that

contribute positively to overall employee health.

The extent to which the scheduling process is automated differs per planner. Some planners
lean more towards the manual planning side while others make use of the optimizer module
to varying degrees. In either case, the resulting schedule may fall short in terms of customer
satisfaction. This is despite the fact that the program allows for the objective function to be tai-
lored to the needs of the user when the optimizer is used. So, we seek to provide an alternative

algorithm that provides the planner with a result that consists of several options to choose from.

The current optimizer may benefit from some additional key performance indicators that are
conducive to health. In the current framework, it is possible to weight different KPIs so as to
create a trade-off in a single objective function. This does mean that the optimizer provides a
single schedule as its solution. The planner does have the option to change individual shifts in
the schedule of the resulting solution. However, there are many variables, making it difficult to

make effective changes manually.

So, it may be useful to provide the customer with several options of good schedules with respect
to the KPIs. The first aim of this thesis is to provide schedules that take health indicators into
account. To do this we will use an alternative method which provides some Pareto optimal
schedules that the customer may choose from. We approach the problem as a multi-objective
one, where each health indicator is translated to a soft constraint that the algorithm attempts
to satisfy as well as possible. As mentioned, in OWS these indicators are part of one objective
function with weights, resulting in a weighted objective value at termination. Conversely, in
the case of the approach is this thesis, each goal is considered in a separate objective function.

This approach creates solutions that are the result of a trade-off among these goals, resulting



in several schedules, which each score differently on the health indicators. Also, the methods
used here are able to find some solutions that an approach with a single weighted objective

function cannot.

Moreover, the planners do not have direct insight into the healthfulness of their schedule.
Especially in the case of a largely manually constructed schedule, providing insight into health
effects such as sleep deprivation is likely to be beneficial. Sleep deprivation may result from
working many night shifts or irregularity of shifts, disrupting the employee’s sleep pattern. A
metric encompassing a variety of health indicators will give the planner a better understanding
of their scheduling choices, possibly leading to healthier schedules for the employees. Therefore,
the second goal of this research is to provide a useful metric for assessing schedule healthful-
ness. This metric is the fitness value of the schedule and is made up of a combination of health

criteria.

The structure of this thesis is as follows. Section [2] describes the problem in detail. Section
described the motivation behind this research and the academic and practical relevance. We
present the existing literature on healthful scheduling as well as the NSP in section [4l The
mathematical formulation for the mixed-integer program is given in section 5| The methodol-
ogy is given in section[6l The results are presented in section[7] Finally, we provide a discussion

and conclude in section [8l



2 Problem Description

To achieve the aims described in section [I}, we will use criteria to ascertain the healthfulness of
schedules. The following are the health indicators as described by |Groen et al. (2019)). These

have been translated from Dutch.

2.1 Shift Scheduling Criteria

The criteria treated in this section are the focus of this thesis. They are health indicators
that can be influenced by the way that existing shifts are scheduled. These existing shifts are
created by the healthcare institutions and will not be changed in this thesis. These criteria

are translated to mathematically formulated soft constraints. These formulations are given in

Section (.61
1. Allowing a maximum of 2-3 consecutive night shifts.
2. Allowing a maximum of 3-4 shifts in a row (before a rest day).

3. Ensuring 2 rest days after a sequence of 4-5 shifts and 3 rest days after each 6-shift

sequence.
4. Regularity: it is desirable to have a familiar pattern of shifts

5. A forward rotating shift system is advised. This means that each sequence of shifts goes

from a day shift to an evening shift to a night shift.
6. Speed of rotation: it’s advised to have 2 to 3 identical shifts in a row.
7. Two breaks of 15 minutes per shift and one of 30 minutes.

Criterion 7 is an exception and is incorporated in the model as hard constraints. All given
shifts have a standard 30 minute break. So, to adhere to criterion 7 and have an hour break
in total, we add 30 minutes to the relevant rest constraints in section [5.5] The details will be

given in that section.

2.2 Shift Property Criteria

The following indicators are determined by properties of the shifts. As mentioned, shifts are
created by the healthcare institutions and we will not make changes to them. So, it is beyond

the scope of this thesis to investigate changes of these properties. We present these criteria



to indicate that they are relevant and advised by research in the field of ergonomic workforce

scheduling.
8. Shift length should be limited in case of especially demanding work.
9. The maximum length of a shift should be 9 hours and 8 hours for night shifts

10. The starting time of a shift should typically be no earlier than 7.00 AM.

2.3 Institution Policy Criteria

The following criteria are inevitably dependent on the policies of the relevant healthcare insti-

tution. So, they are also outside of the scope of this thesis.
11. Predictability: Last-minute schedules changes should be limited

12. For shifts in the evenings and weekends it’s advisable to take personal preference of the

employees into account.

Criterion 12 can be implemented as hard constraints. Specifically, if an employee does not wish
to work on a particular day, a hard constraint can be added that enforces this wish. The same
can of course be done in case the employee does wish to work on any given day. Although we
do not do this in this thesis, this would entail adding a simple hard constraint that fixes the

value of the relevant variable.

2.4 Use of Health Criteria in the Model

The criteria presented in the previous sections will be used as soft constraints in the model.
We will also refer to them as goals. The algorithm described in section [ will minimize the
deviation from these goals. This implies that the algorithm attempts to adhere to them as

strictly as possible.

Although some of the criteria contradict one another, this does not present a problem. For
example, criterion 2 demands that there are no more than 4 shifts in a row and criterion 3
demands a minimum of 3 rest days after a 6-shift sequence. This is to ensure that, should soft

constraint 2 be violated, we still require adequate rest after a 5- or 6-shift sequence.



3 Motivation and Relevance

In this section, we discuss the motivation behind this thesis as well as its practical and academic

relevance.

The motivation of this research is twofold. First, there is the direct benefit to healthcare
employees. As described in sections [2] this thesis focuses on solving a multi-objective NSP,
where the objectives are health criteria. So, the use of this algorithm for scheduling is expected
to have a positive effect on employee health and well-being. Second, there is the possibility of
alleviating some of the pressure due to the capacity challenges commonly experienced in this

sector. These challenges are a result of healthcare institutions being understaffed.

According to the Dutch Employee Insurance Agency (UWYV), the staff shortages across the
healthcare sector are at a level that is leading to excessive workloads for employees. This is
a well-known problem in the Netherlands which is regularly discussed within the government
and Dutch society. In section [4.1 we discuss research on the topic of ergonomic scheduling. It
is clear that excessive workloads have a negative effect on healthful scheduling indicators. Part
of the resulting negative health effects for employees may be mitigated by an increase in focus

on their well-being through scheduling.

At the time of writing this thesis, the world is in the midst of the COVID-19 pandemic. The
situation has brought the underlying issues of staff shortages to the forefront. This clearly adds

to the motivation of this research.

Furthermore, this research has practical as well as academic relevance. The practical relevance
relates to the use of workforce scheduling software by healthcare institutions. As mentioned
in section 2, ORTEC has a workforce scheduling product to solve the well-researched Nurse
Scheduling Problem. The current method is a Genetic Algorithm combined with Variable
Neighbourhood Search. In this thesis, we provide an alternative algorithm for solving the NSP.

The method used in this thesis has not been used before by ORTEC in its work schedul-
ing software. Also, it differs from the current optimizer in a number of ways. It consists of a
goal programming approach and a metaheuristic. The former is used to create initial solutions.

The metaheuristic component is the falling tide algorithm (Li et al.|, 2012), which is an approach



based on the great deluge algorithm (Dueck, 1993). The method provides the planner with a
number of solutions from which they can choose. This flexibility is likely to be important in
terms of practical applicability as the customer will have more control over the outcome. They

may therefore be more satisfied with the resulting schedule.

Section discusses academic literature on the NSP, including other heuristic approaches.
There are only a couple of papers that present an approach to NSP as a multi-objective prob-
lem with separate objectives instead of one weighted objective function. Furthermore, the
falling tide algorithm in particular has not been extensively researched since its introduction by
Li et al. (2012). So, it is relevant to investigate the performance of this method in a different
context, where the constraints and data differ. Also, in this thesis we add a VNS component
to the algorithm and compare it to a simulated annealing approach. These two elements form
an addition to existing research as they have not been investigated before in the literature in

combination with a falling tide approach to the NSP problem.



4 Literature

We will approach the described problem as a Nurse Scheduling Problem (NSP). This is an
NP-hard problem. Many papers have been published about algorithms which attempt to find
solutions that are computationally viable. In this section we aim to put into context the ap-
proach used in this thesis. In section we discuss research on healthful scheduling, including
the basis for the health indicators used as goals in the model. In section we discuss the
literature on work scheduling and justify the use of the falling tide algorithm in the context
of the existing literature. First, we discuss the basis for a heuristic approach in section [1.2.1]
Then, in we discuss the existing research on multi-objective approaches as well as the

basis for using an adaptation of the falling tide algorithm.

4.1 Health Indicators

The criteria for scheduling healthfully are based on research in the area of shift work and
health. |Groen et al. (2019)) summarize several studies on this topic and present the criteria for
a healthful schedule used in this thesis. These indicators are partially based on the findings
of Knauth & Hornberger| (2003). They make a number of ergonomic recommendations that
they expect will have positive health effects. These are based on, among other things, reducing
sleep deprivation, allowing for adequate social contact, reducing the probability of accidents
happening, preventing negative long-term health effects, and providing sufficiently long periods

of leisure time.

Hulsegge et al.| (2020) compare some health indicators between shift workers and non-shift
workers. They find that, compared to non-shift workers, shift workers were more likely to
suffer from burnout or distress if they perceived their schedules to impact their private lives
negatively. A similar difference is found in employees that are generally dissatisfied with their
schedules. In the case of burnout, the opposite effect is found for shift workers who are satisfied

and/or experiencing no impact of work schedules on their private life.

Gerber et al. (2017) find negative effects of different types of physical activity on the prob-
ability of developing sleep complaints. Furthermore, they find that shift work in itself does not

necessarily contribute to the probability of developing sleep complaints.



Akerstedt| (2003) argues that there is no concrete evidence that the direction of shift rotation
matters when it comes to sleep quality. This contradicts a recommendation made by Knauth
& Hornberger| (2003)) to adopt forward rotation so as to reduce circadian rhythm disruption as

well as findings by |Sallinen & Kecklund| (2010).

4.2 Algorithm

In general, there is a hierarchy to consider when designing an algorithm. Ideally, we would
use a polynomial time algorithm. However, as stated before, the Nurse Scheduling Problem is
known to be NP-hard. When a polynomial time algorithm is not an option, an alternative is
to use a fast non-polynomial time algorithm. In the case of the NSP, this is often a Branch and
Price approach, for instance in Legrain et al. (2019). This type of approach may still be too
slow for large instances and is not convenient for a multi-objective approach. The next best
option would be a fast approximation algorithm. After analyzing the literature, we conclude
that there seems to be no such algorithm for the NSP. Importantly, the use of a metaheuristic
is desirable here due to the multi-objective nature of the problem. There are also exact multi-
objective approaches, most notably goal programming. However, this approach is known to
be time consuming and does not perform well in terms of the objective value (Li et al., 2012]).
Moreover, it produces one solution. As discussed in the problem description, my goal is to give
the planner several solutions, thereby providing a flexible result. In this thesis, we will use
goal programming for an initial solution and combine it with a metaheuristic approach for a

complete, well-performing algorithm.

Here, we discuss some heuristic approaches that have been studied before and we will sub-

stantiate the choice of the falling tide algorithm.

4.2.1 Heuristic Approaches

Sarkar et al. (2019) present a study comparing a variety of approaches to the NSP. They found
that metaheuristics performed better than other considered methods regarding, among other
factors, cost minimization and time complexity. The other considered methods included using
a mathematical programming approach. Several of the investigated meta heuristics use some
variation of an evolutionary algorithm (EA). Also, Mutingi & Mbohwa| (2014) and Inoue et al.
(2003) use evolutionary algorithms as an approach to this problem. Peters et al. (2019) present

an evolutionary algorithm that finds a better objective value than a MIP approach in the same



runtime. Compared to an upper bound on the objective value they find a 1.7% gap in the EA
case and a 10.5% gap with the MIP approach, having used a time limit of 5 hours. [Lin et al.
(2015) describe a Memetic Algorithm, a type of evolutionary algorithm. This algorithm differs
from some of the other evolutionary algorithm approaches mentioned in that there is a clear
focus on the preference of the nurses. |Jafari & Halehl (2019) use both a MIP and a simulated
annealing (SA) approach to solve the NSP with a focus on nurse preferences. They find good
quality solutions using the SA approaching, using the MIP bounds as benchmarks.

For a general literature review on personnel scheduling, we refer the reader to Van den Bergh

et al. (2013)).

4.2.2 Multi-Objective Approaches

Tan et al.| (2019)) propose a multi-objective MIP approach to schedule emergency room resident
in the West China Hospital of Sichuan University, treating employees’ personal preferences as
soft constraints. The approach consists of two stages and is used to improve the shift schedules,
which were previously created manually. The authors state that their new method helps relieve

work pressure and increase service quality in the hospital.

Caballini & Paolucci| (2019) consider two types of MIP multi-objective approaches. One in
which 3 objectives are combined into one with scalar weights and one in which the problem
is solved 3 times, each time with a single objective function in the order of importance. The
latter is known as a hierarchical optimization approach. They use their approach to minimize

health risks at an Italian port in Genoa.

Burke et al.| (2012)) use a pareto-based search for a multi-objective approach to the NSP. They
begin by creating feasible solutions using an Improved Squeaky Wheel Optimization (ISWO)
search along with a repair heuristic. This is to create solutions that satisfy all the hard con-
straints. Once they obtain feasible solutions, the next step is a simulated annealing-based
meta-heuristic. This is used to get solutions to adhere to the so-called soft constraints in an
approximately pareto optimal way. In the case of this thesis, the health criteria are examples
of such constraints. Burke et al. (2012) compare their results to three other approaches and

find that they are able to find better objective values when looking at a single weighted sum



objective. This is not the only advantage of this approach, that is, they are able to satisfy
almost all soft constraints and provide a range of non-dominated schedules. However, there is
a method that provides even better results, namely the falling tide-based approach in [Li et al.

(2012).

Li et al.| (2012)) propose the falling tide algorithm, an approach that combines goal-programming
and meta-heuristics to find (approximately) pareto-optimal solutions to the NSP applied in a
Dutch hospital. When compared to other methods as Burke et al.| (2012) did, they find high
quality solutions. In fact, when comparing their method to others using a single weighted
objective value, they found their method to find lower (better) objective values in much faster
runtimes. Three of the compared methods were a hybrid GA approach, a hybrid VNS approach
(Post & Veltman, 2004) and an Integer Programming-based VNS approach (Burke et al., 2010).
These are the same methods that were considered in Burke et al. (2012). [Li et al. (2012) find
a lower objective value than Burke et al.| (2012)), again in considerably less time. Interestingly,
in this last case |Li et al.| (2012) also compare results on a multi-objective level. So, they com-
pare the approximate Pareto sets of the two approaches using the two set coverage metric, an
existing performance metric for multi-objective approaches. This metric shows to which extent
solutions from one set dominate those of the other. Both sets are approximations of the Pareto
front (Li et al., 2012)). Specifically, the metric is used to calculate what percentage of solutions
in Burke et al. (2012) are dominated by one or more solutions in |Li et al.| (2012). They find
that for all data sets used, over 70% of solutions found by [Burke et al.| (2012)) are dominated
by solutions found by the falling tide algorithm. Moreover, they investigate the resemblance of
their approximated pareto front to the true pareto front and find that they are likely close due

to the very limited violation of soft constraints.

Li et al. (2012)) describe their approach to be useful in problems with many constraints. Also,
instead of addressing a simplified version of the NSP, they’ve made an approach that is ad-
justable to real-world scenarios (Li et all [2012) by, among other things, accounting for many
soft constraints in an efficient way. The outcome provides the customer with a number of
solutions to choose from as opposed to a single solution with an optimal weighted objective
value. The authors conclude that their method is likely suitable to be adapted for problems
with different sets of constraints. So, we expect using constraints based on |Groen et al.| (2019)

will yield good results.

10



As an addition to the existing literature, we will adapt the approach by [Li et al|(2012). The
authors mention that there is room for further research into performance improvement of the

falling tide algorithm. My adaptation of the algorithm is explained in more detail in section [0}

11



5 Mathematical Formulation

This formulation is used for the goal programming part of the algorithm. The objective function

as well as an explanation of the goal programming approach is given in section [0}

5.1 Definitions
Here, we give some definitions of terms used in definitions of the parameters and sets.

e A day k is a rest day for employee ¢ if they are not assigned any shifts that start on
day k.

e Unless otherwise specified, the starting time and ending time of a shift are relative to the

length of the planning period. A starting time of 50 indicates that the shift starts at 2:00
on the third day.

5.2 Parameters

Here, we describe all the parameters used in the mathematical formulaton.

l, = the length of shift s in hours

bs = starting time of shift s in hours

es = ending time of shift s in hours

ds = starting day of shift s

gs = ending day of shift s

ns = parameter with value 1 if s is a night shift, 0 otherwise

w! = week day parameters with value 1 if the shift takes place on weekday t.
vsp = parameter with value 1 if shift s requires skill p

Y;p = parameter with value 1 if employee ¢ has skill p

a; = weekly availability of employee ¢ in hours

5.3 Sets

In this section, we present all the relevant sets along with their definitions.

12



5.3.1 Short Descriptions

I = the set of employees (indexed by 1)

S = the set of shifts in the planning horizon (indexed by s)

D = the set of days in the planning horizon (indexed by d)

W = the set of weeks in the planning horizon (indexed by w)

M = the set of months in the planning horizon (indexed by m)

N4 = the set of night shifts starting on day d (indexed by s)

Sq = the set of shifts starting on day d (indexed by s)

P = the set of skills (indexed by p)

T* = the set of weekdays of type ¢ in the planning horizon e.g. T°"" is the set of Sundays in
the planning horizon (indexed by ~)

5.3.2 Detailed Descriptions

The following sets are given more detailed descriptions.

S” = pairs of shifts of which the time in between is not more than the time required for

rest. Specifically, it should hold for the set {(s,s') : by —es < r,es < by,s,s € S}.

SP = the set of pairs of shifts (s,s’) that take place on two consecutive days, with shift s’
taking place after shift s, and the starting time of shift s’ being more than 3 hours earlier
than that of shift s relative to the length of a day. Specifically, it should hold for the set
{(s,8") 1 by —bs < 21,5 € Sy, 8 € Sgy1,d € D}.

S¢ = the set of pairs of shifts (s, s") that take place on two consecutive days, with shift s’ taking
place after shift s, and the starting time of shift s’ and s being unequal relative to the length

of a day. Specifically, it should hold for the set {(s,s) : by —bs # 24,5 € Sy, s’ € Sqy1,d € D}.

5.4 Variables

In this section, we describe the decision variables used in the mathematical formulation.

13



1 if employee i is assigned to shift s
Tis =
0 otherwise

1 if employee i has a rest day on day d
Tia =
0 otherwise

z € B : used for if-then constraints (equations [0] and

5.5 Hard Constraints

Here, I present the hard constraints. These apply to all instances. The soft constraints can be

found in section [5.6] .

5.5.1 General Hard Constraints

Complete each shift exactly once
These constraints ensure that each shift is completed and that no individual shift is completed

more than once.

Y wmi=1 VseS§ (1)
iel
Complete one shift per day

We assume that each employee should complete no more than one shift a day. The following

constraint enforces this.

 aiy<1  VdeD,iel (2)
SESy
Each employee works according to their availability

Employees have contracts that stipulate their weekly availability. This constraint ensures they
do not work longer hours than allowed by these contracts.

dliwy<a  VielweW (3)

SESw

Connecting x and r variables

riq is a rest variable indicating an entire day is a rest day.

ra=1-Y x, Viel deD (4)

SESy

14



5.5.2 Labour Regulation Hard Constraints

The following are hard constraints that are relevant for the departments considered in this
thesis. These follow from Dutch labor regulations. To limit the number of explicit hard con-
straints needed, labor regulations that are not applicable to the shifts of the data sets used
in this thesis are omitted. For instance, many labor regulations apply to on-call shifts, which
are not needed in the departments considered in this thesis. The selection of hard constraints
in order to comply with labor regulations was done in accordance with expert judgement of
employees of ORTEC and planners that work in the field of shift scheduling for the healthcare

industry. However, some regulations are omitted for the sake of simplicity.

Shifts must be completed by employees with matching skill set

xiSSZyipwsp Viel, se€S (5)

peEP

Minimum rest time after night shift
There should be at least 14 hours of rest between a night shift and the next shift. We add half

an hour to adhere to criterion 7 in section 2.1]
Tis + Ty < 1 viel, (s,s') € S1° (6)

Maximum average working time per week
The total working time per week has to be less than 55 hours on average.
D L <55-|W| Viel (7)
seS
Daily uninterrupted rest
According to labour regulations, employees should have 11 hours of uninterrupted rest per day.
As a slight simplification, we implement the following constraint which enforces 11 hours of

rest between each shift. We add half an hour to adhere to criterion 7 in section [2.1]

Tis+ 19 <1 Viel, (s,8) € S1° (8)

15



Working time for more than 16 night shifts
Labour regulation: In a period of 16 weeks, the maximum average working time per week is 40

hours if the number of night shifts in this period exceeds 16.

> ni = W< Mz Viel (9)
SES
D i —40W[ < My(1—2z)  Viel (10)
seS

Where M, = max{}_ gnsvis — |W|[} = |S]| — |[W| and My = max{d_ g lsris — 40[W|} =
2 sesls = 40|W]

Number of Sundays Off

Labour regulation states that each employee should have 13 Sundays off in every 52 weeks.
This constraint amounts to a little over 1 Sunday off per month on average. Because our goal
is to create ergonomic schedules, we round this up to 2 Sundays per month.

In the case of a planning horizon of less than one month, this constraint is not active because
fractional days off are not possible.

> wita, < T —2IM| Viel (11)

ses
5.6 Soft constraints

In this section, we formulate the criteria from Groen et al. (2019)) as mathematical constraints.
Also, we present the transformation of these constraints to soft constraints. Soft constraints
are constraints that do not need to be satisfied in order to obtain a feasible solution. Violating
these constraints leads to a penalty in the objective function. A higher frequency of violations
of these soft constraints leads to a higher penalty. The mathematical equations that determine

these penalties are presented here.

To include the soft constraints in the objective function, we use maximization operations. This
is necessary to ensure that only unwanted deviations from constraint are penalized. However,
this clearly leads to nonlinear terms in the objective function, meaning the formulation as a
whole is no longer linear. There are straight-forward methods to linearize these maximization

terms. The method used for this is described in appendix [A]

16



For each constraint, we present the formula for the deviation from the goal d* with the relevant

subscripts. f, is the sum of all these deviations, making it the total deviation from goal z.

Soft constraint 0: Max 2 night shifts in a row

For each employee and each day d in the planning period, a penalty is incurred if there is a

series of 3 or more consecutive night shifts starting on day d.

> 1, <2 Vielde{l,.,|D|—2}
SE(NdUNd+1UNd+2)

dy, = maz{0, Z Tis — 2}

sE(NdUNd+1UNd+2)
— 0
fo="> > diq
iel def1,|D|-2}

Soft constraint 1: Rest day after a series of 4 shifts

Here, there is a penalty for each series of 4 shifts that is not followed by a rest day.

I+4
d ru>1  Vle{l,.,|D|-4}iel
d=l

+4

dy, = max{0,1 — an}
|D|—4d:l
=YY d)

i€l =1

(12a)
(12b)

(12¢)

(13a)

(13b)

(13c)

Soft Constraint 2: 2 rest days after a series of 5 shifts. Here, we ensure that 2 rest days are

required in the case of a series of 5 shifts. Binary variables are used for this if-then mechanism.

The following binary variables are added to the model.

na € {0,1} Vie{l,..,|D|—6},iel

n; = 1 when there is no rest day in a series of 5 days starting on day [.

1y = 0 when there is a rest day in a series of 5 days starting on day [.

A series of 4 shifts may only occur if the relevant n variable is equal to 0.

I+4

> ra>1-ng)  Vie{l,.,|D|-6}, il
d=l

17

(14)

(15)



If n; is indeed equal to 0 for some ¢ and [, then the series of 5 shifts must be followed by 2 rest

days. If this is not the case, a penalty is added.

146
> ra=2m  VIE{l,..,|D|-6} i€l (16a)
d=Il+5
1+6
djy = mazx{0,2n; — Z Tid} (16b)
d=l+5

|D|—6
f=) D dy (16¢)

el =1

Soft Constraint 3: 3 rest days after a series of 6 shifts
This soft constraint is similar to soft constraint 2. Instead of 2 rest days after 5 shifts, we want
to encourage 3 rest days after each series of 6 shifts. In this case, the binary variables are given

by €; as formulated in equation [I7]

en€{0,1}  Vie{l,.,|D|-8},iel (17)

€; = 1 when there is no rest day in a series of 6 days starting on day I.
€; = 0 when there is a rest day in a series of 6 days starting on day [.

The following constraint follows the same logic as the one given by equation [15]

+5
d ru>(1-e) Vie{l,.|D-8}iel (18)
d=l

Finally, we formulate the soft constraint in equations through [19d

1+8
> ra>3es  Vle{l,..,|D|-8},icl (19a)
d=I1+6

48
d?l = max{0, 3e; — Z Tid} (19Db)

d=Il+6

|D|-8

=YY d (19¢)

iel =1
Soft constraint 4: Regularity of shift pattern

Here, we attempt to let the employee start their shift at the same time each day. S is the set

of pairs of shifts taking place on consecutive days that do not start at the same time.

Tis+xy <1  Viel, (st)es° (20a)
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d;l(s,t) = max{O, Tis + Tit — ]-} (20b)

=3 diy (20¢)

i€l (s,t)est

Soft constraint 5: Forward Rotation
If employee ¢ works on day k and day k + 1, the shift worked on day k& + 1 should not start
more than 3 hours earlier than the one worked on day k. Recall that S is the set of shift pairs

on consecutive days, where the shift on day k + 1 starts more than 3 hours earlier than the one

on day k.
Tis + iy < 1 Viel, (s,t) e S (21a)
d?(s,t) = max{0,z;s + T4 — 1} (21b)
= 2 diw (210)
i€l (s,t)est

Soft constraint 6 and 7: Speed of Rotation
Here, the aim is to get at least 3 shifts in a row on consecutive days. To do this, we use two
goals. The first goal is to ensure no separate single shifts. The second is to ensure no separate

series of 2 shifts.

Let W represent a work day and R represent a rest day. The following sets of equations

enforces the soft constraint that avoids sequences of the type R W R.

1_rik—1+rik_rik:+1 >0 \V/ZGI, k’e{l,,|D|—1} (22&)
dfy, = maz{0, 71 — ik + rip1 — 1} (22b)

|D|-1
=>_ > di (22¢)

icl k=1

The following sets of equations enforces the soft constraint that avoids sequences of the type R

W W R.

Tik + Vi1 — Tik—1 — Tikg2 = —1 Viel, ke{l,..|D|-2} (23a)
djy, = max{0, 71 — ik — kg1 + Tikr2 — 1} (23b)

\D|—2
=>_ > d (23¢)

iel k=1
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6 Methodology

6.1 Introduction

The purpose of the methodology presented here is to approximate the Pareto front. That is, the
algorithm attempts to find Pareto-optimal solutions which make up this front. In fact, it finds
points that are not strongly dominated by others. Because the algorithm gives no guarantee of
finding all existing solutions, these points, that are not dominated within the set of solutions
found by the metaheuristic, may not all be actual Pareto points. Although the points found in
this thesis are approximate Pareto points, we will refer to them as Pareto points for simplicity.

The following two definitions are relevant for the methodology presented here.

For any two solutions a and b we write a < b if a strongly dominates b. This means that
fila) < fi(b) ¥Vt € T and 3t : fi(a) < fi(b). We write a < b if a weakly dominates b. For this,
we only require that f;(a) < fi(b) Vt € T. fi(z) denotes some objective value of x, in this case

the one that corresponds to the tth soft constraint.

6.2 The Methods

We present a method based on |Li et al.|(2012). It is a combination of goal-programming and
a metaheuristic approach for global search. Goal programming is essentially an extended MIP
approach used to handle multiple objectives. The global search algorithm is called the falling
tide algorithm and is based on an older approach called the Great Deluge algorithm (Dueck,
1993)).

As the name suggests, the algorithm can be explained using the the analogy of a falling tide,
where solutions are represented by shells that someone collects. As the tide falls the sea level
lowers, but it rises periodically due to waves hitting the beach (Li et al. 2012). These waves
may bring shells to the beach but may also take some shells. The shell collector stays as close
to the sea as possible while these waves hit and dissipate. After some predetermined time,
the collector stops and may come back later to try again as desired. Each try is a run in the

algorithm.

In the algorithm, the sea level is denoted by B. In each run, the starting level has a random

component indicating that the level differs depending on the moment at which the search is
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started. As the tide falls, the water level B lowers. When a new wave hits the shore, the water
level B rises temporarily. This happens at the end of each wave in the algorithm.

Shells (solutions) that are close to the sea have lower fitness values. The collector stays as close
to the sea as possible so that, as the sea level lowers, they pick up only the solutions with lower

fitness values.

To obtain an initial solution, a goal programming model is used. In goal programming, some
constraints of the problem are simply treated as constraints, so they are hard constraints (must
be met for a feasible solution). These are the ones required by Dutch legislation (Arbeidstij-
denwet, [2020)) as well as demands made by the relevant institution. Another set of constraints
are called goals i.e. soft constraints. These are the health criteria in this thesis. In order to
adhere to the latter, they are combined into an objective function. More specifically, the sum of
their slack variables (deviation from the goal) is minimized. The total deviations are denoted
by fi,..., fr- The weights that each goal is given is given by p;. So, the objective function

becomes:

z=p1-f+..+pr fr (24)

This goal programming model is used to ensure that all hard constraints hold at this stage. For
the creation of the initial solution, the objective function is simply set to 0 as we are looking
for a feasible solution and are not yet interested in obtaining a ”good” solution. This initial

solution will be improved upon in the falling tide algorithm.

Goal programming has a second use in this algorithm. Namely to create the so-called ideal
vector v = (f1(u1), fo(uz), ..., fr(ur)) where u, is the solution providing the optimal objective
value for the tth soft constraint. For goal ¢, f;(z) is a function of the deviation from the goal.
Each element of the vector v is the ideal objective value w.r.t. goal t. This ideal objective value

of a goal t* is obtained by solving the problem as a MIP, where p; is set to 0 for all ¢ except t*.

The ideal values described above are used in the fitness metric to assess the quality of candi-
date solutions. The exact metric used to assess fitness may differ in each run. It is selected
randomly from a set of 3 metrics. These are Manhattan distance, Euclidean distance, and
Chebyshev distance. These are known distance measures which can all be represented as
Ly(z) = {31 [wi( fi(z) — fi(us))]P}/? where T is the number of soft constraints. The param-

eter p takes on the values 1, 2 and oo for the Manhattan, Euclidean and Chebyshev distances
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respectively. w; is the weight of goal t, representing its importance when compared to other

goals. In practice, these follow from the preferences of the user.

6.3 Falling Tide

The following is the algorithm adapted from |Li et al. (2012).

6.3.1 Initialization

1. The number of runs is given by N,.,, the number of waves is given by N,..,, and the

number of levels is given by Np,.

2. The goal programming model is used to obtain the initial solution xy as well as the ideal
objective-value vector v = (fi(uy), fa(uz), ..., fr(ur)). For the former, the p; values are
chosen as follows: p, = 0 for all ¢t € {1,...,T}. For the latter, the model is run T times
and we set py = 0 for all ¢ € {1,...,T} and p; = 1 at the tth time.
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Algorithm 1: Falling Tide

Result: R
1 R={zo}; > Initialize the set of Pareto points
2 k+ 0
3 fori e {1,...,Npyn} do
a Randomly express user’s preferences on each objective (i.e. the weight vector w = [wy, ..., wr]T),
and randomly select a p metric from a uniform distribution metric where p € {1,2,c0}. Each
element of the weight vector is selected from unif{0,10}, the discrete uniform distribution;
5 Set the current solution z to xg, calculate the fitness of x as:
Ly(z) = {Zle[wt(ft(x) - ft(ut))]p}%, and define the initial level as B = L‘“(im), where the
restart coefficient « is a random number between 0 and 1, selected from unif]0,1);
6 for j € {1,..., Nyay} do
7 Set the regression rate AB = L]\’]’l(j);
8 for k€ {1,...,Ni, } do
9 Construct a new solution y € Nj (z);
10 while y violates at least one of the hard constraints do
11 Construct a new solution y € Nj (z);
12 end
13 Calculate the fitness of y as L,(y) = {ZtT:l[wt(ft(y) - fi (ut))]P}%;
14 if L,(y) < Ly(z) orL,(y) < B then
15 Accept y and replace x with y;
16 if L,(y) < Lp(z) then
17 k+0; > Return to smallest neighbourhood when a good solution is
found
18 end
19 if #s € R s.t. s <y then
20 ‘ R+ RU{y}; > Add y to R if no existing solution in R dominates it
21 end
22 if 3t € R s.t. y <t then
23 ‘ R+ R\ {t}; > Remove solutions from R that are dominated by y
24 end
25 else
26 k<« 1+ (kmod K) ; > Go to a larger neighbourhood
27 end
28 Lower level B = B — AB,;
29 end
30 Reset B = (8 + 1) f(y), where the water-rerising rate 8 is a random number generated
between 0 and 1, selected from unif[0,1);
31 end
32 end

23



Constructing new solutions New solutions are constructed (lines |§| and using a neigh-
bourhood search defined by vertical moves or swaps between two employees. As an extension to
the original algorithm from |Li et al.| (2012), we use a variable neighbourhood search. If a search
in a particular neighbourhood is not successful we switch to another (larger) neighbourhood
temporarily as on line[26, The possible neighbourhoods are moving a shift to another employee,
swapping a pair of shifts between employees, and swapping two or more shifts with two or more
other shifts. The neighbourhoods are numbered 0 through K, where K = |R| i.e. the number of
days in the planning period. So, elements of Ny(x) are those solutions that can be obtained by
moving a job from one employee to another. Elements of N5(x) are those that can be obtained
from swapping 5 jobs between 2 employees. N; () with a superscript r indicates that a random
element from the neighbourhood is chosen. In this case, the employees whose jobs are moved
or swapped are chosen from the discrete uniform distribution. Also, the days to be swapped

are chosen randomly from the planning horizon, specifically from unif{1,|R|}.

We compare this falling tide approach with VNS to the approach from |Li et al.| (2012)). In the
latter case, the number of days to be swapped is chosen randomly (from the uniform distribu-
tion). The difference between the two methods is mainly that the VNS method systematically
switches to a larger neighbourhood if it is not successful in a smaller one. Also, it does so only
when it is not successful in a smaller neighbourhood. So, as long as acceptable solutions are

found in a smaller neighbourhood, the search will stay in that neighbourhood.

Runs, Waves, and Levels A run (starting on line |4)) consists of N4, waves. Each run has
its own user preferences, that is, the weight vector is drawn at the start of the run. Also, each
run begins with the same initial solution xy. The initial level is different in each run according
to the restart coefficient o. This parameter simply introduces some randomness to the starting

level B = 22,

Each wave, which starts on line [7, has a single regression rate. This is the rate at which
the level decreases in each level iteration on line 28, At the end of each wave, the level is reset
(line so that the level is not exclusively decreasing within each run. So, in each wave the
level starts out relatively high and decreases as the wave progresses, making the probability of
accepting the new solution lower. A new solution is always accepted if its fitness is better than

that of the current solution.
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In each level, one new solution is found. If this solution violates any hard constraints, a
new solution is created until a solution is found that doesn’t. The acceptance step comes after
this. Only if the solution is accepted according to the criteria described, the set of potentially
non-dominated solutions R is updated. This does not necessarily mean that y is added to R.

This is done only if y is not dominated by any other solution in R.

6.4 Variation of Parameters

The resulting set of solutions R is an approximation of the Pareto front. We ensure this by
adding exclusively non-dominated (Pareto optimal) solutions to the set and removing existing
solutions as soon as they become dominated. A solution that is not dominated by any other
possible solution is called non-dominated or Pareto optimal.

The set R is an approximation because there is no guarantee of finding all possible solutions.
This follows directly from the fact that falling tide is a metaheuristic. This implies that some
solutions we find to be non-dominated may in fact not be Pareto optimal because a solution
that dominates it could exist without being found by falling tide.

We do attempt to find as many non-dominated solutions as possible. One important vehicle
for this is the variation of p by which a metric for evaluating fitness is chosen. The first metric
is given by p = 1 resulting in the formula L;(z) = S._, wi(fi(z) — fi(uw;)). In section ,
we mentioned that this is called the Manhattan distance. In general, the Manhattan distance
uses absolute values, which would result in L;(z) = Zthl lwi(fi(z) — fi(uy))|. However, this
is not necessary because we know that the ideal function value is the lowest possible value.
Therefore, w(fi(x) — fi(ut)) is always non-negative. Here, the effect of the deviation on the
fitness level is proportional to the size of the deviation. This is completely contrary to the case
of p = 0o, where only the largest of the T deviations has an effect on the fitness value. Namely,
Leo(x) = maxy—y,. 7 wi(fi(x) — filu)).

We will illustrate the implications of this with the help of figures [I] and [2| where we consider
the case of two goals for simplicity. Using L;(z) we can never find a Pareto point on the Pareto
front between points A and B. This is because the iso-value relationship (points that have the
same fitness value) is linear and A and B are closer to the origin, meaning they have a lower
(better) fitness value. This situation occurs when the relationship between the goals is concave.
The iso-value relationship is represented by the grey line. All points on this line have the same
fitness value. It is a line due to the fact that the L; norm is linear.

No matter what values w; and ws are given, the points on the concave arc cannot be reached
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with this metric. On the other side of the spectrum L. (x) considers only the goal with the
highest product of weight and deviation. So, by varying w; and w;, point C may, for instance, be
reached. This illustrates that points on a concave curve (relationship between two objectives)
can be reached by the L., norm due to the fact that there is essentially no compromise among
the objectives. Only the largest weight-deviation product is considered. This is why it is
useful to use both the Ly and L. norm in falling tide. The Lo (Euclidean) norm is also used.
This norm provides a fairer compromise among the objectives than both L, and L., as higher
deviations from the ideal value lead to a higher penalty to the fitness level. This is what leads

us to use these 3 norms, altering p from run to run.

Figure 1: L; metric approximation of the Pareto front

Inspired by an image from |Li et al.| (2012)
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Figure 2: L., metric approximation of the Pareto front

Inspired by an image from |Li et al.| (2012)

6.5 Intensification and Diversification

In order to find the best possible solutions using a metaheuristic, intensification and diversifi-
cation components are essential. Intensification helps to find local optima while diversification
attempts to let the algorithm escape from or avoid local optima so that other local optima can
be found. In the falling tide algorithm, intensification is achieved by finding solutions with a
fitness value lower the value of B, given that B has a sufficiently low value. In the earlier runs
of each wave, while the water level is still high, this in fact acts as a diversification mechanism
because many solutions are accepted. The new wave starts its search using the solution = from
the previous wave. The search is thus intensified from wave to wave although the starting
level is perturbed slightly each time due the random variable 5. Diversification occurs in one
way between each run as the metric may change and the initial level B is reset with a large
degree of randomness due to the new metric and the random variable a. Another mechanism

for diversification is variation of the neighbourhood that is searched.
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6.6 Simulated Annealing

As a second method, we implement a multi-objective version of the simulated annealing algo-
rithm. We have created this algorithm by adding some elements of the falling tide algorithm
by [Li et al.| (2012) to the well-known simulated annealing algorithm. It is given by algorithm .
The initial solution z( is given by the goal programming method just as in falling tide. The
metric for determining fitness L,(z) is also the same as in the original method. A number
of runs N, is determined beforehand. The neighbourhood N(z) is defined by swapping a

random number n jobs.

28



Algorithm 2: Simulated Annealing

Result: R
1 R={x}; > Initialize set of Pareto points
2 T 4 Zo;
3 7 < 100 ; > Initialize temperature

4 forie{l,..,Nu,} do
5 Randomly express user’s preferences on each objective (i.e. the weight vector

w = [wy, ..., wr|"), and randomly select an L, metric where p € {1,2, c0};

6 Construct a new solution ' € N(z);

7 while 2’ violates at least one of the hard constraints do
8 Construct a new solution ' € N(x)

9 end
10 Calculate the fitness of 2’ as L,(z');

11 Let A(2',x) = Ly(2") — Ly(x);
12 if A(2',z) <0 then

13 x <+ a';

14 else

15 Select random r € [0,1)
16 if r<e” Alee) then

17 ‘ x <12

18 end

19 end

20 if s € R s.t. s < x then

21 ‘ R+ RU{x}; > Add 2z’ to R if no solution in R dominates it
22 end

23 if 3te R s.t. v <t then

24 ‘ R« R\ {t}; > Remove solutions from R that are dominated by 2’
25 end

26 | Select random « € (0,1);

27 T < QT,

28 end

A simulated annealing algorithm uses a so-called temperature, denoted by 7 in this case. The

temperature is lowered from run to run. The purpose of this it to lower the chance of accepting
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a solution that does not have an improved fitness value. As can be seen on line a solution
that provides a better fitness value is always accepted. However, there is also a chance of
accepting a solution when it does not have a better fitness value than the previous solution.
This can be seen on line On this line we also see that the acceptance of such a solution
depends on a random component as well as the temperature 7. In earlier runs, we attempt
to find a diverse number of solutions by accepting relatively many solutions that do not have
an improved fitness value. Because the temperature (7) is lowered in each run, we accept less
and less solutions that do not have a better fitness value than the previous best solution. This

allows us to find better quality solutions in later runs.

6.7 Comparing the Metaheuristics

The comparison of the metaheurstics will be done on a multi-objective level using the two set
coverage metric, also known as the C-metric. It is a well-known metric, described by Knowles
& Corne| (2002) among others. This metric uses the fraction of solutions that are weakly dom-
inated by another set. When comparing two sets, if 60% of solutions of method B are weakly
dominated by one or more solutions of method A, the value of this metric is 0.6.

The metric is calculated as follows

{be B|da € A:a < b}
|B]

C(A,B) = | (25)

If we choose falling tide as method A and simulated annealing as method B, a high value of the
C' metric would indicate that relatively good solutions are found by algorithm A. This metric
those not allow for objectively comparing the approximate Pareto front to the exact Pareto
front. Metrics that achieve this do exist, but cannot be used here due to the NP-hard nature of
the Nurse Scheduling Problem. The complexity of the problem implies that the exact Pareto

front cannot be determined in polynomial time.

6.8 Non-supported Pareto Points

As mentioned in section [I, the methods described in this section are able to find Pareto points
that cannot be found using a single-objective weighted sum approach. Specifically, the Pareto

optimal solutions found by a weighted sum approach are called supported solutions (Czyzzak
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& Jaszkiewicz, [1998). The implication of this is that some Pareto points can not be found in
the case of a non-convex Pareto curve. The points that cannot be found are non-supported
Pareto points. This has been mentioned in research by, among others Ehrgott (2008) and
Emmerich & Deutz (2018). When the Pareto curve is non-convex, the same situation occurs
that is illustrated by figure [If where we see that only points A and B are found. When using
a weighted objective approach, no combination of weights is able to find solutions on the arc
between A en B. As mentioned in section [6.4] this is due to the linear relationship among the
goals in the objective function. Using the variation of the p metric, the approach in this thesis

is able to reach non-supported Pareto points.
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7 Results

7.1 Introduction

In this section, we perform a number of experiments to investigate the performance of the

methods presented in section [6]

In section [7.2] we describe the data instances used. In section [7.3] we present the results of the
goal programming algorithm. In section [7.4] we vary the use of the fitness metrics. We do this
to determine the best setting of the p metric for each instance. In section [7.5| we present the
results of experiments where we compare the three metaheuristic methods. Our purpose is to

find the metaheuristic that is best able to approximate the Pareto front.

7.2 Data

We use 5 data sets. We describe their characteristics in table [l The data has been obtained
by ORTEC from the institutions ”Radboud UMC” (RUMC) and ”Groene Hart Ziekenhuis”
(GHZ) in the Netherlands. The departments are described below. Note that instances 1 and 5
are the same department with different planning horizons. In the case of instance 1, 2, 4, and 5,
we added some extra night shifts to the data to make the problem instances more challenging
for the algorithm. Historical schedules of these departments reveal that the number of shifts
scheduled is often higher than that of the official shift requirements. So, the instances considered
here are realistic. In the case of instance 2, the hard constraint pertaining to skills (given by

equation (b)) is not used because skills have not been correctly implemented in this data set.

1. Nursing department for Neurology at RUMC

2. Nursing department for Haematology at RUMC
3. Lung Disease department at GHZ

4. Emergency department at GHZ

5. Nursing department for Neurology at RUMC
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Planning Horizon | Number of | Number of
Instance
(in weeks) Employees Shifts
1 1 41 156
2 1 60 197
3 1 33 67
4 1 66 109
5 4 41 692

Table 1: Description of the Data Instances

7.3 Goal Programming Results

Table [2] shows the goal values found by the goal programming approach. The initial values are
those used by the metaheuristics to start with. They are found by solving the MIP without an
objective function. The ideal values are the results of solving the MIP with one objective at a
time. These ideal values are lower bounds on the relevant objective value. We also attempted
solving the MIP with a weighted objective function containing all the goals. No result was
found due to the MIP gap still being 99% after several hours of running. So, it does not seem
realistic to solve the problem using a MIP. This substantiates the use of a metaheuristic to

solve this problem.

Goal 01 2 3 4 5 6 7
Initial Values |7 2 1 0 39 0 6 10
Ideal Values |0 0 0O 0O 0O O O O

Table 2: Initial and Ideal Goal Values Instance 1

Goal 0 1 2 3 4 5 6 7
Initial Values |12 6 2 0 32 0 38 9
Ideal Values | O 0 O O O O O O

Table 3: Initial and Ideal Goal Values Instance 2

33



Goal 01 2 3 4 5 6 7
Initial Values |0 0 0 0 7 0 23 9
Ideal Values |O O 0 0O O O O O

Table 4: Initial and Ideal Goal Values Instance 3

Goal 01 2 3 4 5 6 7
Initial Values |0 0 0 0 13 0 47 6
Ideal Values |0 0 0 0O O O O O

Table 5: Initial and Ideal Goal Values Instance 4

Goal o 1 2 3 4 5 6 7
Initial Values | 96 68 88 &0 168 10 77 53
Ideal Values | 0 0 0 0 0 0O 0 O

Table 6: Initial and Ideal Goal Values Instance 5

7.4 Varying the Fitness Metric

In this section, we describe all the results of the fitness metric experiment. The goal of this
experiment is to determine the best parameter settings of the p metric in the metaheuristic.
We choose among using one of the 3 metrics (p = 1, p = 2 or p = o0) separately and using
all 3 metrics at once. The results presented in this section pertain to instance 1. Tables with
C-metric values of this experiment for the remaining data sets can be found in appendix [B]
The number of runs (50) used is the same for all instances. Instance 5 is not included in this

experiment due to the exceedingly long runtime. This long runtime is due to its larger size.

We use the falling tide algorithm with VNS for all runs in this section. We then decide on
the best choice of p metric(s) using data about the Pareto points as well as the C-metric for

comparing the 4 settings.

A time limit of 30 seconds per run is implemented. Also, when no new non-dominated solutions
are found for 3 levels in a row, the algorithm immediately moves on to the next run. For each

random component in the algorithm, the same seed is used for all compared methods. So, the
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stream of random numbers is the same for the methods. This is done to mitigate differences in
performance due to chance. The parameter settings described here are used in all experiments

conducted in this thesis.

Table [7| describes all the runs performed for this experiment. Here, we see some discrepancy in
the runtimes despite an equal number of runs. We see that in the case of using p = co metrics,
the runtime is longest and the number of Pareto points found is highest. As mentioned, a run
is cut short if no new Pareto point is found for 3 levels. In the case of using p = oo this happens

less often, making the runtimes longer in total.

p-Metric 1 2 oo All

Number of Pareto Points | 14 12 24 22
Number of Runs 50 50 50 50
Runtime/seconds 798 717 879 853

Table 7: Descriptions of the Runs of the Fitness Metric Experiment Instance 1

Table [8 shows the C-metric values of each pair of p metrics. Values in the table should be read
as representing the value C'(A, B) where set A is given by the row of the value and set B is
given by the column it is in. The set of Pareto points R,; found by the algorithm using all
metrics weakly dominates 17% of points found by the run using only p = 2. Only 8% of points
in the R, are dominated by this set. Also, the algoirthm with only p = oo dominates 43%
of points found by p = 1. Using all metrics leads to the worst performance in the case of this
instance. On average, 13% of the points in R, are dominated by another set. Also, the points
in the set dominate 51% of points in another set on average. It is clear that the algorithm using
p = oo performs best. p metrics 2 and ”all” dominate only 8% of points in R.,. This means
that the rest of the points are not found by the single metrics at all. This follows from the fact

that the C-metric is calculated using weak domination.
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Metric 1 2 oo all | Average

1 - 025 0.21 0.59 0.35
2 0.14 - 0.08 0.23 0.15
00 043 042 - 0.68 0.51
all 0.14 0.17 0.08 - 0.13

Average | 0.24 0.28 0.13 0.50

Table 8: C-Metric Values for Each Metric Pair

Tables [0 and [I0] show the minimum, maximum, mean, and variance of the goal values found by
each metric. Although the results show that it is best to use p = oo, the other metrics still find
many points that are not found when using only p = co. This is especially the case for p = 1.

This explains why this metric outperforms using p = oo on, for example, goal 2.

p=1 p=2

Goal | Min Max Mean Variance | Min Max Mean Variance

0 7 15 11.14 4.90 7 18 13.08 13.54
2 5 3.71 0.68 2 13 7.33 9.33
1 3 1.50 0.42 1 6 3.67 2.42
0 0 0.00 0.00 0 0 0.00 0.00
31 39 36.29 4.22 31 39  35.75 6.39
0 1 0.93 0.07 0 1 0.92 0.08
6 13 9.93 4.07 ) 13 7.92 6.99
6 11 8.29 2.07 6 12 9.08 4.08

N O Ot e W NN

Table 9: Pareto Point Descriptive Statistics for Metrics p =1 and p = 2
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P = 00 All metrics

Goal | Min Max Mean Variance | Min Max Mean Variance

0 7 18 13.42 12.51
1 14 8.21 16.17
0 8 4.50 7.04 7 0.41 2.73
0 0 0.00 0.00 0 0.00 0.00
39 3213 9.24 32 39 34.95 3.66

17 14.18 7.11
10 8.18 5.49

S = N

0 2 1.00 0.09 0 1 0.82 0.16
6 14 10.54 6.26 6 19  13.95 14.33
6 11 8.25 1.85 3 11 7.09 6.85

N O Ot B~ W NN =
DO
oo

Table 10: Pareto Point Descriptive Statistics for Metrics p = oo and all p values

The result that p = oo leads to the best Pareto set also holds for most of the other instances.
The exception is instance 2. In this case, we conclude that using all metrics is the best option
because only 10% of the Pareto points in the set produced by this p metric is dominated by

the other options on average. This is the lowest out of all four settings.

Figures 3| through[6]show one graph for each metric configuration using the data from instance 1.
Due to the multi-objective nature of the problem, it is not possible to plot the relationship
among all goals. So, we provide two-dimensional graphs of the goals with the highest variance
because these are the most interesting cases. At the two-dimensional level, some points are
dominated by others. This does not imply that they are dominated at the 8-dimensional level
because this is of course depends on the values of all the goals. All the illustrated points are

non-dominated within the set found by the metaheuristic.

In the case of p = oo, goal 0 and 1 have the highest variance. We see that there seems to be
a positive relationship between these goals. This is entirely plausible because these two goals
do not directly contradict each other. As a reminder, soft constraint 0 aims to allow no more
than 2 night shifts in a row while the purpose of soft constraint 1 is to have one rest day after
each series of 4 shifts. Both these penalties are lower in the case of less consecutive shifts.
This explains the shape of the scatter plot. The same argument can be made for figure [ We
see that the same goals are plotted here and the plot shows that the relationship between the

Pareto points is similar to that in[5] We also see more points in [5] because the experiment with
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this metric found more Pareto points. In figure |3, we present the values of goals 0 and 4 found
by p = 1. Firstly, we see that this experiment has not produced many Pareto points. Also, we
see that, in general, points with a higher penalty on goal 4 have a lower pentaly on goal 0. The
intention of goal 4 is to have the employee start at the same time in case they work consecutive
shifts. In the case of night shifts, this conflicts with goal 0. For example, 3 night shifts in a
row would lead to a penalty with respect to goal 0 but no penalty on goal 4. In figure [0 we
again plot a different pair of goals. The plot suggests a positive relationship between goals 0
and 6. Goal 6 is to avoid single shifts. The positive relationship between these goals does not

follow directly from their definitions.
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Figure 3: Scatter plot of Goal 4 against Goal 0 with Metric p =1
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@ Faling Tide with VNS Graph for Goals 0 and 1

Figure 4: Scatter plot of Goal 1 against Goal 0 with Metric p = 2

@ Faling Tide with VNS Graph for Goals 0 and 1

Figure 5: Scatter plot of Goal 1 against Goal 0 with Metric p = oo
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7.5 Comparing Methods

In the following section, we present numerical results for 3 methods: falling tide with VNS,
falling tide without VNS, and simulated annealing. This is done to investigate the benefit of
the VNS component and to compare the falling tide algorithm to an alternative metaheuristic.
For each instance, we use the setting of the p metric that was shown to perform best in the
fitness metric experiment. For instance 1, 3, and 4 this is p = co. For instance 4, we also use
p = 0o because the data pertains to the same department as instance 1. For instance 2 we use

all p metrics.

In table [11] we describe the runs for instance 1. Similar tables for all other instances can be
found in appendix [B] The number of runs is the same for each instance except for instance 5.
In the case of instance 5, we only compare falling tide with VNS with the simulated annealing
method. Also, we use a lower number of runs, namely 20 and 40 runs respectively. This is done

because of the extremely long runtime of this data set.
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Method Falling Tide with VNS | Falling Tide without VNS | Simulated Annealing
Number of Pareto Points 41 21 23
Number of Runs 100 100 250
Runtime/seconds 1960 2027 1505

Table 11: Descriptions of the Runs of the Algorithm Comparison Experiment Instance 1

First, we discuss the differences between the two falling tide methods. Overall, the method
with VNS outperforms that without VNS. Less near-Pareto optimal points are found by the
method without VNS in the case of instance 1. Tables [12] [15], [16] and [I7] show that
C(RuwithvNssRuwithourvng) 1 substantially higher than C'(Ryinouv ns, Ruwithvns) for all instances.
For example, in the case of instance 1, the set of Pareto points found by falling tide without
VNS dominates only 2% of points found by falling tide with VNS, while

C(RuwithvNs, Ruwithoutvns)= 0.19. So, the method with VNS weakly dominates almost 20% of
the points found by falling tide without VNS. Interestingly, the method without VNS does beat
falling tide with VNS on most of the goals when considering the average values for instance 1
(see table . This suggests that the 80 % of points that are not dominated by falling tide
with VNS perform well on goals 0,1,2,6, and 7.

VNS is used in general to stay in small, easily explored neighbourhoods when possible and to
switch to larger neighbourhoods when necessary to escape local optima. In general, a system-
atic change of neighbourhoods is preferable. A smaller change in the schedule is less likely to
lead to infeasibilities, saving runtime in general. So, staying in small neighbourhoods, which
leads to making smaller changes, is preferred when possible. This mechanism is likely what
leads to a better performance of falling tide with the VNS component as compared to the one
without. However, in the method without VNS, the size of the neighbourhood also changes due
to the fact that the number of days switched is chosen randomly. This already helps to escape
local optima. This explains why this algorithm still performs relatively well and why the VNS

component may not lead to a better performance in some other instances.

Next, we consider the simulated annealing metaheuristic. In all but one instance, falling tide
with VNS finds as many or more Pareto points than simulated annealing (tables , , ,
and . The exception is instance 5. This could be due to the low number of runs in this case.
We do see that the single point found by falling tide with VNS in this instance is not dominated
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by the points found by simulated annealing (table [L7)). Table [12] shows that, on average, 20%

of the points found by this algorithm are dominated by the others for instance 1. In the case

of instance 4, this number is 59% (table [16]). Conversely, in instance 1, it dominates only 5%

of values of the Pareto set of falling tide with VNS. For instances 2, 4, and 5 this number is 0,
as can be seen in table [I4] [16] and So, the falling tide algorithm with VNS has produced

better results than the simulated annealing algorithm in general.

Falling Tide Falling Tide Simulated
Method Average
with VNS without VNS Annealing
Falling Tide with VNS - 0.19 0.13 0.16
Falling Tide without VNS 0.02 - 0.26 0.14
Simulated Annealing 0.05 0.24 - 0.14
Average 0.04 0.21 0.20

Table 12: C-Metric values of the Algorithm Comparison Experiment Instance 1

Method Falling Tide with VNS Falling Tide without VNS Simulated Annealing
Goal | Min Max Mean Variance | Min Max Mean Variance | Min Max Mean Variance
0 7 18 14.51 9.81 7 20 12.19 7.86 7 17 13.91 9.54
1 1 14 7.63 11.14 2 13 5.52 4.46 2 13 7.96 8.95
2 0 8 4.05 5.10 0 5 2.76 1.39 1 6 4.09 1.45
3 0 0 0.00 0.00 0 0 0.00 0.00 0 0 0.00 0.00
4 23 39  29.20 18.81 29 39  32.76 7.29 26 39  30.39 14.61
5 0 2 0.83 0.20 0 3 1.95 0.75 0 3 2.09 0.90
6 6 21 1324 15.29 6 17  11.14 5.33 6 17 12.83 7.97
7 6 11 8.15 1.53 5 10 7.00 1.80 4 10 6.13 2.66

Table 13: Pareto Point Descriptive Statistics for each Method for Instance 1
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Falling Tide Falling Tide Simulated
Method Average
with VNS without VNS Annealing
Falling Tide with VNS - 0.28 0.21 0.24
Falling Tide without VNS 0.10 - 0.13 0.11
Simulated Annealing 0.00 0.34 - 0.17
Average 0.05 0.31 0.17

Table 14: C-Metric Values Algorithm Comparison Experiment Instance 2

Falling Tide Falling Tide Simulated
Method Average
with VNS without VNS Annealing
Falling Tide with VNS - 0.67 0.33 0.50
Falling Tide without VNS 0.00 - 0.00 0.00
Simulated Annealing 0.63 0.11 - 0.37
Average 0.31 0.39 0.17

Table 15: C-Metric Values Algorithm Comparison Experiment Instance 3

Falling Tide Falling Tide Simulated
Method Average
with VNS without VNS Annealing
Falling Tide with VNS - 0.86 0.64 0.75
Falling Tide without VNS 0.27 - 0.55 0.41
Simulated Annealing 0.00 0.14 - 0.07
Average 0.14 0.50 0.59

Table 16: C-Metric Values Algorithm Comparison Experiment Instance 4

Falling Tide Simulated
Method Average
with VNS Annealing
Falling Tide with VNS - 0.14 0.14
Simulated Annealing 0.00 - 0.00
Average 0.00 0.14

Table 17: C-Metric Values Algorithm Comparison Experiment Instance 5
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Figures [7] through [9] show scatter plots of the 2 goals with the highest variance for each method
using the data from instance 1. Plots for instance 2-5 can be found in appendix [C] There is
no scatter plot for the falling tide with VNS approach using instance 5 because only 1 point
was found. Most of the plots have parts that suggest a concave relationship between the given
goals. This implies a situation as described using figures [I] and [2]in section[6.4] So, using p = oo
allows the algorithm to find points that are unreachable for the other metrics. This is consistent
with the fact that the algorithm using p = oo performs relatively well when compared to the
other metrics, as explained in[7.4] However, this conclusion is not definitive because we should

keep in mind that the graphs only show the relationship for a limited number of goals.

Although there is no direct conflict between goals 4 and 6, figure[§]shows a negative relationship.
A possible explanation is that there may not be many consecutive shifts in general. In that
case, the value of goal 4 is low because less consecutive shifts means that there are by definition
less consecutive shifts that do not start at the same time. At the same time a lower number of
consecutive shifts makes it more likely that there are more single shifts, which causes a penalty
on goal 6. The relationship between 0 and 4 is negative just as we saw in section [7.4] The same

explanation given in that section applies here.
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Figure 7: Scatter Plot of Goal 6 against Goal 4 Falling Tide with VNS Instance 1
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8 Discussion and Conclusion

In this thesis, we have developed an approach for solving the multi-objective Nurse Scheduling
Problem (NSP). The NSP is the problem of assigning shifts to nurses under a given set of
constraints. It is an NP-hard problem. This research was conducted at ORTEC, which has
developed a product that provides solutions to the NSP with a single weighted sum objective
function. The approach in this thesis is able to provide healthcare institutions with several
flexible schedules. Also, the objectives used in the multi-objective approach of this thesis are
all aimed at making ergonomic schedules. We have used 8 objectives based on literature in the
field of ergonomic workforce scheduling. To tackle the multi-objective nature of the problem
considered in this thesis, we have incorporated metaheuristics in our approach. Also, we have
used a goal programming approach to create ideal and initial solutions. Goal programming is
a mixed-integer program method with soft constraints in the objective value. As mentioned,
the purpose of these soft constraints is to make ergonomic schedules. The ideal solutions
created using goal programming provide are the best possible solutions with respect to each
single objective. The initial solution is a feasible solution obtained by solving the MIP with
no objective function. This initial solution is the starting solution used by the metaheuristics.
These metaheuristics use a neighbourhood search to create new and better solutions. To assess
the fitness of these new solutions, 3 different fitness metrics (denoted by p) are used. This
approach, where we vary the fitness metric, allows us to find non-supported Pareto points.
These are points on concave parts of the Pareto curve. These points are out of reach for any
approach using a single weighted sum objective function. The output of the metaheuristic is a

set of Pareto points, each representing a balanced schedule in terms of the 8 goals.

We have implemented two types of metaheuristics. The first is the Falling Tide algorithm (Li
et al., |2012). The second is a multi-objective Simulated Annealing algorithm. In the case
of Falling Tide, we have also implemented a version with a Variable Neighbourhood Search

component. This component was not used in |Li et al.| (2012]).

We varied the settings of the p metric to find the one that leads to the best performance of the
metaheuristics. The results indicate that using p = co metrics is the best option. In 4 out of 5
data sets, using this metric leads to the best Pareto set. In the case of instance 2, using all 3
metrics proved to be the best option. Scatter plots of the approximated Pareto front indicate

that the front contains concave parts. This is an explanation for the fact that p = oo performs
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relatively well.

We compared Falling Tide with VNS to the one without VNS to determine whether there
is an added value to the VNS component. In general, this proved to be the case. For all 5
instances, we found that the C-metric indicated a superior performance of Falling Tide with
VNS to that without. We also compared Falling Tide to Simulated Annealing. We found that
Falling Tide outperforms Simulated Annealing. In 3 of the 5 instances, the Pareto set found
using Simulated Annealing weakly dominated none of the points found by Falling Tide with
VNS. Also, in most instances Falling Tide with VNS finds more Pareto points than Simulated
Annealing. For example, in instance 1, Falling Tide with VNS finds 41 points and Simulated
Annealing finds 23.

A limited percentage of Pareto points found by the Falling Tide with VNS were dominated by
the other metaheuristics on average. This is one indication that the set of points is a good
approximation of the Pareto front. Moreover, the variation of the p metric and weights (wy;)
has been used to find points that are evenly distributed over the front. This is another reason

to conclude that we have successfully approximated the Pareto curve.

The main limitation of this research is the lack of knowledge about the actual Pareto front.
This limitation is difficult to overcome due to the nature of the problem. The NP-hard property
of the NSP is one of the major reasons we have used a metaheuristic to approach this problem.
The NP-hardness also means it is difficult to know how close the approximated Pareto front
is to the actual Pareto front. One way to reduce the uncertainty would be to generate some
Pareto points using the MIP approach with a weighted objective function. We attempted to do
this in this thesis, but the runtimes were too long to obtain any result. One important reason
for this is that the objectives used conflict with one another. An opportunity for future research
is to overcome this limitation, for example by designing a more efficient MIP approach that is
able to generate some Pareto points. Then the approximated Pareto front could be compared

to these points to get more certainty about the quality of the approximation.

Another limitation is that we have not considered historical data of the healthcare departments.
Using historical data, hard constraints as well as soft constraints could be made more realistic.
For example, data about rest days in the past could influence the need for rest days during the

planning period. Future research could incorporate this historical data to a model that better
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represents the actual scheduling situation.

Other opportunities for future research relate to the hard constraint in the model. The list of
hard constraints that ensure labour regulations are met is not complete in this thesis. Future
research might expand the list of constraints. Another type of constraint that could be added

is that of specific wishes by employees.

We conclude that a combination of a goal programming and Falling Tide with VNS is useful
for solving the multi-objective NSP and approximating the pareto front. Using the method in
this thesis, we were able to make a good trade-off among many objectives. As a result, we have

found Pareto points that are more balanced when compared to single-objective approaches.
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A Linearization of Maximization Expression

The expression to be linearized is of the form

d = max{0,(}

(26)

where ( is a variable and therefore 0 is a variables. To linearize this expression we add the

following constraints to the model.

>0

0>¢

B Additional Tables

Method

Falling Tide with VNS

Falling Tide without VNS

Simulated Annealing

Number of Pareto Points
Number of Runs

Runtime/seconds

29
100
4672

32
100
0168

24
250
5489

Table 18: Descriptions of the Runs of the Algorithm Comparison Experiment Instance 2

Method

Falling Tide with VNS

Falling Tide without VNS

Simulated Annealing

Number of Pareto Points
Number of Runs

Runtime/seconds

8
100
120

9
100
138

3
250
103

Table 19: Descriptions of the Runs of the Algorithm Comparison Experiment Instance 3

Method

Falling Tide with VNS

Falling Tide without VNS

Simulated Annealing

Number of Pareto Points
Number of Runs

Runtime/seconds

11
100
765

7
100
720

11
250
o985

Table 20: Descriptions of the Runs of the Algorithm Comparison Experiment Instance 4
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Method

Falling Tide with VNS

Simulated Annealing

Number of Pareto Points 1 14
Number of Runs 20 40
Runtime/seconds 5090 24361

Table 21: Descriptions of the Runs of the Algorithm Comparison Experiment Instance 5

Metric 1 2 oo all | Average
1 - 041 0.14 0.14 0.23
2 081 - 0.14 0.14 0.37
00 0.06 0.14 - 0.0 0.07
all 0.19 0.14 0.14 - 0.16
Average | 0.35 0.23 0.14 0.10

Table 22: C-Metric Vales Metric Comparison HEMAVAEQO

Metric 1 2 oo all | Average
1 - 0.60 0.30 1.00 0.63
2 0.60 - 0.30 0.60 0.5
00 0.70 080 -  0.70 0.73
all 1.00 0.60 0.30 - 0.63
Average | 0.77 0.67 0.30 0.77

Table 23: C-Metric Vales Metric Comparison Longgeneeskunde

Metric 1 2 oo all | Average
1 - 0.71 0.25 1.00 0.65
2 083 - 0.25 0.83 0.64
00 1.00 0.86 -  1.00 0.95
all 1.00 0.71 0.25 - 0.65
Average | 0.94 0.76 0.25 0.94

Table 24: C-Metric Vales Metric Comparison Spoedeisende Hulp
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C Additional Graphs
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Figure 10: Scatter Plot of Goal 6 against Goal 4 for Falling Tide without VNS Instance 2
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Figure 11: Scatter Plot of Goal 7 against Goal 6 for Falling Tide with VNS Instance 2
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Figure 12: Scatter Plot of Goal 4 against Goal 0 for Simulated Annealing Instance 2
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Figure 13: Scatter Plot of Goal 7 against Goal 6 for Falling Tide without VNS Instance 3
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@ Faling Tide with VNS Graph for Goals 4 and 6

Figure 14: Scatter Plot of Goal 6 against Goal 4 for Falling Tide with VNS Instance 3
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Figure 15: Scatter Plot of Goal 7 against Goal 4 for Simulated Annealing Instance 3
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Figure 16: Scatter Plot of Goal 7 against Goal 6 for Falling Tide without VNS Instance 4

@ Faiing Tide with VNS Graph for Goals 4 and &

Figure 17: Scatter Plot of Goal 6 against Goal 4 for Falling Tide with VNS Instance 4
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@ sinulated Annealing Graph for Goals 0 and 3

Figure 18: Scatter Plot of Goal 3 against Goal 0 for Simulated Annealing Instance 4

@ sinulated Annealing Graph for Goals 0 and 3

Figure 19: Scatter Plot of Goal 3 against Goal 0 for Simulated Annealing Instance 5
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