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1. Introduction

ABSTRACT

The current study, according to ergonomic factors, aims to model the nurses’ work shift
scheduling problem. Considering the urgent needs of the hospitals in providing better
services to patients, it seems significant to take the preferences of nurses in scheduling
shifts into account. Therefore, in this paper, a multi-objective model of nurses’
scheduling with emphasis on reducing their fatigue during the career shift is presented.
To evaluate the outputs of the model, two numerical instances in small and large sizes
with real data of Labbafinejad Hospital were designed in 18-person and 90-person
wards. To solve a small size problem, a comprehensive standard decision method is
employed, the results of which showed that nurses take their most rest during the night
shift and in the middle of their working hours to reduce fatigue. Furthermore, due to the
NP-Hard nature of the nurses' scheduling problem, in the problem of the 90-person
ward, MOPSO and NSGA 1l algorithms are applied based on the design of a new
chromosome. Using the TOPSIS method and entropy weighting method shows that the
designed NSGA Il algorithm can solve the nurses’ scheduling problem of Labbafinejad
Hospital faster and better.

In recent years, presenting the scientific approaches to make appropriate decisions in various fields of
scheduling, where time is an important factor, has attracted the attention of many researchers. The issue
of nurses' scheduling, as one of the important issues related to decision-making in hospitals, has received
a lot of attention due to health care and the difficulty of nurses' work. In hospitals, the head nurse of
each ward usually develops a monthly time schedule and tries to make sure that this schedule is
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compatible with all the restrictions and demands of the nurses and other staff of the [25]. The work
schedule should meet the needs of the required number of skilled people in each shift. On the other
hand, the program has other restrictions such as people's preferences for days off, the presence of people
with special situations such as breastfeeding mothers, or people who are on leave due to illness or other
accidents [26]. Mostly, for the nurses working in turning shifts, night shifts can have unpleasant
consequences on their normal lives, many of which are out of control. Night shift has negative physical,
psychological, and social effects on nurses' personal lives and consequently, these effects can also affect
their families and long working hours endanger their health and safety [27]. Nurses are always prone to
health threats in various dimensions due to long work shifts and the consequent resulting fatigue.
Cardiovascular disease and heart attacks are more common among shift-work nurses than day-work
ones. These different work shifts such as working night shifts, on weekdays and at different hours of
the day and overtime can be a serious threat to the physical and mental health of nurses. These different
work shifts such as working night shifts, on all weekdays and at different hours of a day as well as
overtime work can lead to a serious threat to the physical and mental health of nurses [8]. Those nurses,
who are not in good general health, will not be able to provide good care such as physical and
psychological support to patients. As a result, the risk of mistakes and accidents at work will be
increased, and ultimately the consequences of which affect the patient and the nurse [29].

In most developing countries, 5 to 10% of government costs are allocated to the health sector, and
among the various components of the health system, hospital services are the major driver of
costsgrowth. Hospitals, as the largest center for providing health services, occupy the major part of the
resources and credits of the health sector of a country, for instance, in Iran, about 40% of government
health expenditures are related to hospital care. However, among the operating costs of the hospital, the
costs related to human resources account for the largest share of total hospital costs, and in Iran, on
average, the cost of humanpower is estimated about 55-60% of the total costs of the hospital operations.
According to research, lack of nursing staff or its inappropriate distribution is usually one of the main
problems of hospitals. Therefore, standardizing the number and distribution of nursing staff in clinical
wards is necessary to improve the efficiency and quality of services provided to patients, to make the
best use of available facilities and improve productivity in hospitals. Nowadays, hospital managers
decide to increase their job satisfaction by providing appropriate scheduling by assigning optimal work
shifts to nurses leading to improving the quality of services provided to patients [30]. Nowadays,
hospital managers decide to increase their job satisfaction by providing appropriate scheduling by
assigning optimal work shifts to nurses leading to improving the quality of services provided to patients
[30]. In fact, the more the schedule assigned to each nurse is consistent with that nurse's preferences for
his/her preferred work shifts, the more patients the nurse will treat with a higher spirit. As a result, the
services provided to patients will be of better quality. From this point of view, the issue of scheduling
nurses in hospitals has been considered by many researchers in recent years. Considering nurses'
scheduling, the number of nurses required to meet the demand for location-shifts is available during the
scheduling period, and the purpose of solving the problem is to assign nurses to shifts. So that the
demand for shifts is met [31]. Finally, a table presenting the time shifts assigned to nurses is provided
and nurses are required to serve them in the assigned work shifts. Meanwhile, even by considering the
optimal allocation of work shifts to nurses and taking their preferences into account, nurses can't provide
services continuously in each work shift because with each passing hour, nurses' fatigue increases.
Therefore, short-term rest in each work shift can lead to rehabilitation in the workforce of nurses so that
they can provide services with a higher spirit. As a result, in addition to assigning work shifts to nurses,
the fatigue caused by the continuous activity of nurses on each working day should also be considered.
Accordingly, in this paper, a mathematical model of nurses' work shift scheduling is presented by
considering ergonomic factors. One of the main goals of this paper is presenting the optimal allocation
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of work shifts according to nurses’ preferences and government laws besides the hospital policies, as
well as reducing nurses’ daily fatigue by taking short breaks to retrieve nurses. Due to the NP-Hard
nature of the nurses’ scheduling problem, the Multi-Objective Particle Swarm Optimization (MOPSO)
and the Nondominated Sorting Genetic Algorithm 11 (NSGA-II) as metaheuristic algorithms have been
used to solve the model in a case study.

2. Literature Review

The importance of nurses’ shift scheduling issues has led to many researchers modeling such issues and
offering different methods to solve the problem in recent years. Various features in nursing shift
scheduling issues such as cost reduction, social, ergonomics, etc. have been considered by researchers,
the most important of which are discussed in this section. A mathematical model for cyclic and non-
cyclic planning of 12-hour shift nurses was introduced, and a concept called stint was introduced, a
pattern that is characterized by start date, length, cost, and work shifts. Using stints as nodes in a
network, a rotation diagram was created on which nurse programs could be defined. The models are
shown on data samples from a local hospital [3]. A branch and price algorithm is employed to solve the
problem of nurses’ shift scheduling. The objectives of the model in this study include the optimal
allocation of nurses to work shifts in a way that minimizes the cost of deviations from nurses’ work in
their non-specialized field [22].

Considering recent studies, the Cplex method has been used to maximize nurses' flexibility in a single-
objective problem in which the model shows the optimal allocation of nurses in each work shift [16].
Genetic algorithms have been used to improve nurses’ scheduling problem solving time with the aim
of minimizing the cost of assigning nurses to lower skill levels and the results show the high efficiency
of this algorithm [17]. Refrigeration simulation algorithm has been used to solve the nurses’ scheduling
model by considering work rules and regulations, hospital policy and with the aim of maximizing
nurses’ preferences for work shifts and weekends. The results showed that the refrigeration simulation
algorithm offers far better solutions than the programs provided by the head nurses [18].

The mathematical model of nurses’ work shift scheduling is presented with the aim of maximizing
nurses’ preferences for work shifts and weekends. In this model, the last days of the previous planning
horizon are considered to determine the shift of nurses in the early days of the current planning horizon.
Additionally, leave days requested by nurses are not fully considered [19]. A two-step innovative
algorithm is proposed to achieve the goals of fairness and flexibility in determining the nurse shift. The
first step identifies a combination of shift types, and the second step creates nurse lists that allocate
weekend shifts as evenly as possible. The proposed model is based on a case study using data from a
US hospital to demonstrate the applicability of the method. It was found that the cost savings and
fairness can be achieved through proper shift design [14]. A study has examined the factors that lead to
or prevent nurses' fatigue. Interviews were conducted using a qualitative content analysis method by
the Patient Safety System Engineering Initiative (SEIPS) model and analyzed. The findings show what
nurses perceive as a cause of fatigue and the factors that are beneficial and harmful to coping with
fatigue in their work system [12].

A nurse-balanced scheduling model was also developed where the case study was used at a local
hospital in Ratchaburi Province to test the model. The aim of this study is to balance the load of each
shift for all nurses. Objective constraints were applied to determine positive and negative deviations
from the mean load of each shift. The proposed model was solved by Premium Solver in Microsoft
Excel and it was found that the balanced load was improved [8]. In the study of a new strategy, a hybrid
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approach based on the experimental model of fuzzy regular weight average has been used to identify
the best solution to the problem of nurses' scheduling regeneration. This strategy has been used on the
nurses' scheduling model at the VVojvodina Oncology Institute in Serbia [21].

In one study, a traditional algorithm was proposed to solve the nurse scheduling problem in which the
results of the return algorithm and other innovative algorithms including genetic algorithm and
refrigeration simulation were compared. Experimental results showed that the recursive algorithm
produces an optimal solution with small applications compared to traditional innovative algorithms
[11]. In one study, a proposed mathematical model for the nurses’ scheduling problem was proposed,
which is based on the idea of a multi-product network flow model. The proposed model was validated
by hypothetical cases as well as standard cases, and then it was applied to a real case study in an
Egyptian hospital. The results showed the advantage of using the proposed model in producing the
program needed to solve the problem [7].

An innovative solution to the nurses’ scheduling problem has been proposed. This solution is based on
the practice of changing shifts performed by nurses who receive an unfavorable program. Constraints
are arranged in order of importance. First, a program is created that meets all the strict constraints and
ensures fairness. The second level is trying to meet as many soft constraints as possible while
maintaining hard constraints [20]. Using the Gurobi optimizer in Python 3.7, a comparative analysis
was presented to examine nurses' scheduling models in terms of target performance and their time
complexity. A case study was also presented to analyze the performance of the model. Techniques based
on bee colony optimization, simulated annealing and memetic algorithm were studied. Finally, the
results were confirmed using statistical analysis [31]. A dual objective model was presented with the
aims of minimizing the cost of allocating staff to the skill level and balancing the burden of each shift
for all nurses in a nurses' scheduling problem. To form the Pareto Front, the constraint planning
technique in Python has been used to solve the problem [13].

A mathematical programming model was presented to maximize nurses’ preferences for shift work, and
then the Werner fuzzy operator-based fuzzy modeling approach was used, and several randomized test
problems were generated and solved using the fuzzy model. In addition, a sensitivity analysis was
performed to investigate the effects of parameter changes on the results [9]. To improve productivity, a
two-step approach to planning treatment for new patients, planning the nurse needs, and assigning the
patient's daily composition to existing nurses was proposed, using a mathematical formula to use the
waiting list to use last minute cancellations. In the first step, at the end of each day, an appointment with
new patients is made, the nurses’ daily needs are estimated, and a waiting list is generated. The second
stage assigns patients to nurses while minimizing the number of nurses required [10].

A genetic algorithm was used to solve the nursing scheduling problem at the Bringkoning Community
Health Center. It is found that the value of the genetic algorithm parameter affects the optimization
results. The small parameter makes the search area in the genetic algorithm more limited, while if the
parameter size is too large, it requires more computational time and does not guarantee that for some of
those variables it will lead to a desirable value. Therefore, achieving the optimal result of the nursing
care program in the emergency room depends on the number of admission days [6].

A two-step strategy is proposed to solve the nurses’ scheduling problem. In the first stage, three
innovative algorithms - HRAL (allocation of human resources based on hospital size), HRA2 (allocation
of human resources based on average allocation) and HRA3 (allocation of human resources based on
the severity of fines) - were proposed for allocating mailboxes. In the second stage, the improved
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Particle Swarm Optimization (PSO) algorithm was used to schedule the nursing staff in a reasonable
time. The findings of this study help hospital managers make decisions about the allocation and
planning of nursing staff [4]. The issue of integrated nursing planning and rescheduling was considered
under demand uncertainty. This problem was set and solved as a correct two-step random program. The
value of the random solution was estimated using real problem cases on a monthly planning horizon
based on data provided by a private health care provider in Ankara [5].

Table 1 examines the most important papers and the differences between the solution methods and the
defined goals of nurses’ shift work scheduling models. According to the literature and the research
background, there is no comprehensive multi-objective model including ergonomic factors such as staff
fatigue in a nurses’ scheduling problem. Therefore, in the following, a multi-objective problem of
nurses’ work shift scheduling is modeled by considering ergonomic factors.

3. Problem Definition and Modeling

In this case, there is nurse staff with the skills of nurse, practical nurse, and assistant nurse who must be
present in the morning, evening, and night shifts according to the predefined schedule in the hospital.
Due to the limited number of nurses and the urgent need for any skills in each shift, there is a need for
proper staff scheduling. There are various limitations and assumptions regarding nurses’ shift work
scheduling, imposing of which has led to the complexity of the problem and its proximity to the real
world. On the other hand, ergonomic factors are considered in this issue and the designed model seeks
to reduce nurses' fatigue and in fact balance their working hours to reduce fatigue during work shifts.
Dawson and Fletcher [1, 2] hypothesized that employee fatigue follows a specific rhythm during their
working hours, which can be prevented by excessive rest during work. Therefore, along with other
aspects of hospital staff work shift scheduling, the goal is to reduce their fatigue

The limitations and assumptions of the nurses’ shift scheduling model studied in this article are as
follows:

— The number of nurses (nurse, practical nurse, and assistant nurse) in each work shift (morning, evening,
and night) is determined in advance daily.

— Each nurse can work at a lower skill level than his real skill.

— Each nurse in each shift of each day can not work at more than one skill level.

—  The minimum and maximum working hours of nurses are known every day and every month and this
range of working hours must be observed for each nurse.

— Each nurse can not work more than 12 hours in a day or 12 hours in a row (morning and night shifts or
evening and night shifts in one day and also night shifts in one day and morning shifts in the next day
are not allowed).

— Morning and evening shifts are 6 working hours and night shifts are 12 working hours.

— Ifanurse works in the morning and evening shifts of one day or in the night shift, she/he should rest the
next day and there is no need for her/him to be in the hospital.

— Nurses’ fatigue in each work shift is considered as a sinusoidal function.

— The number of night shifts that a nurse can work during the monthly planning period is limited.

— Each nurse can not rest for more than 4 sequent days and not present in the hospital.

— There should be at least one nurse with the highest level of skills in each shift of each day.

— Every nurse tends not to be assigned to work on pre-arranged days and shifts.

— The lower and upper limit on the total number of hours worked by each nurse during a week is clear that
should be observed as much as possible.
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Table 1. Literature review and the comparison of the studies done in the field of nurses’ shift work schedule.

Multi- I . Ergonomic Model  Solution
Reference Objective The Objective Function Factors Type Method
Tsai and Li Maximizing nurses’ preferences . -
[23] i for work shifts and weekends. i MILP Genetic Algorithm
Maenhout and S
Vanhoucke - M|n|m|_2|ng the cost of . - MILP Branch & Price
[22] allocating staff to the skill level.
Maenhout and 1-_Balancing the load of each .
Vanhoucke * shift for aI_I nurses. ) MILP Epsilon _
[24] 2- Maximizing nurses _ Constraint
preferences for work shifts.
Kumar et al. Maximizing staff work *
[16] - flexibility. MILP Cplex
Minimizing the cost of
Kimetal. [17] - allocating staff to low skill - MILP Genetic Algorithm
levels.
Jafari and ) Maximizing nurses’ preferences MILP Simulated
Salmasi [18] for work shifts and weekends. Annealing
Thongsanit et Balancing the load of each shift .
al. 8] - for all nUIses. - MILP Premium Solver
Jafari et al. ) Maximizing_ nurses’ preferences MILP ll\:/lbg.ztiyematical
[19] for work shifts and weekends. Model
Maximizing nurses’ preferences BackTrack
Koetal. [11] ) for work shifts and weekends. ) MILP Algorithm
Minimizing the cost of .
Youssef and - allocating staff to lower skill - MILP Slmulat_ed
Senbel [20] Annealing
levels.
1- Minimizing the cost of
Alade and aII_ocating personnel to a lower Constraint_
Amusat [13] * skill level. - MILP Programming
2- Balancing the load of each Technique
shift for all nurses.
Maximizing nurses’ Fuzzy
Jafari [9] - - MILP Mathematical
preferences.
Model
Mala Sari Maximizing nurses’
Rochmanetal. - & - MILP Genetic Algorithm
6] preferences.
Chenetal. [4] - Maximizing nurses’ ) MILP Par’gic!e Syvarm
preferences. Optimization
1- Minimizing the cost of
allocating personnel to the skill
level.
2- Minimizing the total
deviations from the shifts that
personnel tend not to be
assigned to work.
The Present 3- Minimizing the amount of LP-Metrics -
* morning and evening shifts that ~ * MINLP ~ MOPSO — NSGA

Study

personnel are assigned to work
continuously.

4- Minimizing the total
deviations from the lower and

upper limits on the total number

of hours worked.
5- Minimizing the total fatigue
of nurses.
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The aims of this issue are divided into two types, the objectives of employers and the preferences of
nurses. If nurses of any skill level are assigned to work at a lower skill level than their actual skills,
employers will have to pay a fine. Therefore, employers tend to pay the minimum penalty for assigning
nurses at lower skill levels than their actual skills. Nurses also tend to work as many hours as they
choose during the planning period and not be assigned to work on the days or shifts that they themselves
have announced at the beginning of the planning period. Therefore, 5 different objective functions have
been considered for the problem, which include minimizing (1) the cost of assigning a nurse to a skill
level lower than their actual skill level, (2) the total deviations from the days and shifts that nurses tend
not to assign to work, (3) the amount of morning and evening shifts that nurses are assigned to work
continuously, (4) the sum of deviations from the lower and upper limits on the total number of hours
worked by nurses during a week, and (5) the sum of maximum total fatigue of nurses every day and in
every work shift.

According to the assumptions, limitations, and explanations of the problem, the nurses' work shift
scheduling model will be as follows:

3.1. Sets

Set of nurses (i = 1,2,...,1);
J Shiftset (G = 1,2,..,));
K  Set of working days (k = 1,2, ...,K);
LK  Set of working weeks (lk = 1,2, ..., LK);
S Setof skill levels (s = 1,2,...,5).

As mention previously in this section, three work shifts and three different skill levels are considered.
The work shifts are presented as morning shift (j = 1), evening shift (; = 2) and night shift (j = 3).
Besides, the level of nursing skills is indicated by s = 1, the level of practical nursing skills is shown
by s = 2, and the level of assistant nursing skills is represented by s = 3.

3.2. Parameters

hyj Shift length j per day k;
Dhpmax  Maximum working hours of nurses per day;
Whpin  Minimum working hours of nurses per week;
Whpmaee  Maximum working hours of nurses per week;
Mh,;,  Minimum working hours of nurses per month;
Mh,.,  Maximum working hours of nurses per month;
RNy;s  Total number of nurses required at skill level s in shift j from day k;
Maxyign: The maximum number of night shifts that a nurse can work during a one-month
planning period,;

o The amount of penalty for assigning nurse i to work at a lower skill level in shift j from
day k;
k; The set of days that the nurse i tends not to be assigned to work in some or all of the
shifts;
Jk; The set of shifts from day k; that nurse i tends not to be assigned to work;
Ti_hair ~ The set of half-hour intervals in each shift j;
RSLi;,  Parameter (0 and 1) that takes 1 if nurse i can be assigned to work at her actual skill

level or any lower skill level s in shift j from day k; otherwise it takes the value 0.



403 A multi-objective optimization approach for a nurse scheduling problem...

RIARIE

3.3. Decision variables

dii  Deviation from days or shifts that the nurse i does not want to be assigned to work;
dit  Deviation from the lower limit on the total number of hours worked by nurse i during a week;
dit  Deviation from the upper limit on the total number of hours worked by nurse i during a week;
d,”g;s The rest rate of the nurse i with skill level s while working in shift j from day k;
ries  The fatigue score of the nurse i with skill level s while working in shift j from day k at the
hour ¢;
fiies  The fatigue score of the nurse i with skill level s while working in shift j from day k at the
end of hour ¢;
xijs  Takes 1if nurse i is assigned to work at skill level s in shift j from day k, otherwise it takes
the value 0;
0.  Takes 1 if nurse i is assigned to work continuously in the morning and evening shifts from
day k, otherwise it takes the value 0;
Fi  Takes 1 if nurse i is assigned to work in night shift from day k, otherwise it takes the value 0;
wijs Takes 1 if nurse i is assigned to work at skill level s in shift j from day k in half an hour ¢,
Otherwise it takes the value 0.

3.4. Modeling of the Multi-Objective Problem of Nurses' Work Shift Scheduling

7, = Minz:z:zz:[a%(j.(s — RSLgs)-Xis] (1)
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i kEkIJE]k
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In this modeling, Eqg. (1) minimizes the cost of assigning nurses to the skill level below their actual skill
level. Eqg. (2) shows the minimization of the total deviations from the days and shifts that nurses tend
not to assign to work. Eg. (3) minimizes the number of morning and evening shifts that nurses are
assigned to work continuously. Eq. (4) describes the fourth objective function of the problem and
involves minimizing the sum of deviations from the lower and upper bounds on the total number of
hours worked by nurses during a week. Eq. (5) sums the total maximum fatigue score of all nurses in
each skill level in each shift of each day. This objective function actually reduces nurses’ fatigue during
work shifts. Eq. (6) illustrates the maximum number of working hours that each nurse can work in a
day. Relationships (7) and (8) show the minimum and maximum number of working hours that each
nurse can work in a one-month planning period, respectively. Eq. (9) also shows the total number of
case nurses at each skill level in each shift of each day. Eq. (10) ensures that each nurse in each shift of
each day can not work at more than one skill level. Eq. (11) ensures that each nurse can work at their
actual skill level or at a lower skill level. Eqg. (12) indicates that night shifts are not permitted. Eq. (13)
presents the maximum number of night shifts that each nurse can work in a one-month planning period.
Relationships (14) - (17) show that morning and night shifts or evening and night shifts on one day as
well as night shifts on one day and morning shifts on the next day are not allowed, meaning that each
nurse cannot work more than 12 hours a day or 12 hours in a row. Relationships (18) - (23) express that
if a nurse works one day in the morning and evening shift or night shift, the next day should not be
working. Eq. (24) ensures that each nurse can not rest more than 4 days in a row and not be assigned to
any shifts. Eq. (25) ensures that there should be at least one nurse with the highest level of skill in each
shift of each day. Eq. (26) shows that every nurse tends not to be assigned to work on pre-determined
days and shifts. Egs. (27) and (28) show the upper and lower bounds on the total number of hours worked
by each nurse during a week. Eq. (29) shows the nurse’s fatigue score every half hour of her shift. Eq.
(30) also shows the nurse’s fatigue score at the end of each half hour of work, taking into account her
rest. Eq. (31) indicates the total amount of nurse rest hours in each shift of each working day. Eq. (32)
presents the maximum number of half-hour breaks for a nurse in each work shift of each day.

Relationships (33) and (34) show the type and gender of decision variables.

4. Solution Methods and Comparison Indicators

After presenting the mathematical model of the multi-objective problem of nurses' work shift
scheduling, in this section, the solution methods, as well as the comparison indicators of the solution
methods used in the article are presented. Due to the multi-objective nature of the developed
mathematical model, different methods should be used to find the Pareto front and efficient solutions.
Therefore, to solve the developed multi-objective problem, comprehensive standard decision methods,
as well as NSGA |l and MOPSO meta-heuristic algorithms, have been used. In the following, each of
the solution methods as well as the primary chromosomes of the meta-heuristic algorithms are
described.

4.1. LP-Metrics Method

In LP-Metrics, it is necessary to obtain the best value of each objective function by individual
optimization method. That is, the value of each objective function must first be obtained without
considering the other objective function to be used in the calculations. Eqg. (35) shows the multi-
objective decision-making method named LP-Metrics.
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In the above relation w; is the weight assigned to each objective function, f; is the objective function of
the problem and f;* is the optimal value of each objective function obtained from the individual optimal
method. Also, the soft p (norm) of the problem indicates that in this paper the linear norm, ie (p = 1)
has been used to solve the multi-objective problem.

4.2. MOPSO Algorithm

Eberhart and Kennedy [15] first proposed a method called particle motion by modeling the movement
of birds in the air and discovering the logical relationship between the change of direction and speed of
birds and using the knowledge of physics. The scientists later discovered in their research that these
movements were interdependent and found that a bird's movement was due to information it received
from birds around it, so they completed the proposed method and named it a swarm movement. In
general, the cumulative particle motion algorithm has many similarities with algorithms such as ants or
genetics, but there are serious differences with them that make this algorithm different and simple. For
example, this algorithm does not use operators such as crossover and mutation, so the algorithm does
not require the use of number strings and the decryption step, so it is much simpler than algorithms such
as genetics. This algorithm divides the solution space into several paths using a quasi-probabilistic
function, which are formed by the movement of individual particles in space. The motion of a group of
particles consists of two main components (definite and probable). Each particle is interested in moving
in the direction of the best current answer x* or the best answer obtained so far g*. Egs. (36) and (37)
show the speed and motion functions of birds in each iteration of the MOPSO algorithm.

Vi*1 = wV! + C;rand(pbest; — X!) + Cyrand(gbest; — Xb), (36)
Xii:+1 — Xf + Vit+1' (37)

In the above relations, v+ is the velocity of the particle i in the new iteration ¢. vtis the velocity of the
particle i in the current iteration t. X/** is the current position of the particle ¢ + 1. x{is the position of

the particle in the new iteration, pbest; is the best position has ever taken by the particle i. rand is the
best position of the best particle (the best position that all particles have ever taken). The rand is a
random number between zero and one that is used to maintain group diversity. ¢; and C, are cognitive
and social parameters, respectively. Selecting the appropriate value for these parameters leads to
accelerating the convergence of the algorithm and preventing premature convergence in local
optimizations. Recent research shows that choosing a larger value for the cognitive parameter ¢, is more
appropriate than the social parameter C,. The parameter w is called weight inertia, which is used to
ensure convergence in the particle group. Gravitational inertia is used to control the effect of previous
velocity records on current velocities.

4.3. NSGA 11 Algorithm

Genetic algorithms start by randomly generating an initial population of chromosomes, while satisfying
the boundaries or limitations of the problem. In other words, chromosomes are strings of proposed
values for problem-solving variables, and each represents a possible answer to the problem.
Chromosomes are inferred from consecutive repeats called generations. During each generation, these
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chromosomes are evaluated according to the goal of optimization, and the chromosomes that are the
better answer to the problem are more likely to reproduce the answers to the problem. It is important to
formulate the chromosome evaluation function to help speed up the convergence of calculations toward
the general optimal answer. Because in the genetic algorithm, the value of the evaluation function must
be calculated for each chromosome, and because we usually have a significant number of chromosomes
in many problems, the time consuming calculation of the evaluation function can make it practically
impossible to use the genetic algorithm in some problems. Therefore, based on the obtained values of
the objective function in the population of strings, a fit number is assigned to each string. This fitness
number will determine the probability of selection for each discipline. Based on this selection
probability, a set of strings is selected first. To produce the next generation, new chromosomes called
offspring are created by linking two chromosomes from the current generation using a combination
operator or by modifying the chromosome using a mutation operator. Therefore, new strings replace
strings from the original population so that the number of strings in the various computational iterations
is constant. The random mechanisms that act on the selection and removal of strings are such that strings
that are more fitting are more likely to combine and produce new strings and are more resilient than
other strings in the replacement phase. Thus, the population of sequences in a competition based on the
objective function is completed over different generations and increases by the value of the objective
function in the population of the strings, so that after several years, the algorithm converges to the best
chromosome, which hopefully indicates optimal or suboptimal solution. In general, in this algorithm,
while in each computational iteration, new points of the response space are searched by genetic
operators, by the selection mechanism, it explores the space in which the statistical average of the
objective function is higher. Usually the new population that replaces the previous population is more
appropriate. This means that the population is improving from generation to generation. The search will
be fruitful when we have reached the maximum possible generation, or if convergence has been
achieved, or the cessation criteria have been met, and as a result, the best chromosome obtained from
the last generation will be selected as the optimal solution or optimal solution to the problem.

4.3.1. Initial chromosome design

The most important part in designing and using algorithms in problem solving is how to define problem
variables called problem chromosomes. In this section, the primary chromosome design of the nursing
shift work schedule in the hospital is discussed. According to the model assumptions, in this article,
three types of personnel (nurse A, practical nurse B and assistant nurse C) are considered who should
be present in the work shifts according to the predefined schedule. Therefore, to define the primary
chromosome as well as its decoding, a schedule with four type A personnel, three type B personnel and
two type C personnel is considered for 3 working days. Fig. 1 shows the basic information and the
initial chromosome of the nurses' shift work schedule.
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Day Personnel Al A2 A3 Ad Bl B2 B3 C1 Cc2
allocation

firstday  Personnel 2 4 3 1 - - - - -

second type A 4 1 g 2 - - - - -

day

third day 1 3 2 4 - - - - -

firstday  Personnel 3 1 4 5 2 6 7 - -

second type AandB | 5 2 7 3 6 4 1 - -

day

third day 3 2 1 4 5 4 2 - -

firstday  Personnel 2 3 1 8 9 4 6 7 5

second type AandB | 4 3 5 7 9 1 8 6 2

day and C

third day 5 7 6 2 9 4 3 8 1

The first shift The second shift The third shift

first day 1C 1B - 1C - 1A - 2B 1A

second day 1C - 1A - 1B - 1C - 1A

third day - - 1A 1C 1B 1A 1C 1B -

Fig. 1. Initial chromosome for the nurses' work shift scheduling problem.

According to Fig. 1, the primary chromosome is the replacement for number of personnel of type A, B
and C per day. Fig. 1 also shows the number of personnel required per day and per shift. The following
are the steps for decoding the primary chromosome.

Step 1. To decipher the problem, first the assignment of type A personnel and from the third shift is
done. Therefore, according to the assumptions of the problem, the highest priority of the primary
chromosome is selected on the first day and the personnel is assigned to the third shift. According to
the random priority created in Fig. 1, personnel A2 are assigned as the first personnel to the first day
and the third shift. In this case, due to the non-assignment of personnel A2 on the second day (according
to the assumptions of the problem), the priorities related to personnel A2 on the second day will be
reduced to zero. After assigning personnel in the third shift, type A personnel will be assigned in the
second and first shifts. Fig. 2 shows the allocation of type A personnel according to the assumptions of
the problem based on chromosome in Fig. 1.

Person_nel AL A2 A3 Ad The third shift
allocation

first day 2 4 3 1 A2

second day 4 0 3 2 Al

third day 0 3 2 4 -

Person.nel AL A2 A3 Ad Th_e second
allocation shift

first day 2 0 3 1 A3

second day 0 0 3 2 )

third day 0 3 2 4 Ad
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P | ; ;
ersonne Al A2 A4 The first shift
allocation
first day 2 0 1 -
second day 0 3 2 A3
third day 0 2 0 A2
The first shift The second shift The third shift
first day - A3 A2
second day A3 - Al
third day A2 A4 -

Fig. 2. Assignment of type A personnel based on initial chromosome decoding.

Step 2. After assigning type A personnel in each shift and every day, type B personnel will be assigned
from the third shift. Given that type A personnel have the ability to perform the activities of type B
personnel, so the chromosome of the second part is a combination of type A and B personnel. For
example, personnel Al and A4 along with personnel B1, B2 and B3 can be assigned as Type B
personnel. Fig. 3 shows the allocation of Type B personnel according to the assumptions of the problem
based on the chromosome of Fig. 1 and the modified Fig. 2.

Personnel The
. Al A2 A3 Ad B1 B2 B3 third
allocation ]
shift
first day 3 0 0 5 2 6 7 B2-B3
second
0 0 0 3 6 0 0 -
day
third day 0 0 1 0 5 4 2 B1
Personnel The
. Al A2 A3 Ad B1 B2 B3 second
allocation .
shift
first day 3 0 0 5 2 0 0 -
second 0 0 0 3 6 0 0 B1
day
third day 0 0 1 0 0 4 2 B2
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Person.nel Al A2 A3 Ad B1 B2 B3 The first
allocation shift
first day 3 0 0 5 2 0 0 A4
second -
0 0 0 3 0 0 0
day
third day 0 0 1 0 0 4 2 -
The first shift The second shift The third shift
first day A4 - - A3 B2-B3 A2
second day - A3 B1 - - Al
third day - A2 - A4 B1 -

Fig. 3. Assignment of type A and B personnel based on initial chromosome decoding.

Step 3. After assigning type A and B personnel in each shift and every day, type C personnel will be
assigned from the third shift. Given that type A personnel have the ability to perform the activities of
type B and C personnel and also type B personnel have the ability to perform the activities of type C
personnel, so the chromosome of the third part is a combination of type A, B and C personnel. Fig. 4
shows the allocation of Type C personnel according to the problem assumptions based on chromosomes
in Fig. 1 and the modified Fig. 2 and Fig. 3.

Personnel The
. Al A2 A3 A4 Bl B2 B3 C1 C2 third
allocation .
shift
first day 0 0 0 0 9 0 0 7 5 -
second day | O 0 0 0 0 0 0 6 2 C1
third day 0 0 6 0 0 4 3 0 1 A3
Personnel The
. Al A2 A3 A4 Bl B2 B3 C1 C2 second
allocation -
shift
first day 2 0 0 7 B1
second day 0 0 8 0 -
third day 0 7 3 0 A2
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Personnel The
. Al A2 A3 A4 Bl B2 B3 C1 C2 first
allocation .
shift
first day 2 3 0 0 0 0 0 7 5 C1
second 0 0 0 7 0 0 0 0 2 Ad
day
third day 0 0 0 2 0 4 3 0 1 -
The first shift The second shift The third shift
first day C1l Ad - Bl - A3 - B2-B3 A2
second day Ad - A3 - Bl - C1 - Al
third day - - A2 A2 - Ad A3 B1 -

Fig. 4. Assignment of type A, B and C of personnel based on the initial chromosome decoding.

The above decoding should be updated and modified based on the following assumptions at each stage:

— If the staff is working in the third shift, they should not be working the next day.

— There is a limit to the number of third shifts for staff.

— Should not be assigned to any other shift if each staff member's working hours are exceeded.

—  Every day, each staff member can be employed in only one skill.

— If the staff is working in the first and second shifts, they are exempted from working in the third shift
and the next day.

4.3.2. Combining operators

The Combining operators is one of the operators of the NSGA Il algorithm, which is modeled by
changing the genes of the parents to create new children and improve fitness. In this paper, a single
point combination is used to combine chromosomes. Fig. 5 shows the combination on one of the
problem chromosomes.

012 | 064 | 0,33 | 0,24 | 0,19 | 0,26 1 6 5 3 2 4

=

015 | 047 | 0,21 | 0,26 | 0,96 | 0,74 1 4 3 2 6 5

Before applying the combination

After applying the combination

0,12 | 0,64 | 0,33 | 0,36 | 0,96 | 0,74 1 4 2 3 6 5

=

0,15 | 047 | 0,21 | 0,24 | 0,19 | 0,26 1 6 3 4 2 5

Fig. 5. Performing a single point combination.



Khalili et al. / J. Appl. Res. Ind. Eng. 7(4) (2020) 396-423

‘ ol of gyl Rk oo Sndsial Engiveenig

4.3.3. Mutation operator

Mutation is another operator that produces other possible answers. In a genetic algorithm, after a
member is created in a new population, each of its genes mutates with a certain probability of mutation.
In mutation, a gene may be removed from a population of genes or a gene that did not previously exist
in the population may be added. In this paper, the transfer mutation is used for the mutation operator
between the problem chromosomes. Fig. 6 shows how this chromosome is applied and converted into
a valid answer.

0,12 | 0,64 | 033 | 0,24 | 0,19 | 0,26 1 6 5 3 2 4

=

0,15 | 047 | 0,21 | 0,26 | 0,96 | 0,74 1 4 3 2 6 5

Before applying the combination

!

After applying the combination

0,12 | 064 | 0,33 | 0,36 | 0,19 | 0,26 1 6 4 5 2 3

—

0,15 | 047 | 0,21 | 0,24 | 0,96 | 0,74 1 4 2 3 6 5

Fig. 6. How the mutation operator works.

Due to the continuous space of NSGA Il and MOPSO algorithms, as well as the discrete space of the
primary chromosome response space, it is possible to create an impossible answer at any stage of the
algorithm repetition. Therefore, using the following mechanism, the continuous answers generated in
each iteration of the algorithm are converted to discrete answers. Fig. 7 shows how to convert
continuous space to discrete space. In this mechanism, the largest continuous number is identified and
the corresponding house number becomes the highest priority of discrete space. Then the next largest
number in continuous space is selected and the highest priority of discrete space is assigned to that
house number. This operation continues until the last continuous number is converted to discrete.

| 0,12 | 0,64 | 033 | 0,36 | 0,19 | 0,26 |
1 | 6 | 4 5 2 3

Fig. 7. Mechanism of conversion for continuous to discrete space.
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4.4. Comparative Indicators of Metaheuristic Algorithms

One of the problems in solving multi-objective problems is how to evaluate the quality of the final
solutions, which can sometimes be complicated due to the conflicting used goals. For this purpose, in
the early 1990s, visual (observational) methods were used to compare Pareto collections. Convergence
to Pareto optimal solutions and providing density and variability among the obtained set of solutions
are the two main goals of any multi-objective evolutionary algorithm. But since these two goals are
somewhat at odds with each other, there is no standard by which to make an absolute decision about
the performance of algorithms. Therefore, to evaluate the performance of the proposed algorithms, the
following criteria are used:

— Computational time: An algorithm that has less computational time will be more desirable.

— Number of answers in Pareto: Shows the number of unsuccessful answers in the Pareto set obtained for
each problem.

— Maximum expansion: This criterion shows how many of the answers of a Pareto set are distributed in
the answer space, which is calculated from Fig. 38. The larger the value of this criterion, the better the
variety of Pareto set answers.

M
MSI = 2 (max;_y,q f}, — maxi=1:|Q|fI§1)2. (38)

m=1

— Distance: Indicates the uniformity of the answers, which is calculated using Eq. (39).

(39)

In the above relation, | Q | represents the size of the Pareto archive, and the values d; and d can be
calculated from Egs. (40) and (41), respectively. An algorithm with less of this criterion would be more
desirable.

M
di = minkean#i Z |frln - frlr(1| . (40)

m=1
d- Zﬁ_ (41)
4 1Q|
— Distance from the ideal point: This criterion is used to measure the degree of proximity to the optimal

level of the real Pareto, which is calculated from Eq. (42):

n

MID = 2=t (42)
n
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In this relation n is the number of answers in the Pareto optimal set and c; is the Euclidean distance of
each member of the Pareto set from the ideal point which is calculated from Eq. (43):

¢ =/ (fri — £)2 + (f2i — £) + - + (i — f)2 (43)

4.5. Parameter Setting of Metaheuristic Algorithms

In this section, the basic parameters of MOPSO and NSGA |l meta-heuristic algorithms are set by
Taguchi method. In Taguchi method, first the appropriate factors should be identified and then the levels
of each factor should be selected and then the appropriate test design for these control factors should be
determined. Once the test design is determined, the experiments are performed and the experiments are
analyzed in order to find the best combination of parameters. In this study, for each factor, 3 levels are
considered according to Table 2. For each algorithm, according to the number of factors and the number
of their levels, the design of the experiment and their execution are determined. Given the multi-
objective nature of the proposed model, the value of each experiment must first be calculated from Eg.
(44). This relation is used in case of subtraction of the indicators used in comparison of meta-heuristic
algorithms including indicators (number of answers in Pareto, maximum expansion, distance, distance
from the ideal point and computational time). After determining the value of each experiment, the scaled
value of each experiment, RPD, is calculated from Eq. (45) to analyze the design of the Taguchi
experiment.

NPF + MSI + SM + MID + CPU_time
Si = 5 .
S, —S;
Si

(44)

RPD = (45)

In Relation (45), S; is the index value obtained from each Taguchi experiment and S; is the best index
value among all Taguchi experiments.

Table 2. Levels of proposed parameters for parameterization of meta-heuristic algorithms by Taguchi method.

Algorithm Parameter Symbol  Levell Level2 Level3
Maximum number of repetitions Max it 50 100 200
Number of population Npop 50 100 200

NSGA I Combination rate Pc 0,3 0,5 0,7
Mutation rate Pm 0,3 0,5 0,7
Maximum number of repetitions Max it 50 100 200
Number of particles N particle 50 100 200

MOPSO Individual learning coefficient ~ C1 1 15 2
Collective learning coefficient Cc2 1 1,5 2
Gravity coefficient W 0,7 0,8 1

By comparing the difference between the maximum and minimum values obtained in the NSGA 1l
algorithm for the SN index, the significant effect of the Max it parameter (maximum number of
repetitions) in improving the solution process of the NSGA 1l algorithm is evident. The parameters Pm
(Mutation rate), Npop (population size) and Pc (combination rate) are in the next influential ranks,
respectively (Table 3).
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Table 3. Results of parameter analysis of NSGA I1 algorithm.

Level Maximl_,lm number of Number_ of Combination Mutation
Repetitions Population Rate Rate

1 0,14794 0,15478 0,09527 0,08686

2 0,19249 0,11135 0,16801 0,11512

3 0,01125 0,08556 0,08840 0,14970

Delta 0,18146 0,06922 0,07961 0,06284

Rank 1 3 2 4

Fig. 8 shows the mean S / N ratio and the mean for the NSGA Il algorithm. As stated, the maximum
value of the SN criterion is the criterion for selecting the values of the parameters.

Main Effects Plot for SN ratios
Data Means

1
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Fig. 8. Average graph of S/ N ratio and average of averages in NSGA 11 algorithm.

According to the results shown in Fig. 8, the NSGA 11 algorithm will be most effective if the maximum
number of iterations is at level 3, the population at level 2, the combination rate at level 3, and the
mutation rate at level 2. By comparing the difference between the maximum and minimum values
obtained in the MOPSO algorithm for the SN index, the significant effect of the Max it parameter
(maximum number of iterations) in improving the solution process of the MOPSO algorithm is evident.
The parameters w (gravity coefficient), c1 (individual learning coefficient), Nparticle (number of
particles) and c2 (collective learning coefficient) are in the next ranks of influence (Table 4).

Table 4. Results of parameter setting analysis of MOPSO algorithm.

Maximum . Individual Collective
Number of  Gravity : .
Level Numb_e_r of Particles Coefficient Lea”!".‘g Lea”?”_‘g
Repetitions Coefficient Coefficient
1 0,13846 0,11466 0,08044 0,10832 0,13885
2 0,19160 0,14906 0,10510 0,12855 0,13836
3 0,06227 0,12861 0.20678 0,15546 0,11511
Delta 0,12933 0,03440 0,12634 0,04713 0,02374
Rank 1 4 2 3 5

Fig. 9 shows the mean S / N ratio and the mean for the MOPSO algorithm. As stated, the maximum

value of the SN criterion is the criterion for selecting the values of the parameters.
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Fig. 9. Average graph of S/ N ratio and average of averages in MOPSO algorithm.

According to the observable results of Fig. 9, if the maximum number of repetitions is at level 3, the
number of particles at level 2, the gravity coefficient at level 3, the individual learning coefficient at
level 3, and the collective learning coefficient at level 1, the MOPSO algorithm will be most efficient.

5. Results Analysis

In this section, in order to investigate the issue of multi-objective scheduling of nurses' work shifts by
considering ergonomics, a small example is considered for Shahid Labbafinejad Hospital in Iran. Dr.
Labbafinejad Hospital started operating in 1981 and gradually continued its growth trend with the
provision of facilities and equipment and began its serious activities by attracting committed, and
specialized medical personnel. Simultaneously with the establishment of the hospital, preparations were
made for its incorporation into the educational system. At present, this center is one of the hospitals of
the Social Security Organization, but it is under the supervision of Shahid Beheshti University of
Medical Sciences. All wards of the hospital have been approved by the Secretariat of the Medical and
Specialized Council, and specialized and sub-specialized assistants, postgraduate students, interns and
interns, in other words, all-inclusive categories are engaged in training in this center. The total number
of nurses (including nurses, practical nurses and assistant nurses) in the study ward of Shahid
Labbafinejad Hospital is 18 people who work in three shifts during 24 hours. The length of the morning
and evening shifts is 6 hours and the length of the night shifts is 12 hours. All nurses are divided into 3
skill levels: nurse, practical nurse and assistant nurse. The nurse skill level is the highest skill level and
the nurse assistant skill level is the lowest skill level. In this study, all these 3 skill levels are called
nurse (according to the hospital custom). When necessary, the skill level is precisely specified. The
characteristics of the whole problem are presented in Table 5 and the characteristics of the staff and the
required number of each nurse at different skill levels in an 18-person ward in Tables 6 and 7 for Shahid
Labbafinejad Hospital.
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Table 5. Required data for the small size problem.

Planning horizon

30 days

The length of each shift.

Maximum working hours per workforce per day.
Minimum working hours required for each workforce per

week.

Maximum working hours per workforce per week.
Minimum working hours required for each workforce

during the month.

Maximum working hours allowed for each workforce

during the month.

Penalty coefficient for allocating each workforce at a

lower skill level.

Maximum allowed night shifts in a planning period.

(Morning and noon shift 6 hours and night shift 12

hours)
12 hours

35 hours
42 hours
100 hours

180 hours

15 to 20 currencies

15 shifts

Table 6. Characteristics of employees in 18 people department.

Preferred

Employees Real Skill Davs for Employees Real Skill Preferred

Number Level Y Number Level Days for Leave
Leave

1 Nurse - 10 Nurse -

2 Nurse 29 11 Nurse 7,14

3 Nurse 28,29 12 Practical Nurse  1,2,3,4

4 Nurse - 13 Practical Nurse 22

5 Nurse - 14 Practical Nurse  19,20,21,22

6 Nurse 24,25,26 15 Practical Nurse -

7 Nurse 9,10,11,12 16 Practical Nurse -

8 Nurse 26 17 Assistant Nurse -

9 Nurse 16,17,18 18 Assistant Nurse -

Table 7. The required number of each skill level of employees in each shift of each day in the planning period in
18 people department.

Day Shift Nurse Practical Nurse Assistant Nurse

Morning 3 0 1
1,2,15,28 Noon 2 1 1

Night 2 1 0

Morning 2 1 0
6,10,13,20,22,27 Noon 2 1 0

Night 2 1 0
3,45,7,8911,12 Morning 4 0 1
14,16,17,18,19,21 Noon 2 1 1
23,24,25,26,29,30 Night 2 1 0

According to the Lp metrics method in Relation (35), to obtain an efficient answer, it is necessary to
obtain a receiving table. Therefore, by solving the problem by individual optimization method, the value
of the first objective function 1867, the second and third objective functions 0, the fourth objective
function 181 and the fifth objective function 573.117 are obtained.

Based on the comprehensive criterion method, the obtained efficient solution optimizes all objective
functions simultaneously. Therefore, the shift schedule of the problem under study can be shown in
Table 8.
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Table 8. Scheduling problem for the small sample.

Morning Shift Noon shift Night Shift
Pay Nurse P-nurse! A-nurse? Nurse P-nurse A-nurse Nurse P-nurse A-nurse
1 2-3-4 17 5-7 16 18 1-9 12
2 4-5-11 17 6-7 15 18 2-10 13
3 1-3-4-9 18 5-7 14 16 8-11 15
4 1-5-7-10 18 2-3 1 17 4-6 12
5 3-5-7-10 17 9-11 13 16 2-8 14
6 9-10 16 1-6 13 3-11 15
7 4-5-7-10 13 1-9 12 17 6-8 14
8 1-2-3-4 18 5-10 13 17 7-9 15
9 3-4-5-6 17 2-8 12 13 10-10 14
10 6-9 15 1-2 16 5-7 12
11 1-3-4-8 16 6-10 14 18 2-11 15
12 1-4-5-6 18 7-8 13 17 3-9 16
13 4-11 13 2-8 14 6-10 12
14 3-7-9-11 17 4-5 13 14 1-8 16
15 2-10-11 17 3-7 12 18 6-9 15
16 1-2-4-10 12 5-11 16 17 3-8 14
17 2-4-5-11 17 6-9 13 18 7-10 16
18 3-4-8-11 18 2-6 12-13 1-5 15
19 2-3-4-9 18 7-8 16 17 6-10 13
20 1-8 16 4-5 15 7-9 12
21 2-4-5-8 17 3-6 13 18 1-11 14
22 2-9 12 5-10 13 3-8 15
23 1-2-5-7 17 4-10 12 18 9-11 13
24 3-4-5-7 16 1-8 14 6-10 15 12
25 2-3-4-11 18 1-7 16 17 8-9 14
26 2-3-7-10 18 4-5 16 1 6-11 12
27 1-7 14 3-10 13 2-5 15
28 1-7-8 18 9-11 13 17 4-6 16
29 1-5-9-11 18 2-3 12 7 8-10 15
30 1-2-4-9 13 6-11 14 3 5-7 12

Practical nurse
2Asistant nurse
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Ergonomic factor in this study isconsidered in the form of short breaks in each work shift for staff.
Personnel can take a short break in each shift to avoid excessive fatigue and rehabilitate their work
force. Table 9 shows the number of rest times of each staff in each work shift to answer the workload.

Table 9. Number of rest times of each staff in each shift for small sample problem.

D Morning Shift Noon Shift Night Shift
ay Nurse P-nurse! A-nurse? Nurse P-nurse A-nurse P-nurse A-nurse

1 - - (2) 17 - - (2) 18 (1) 12 -
2 - - (2) 17 - (1) 15 (2) 18 - -
3 - - - - - - - -
4 - - (2) 18 - - - - -
5 - - (2) 17 - - (1) 16 (1) 14 -
6 - - - - - - - -
7 - - - - - - - -
8 - - (2) 18 - (1) 13 (2) 17 - -
9 - - - - (1) 12 (1) 13 - -
10 - - - - - - - -
1 - - (2) 16 - 114 (2)18 - -
12 - - (2) 18 - - - - -
13 - - - - (2) 14 - - -
14 - - (2) 17 - - (1) 14 - -
15 - - - - 12 - - -
16 - - (2) 12 - - - -
17 - - (17 - - (2)18 @16 -
18 - - (2) 18 - - - - -
19 - - (2) 18 - (2) 16 (2) 17 - -
20 - - - - (1) 15 - - -
21 - - - - - - @414 -
22 - - - - (2) 13 - - -
23 - - - - (1) 12 (2) 18 - -
24 - - - - - - (1) 15 -
25 - - (2) 18 - (2) 16 (2) 17 (1) 14 -
26 - - (2) 18 - - - - -
27 - - - (2) 13 - (4) 15 -
28 - - (2) 18 - - - - -
29 - - (2) 18 - 12 @27 - -
30 - - (23) 13 - - - - -

Practical nurse
2Asistant nurse

As can be seen from Table 9, the highest number of breaks occurred during one shift is in the night shift,
which is due to the 12-hour night shift. Therefore, some personnel in the night shift during their service
need 4 short breaks to rehabilitate their workforce. Based on the results, it is observed that most of the
break time occurs in the middle of staff working hours, which continue to operate after a short break. It
is also observed that a person's behavior every day is almost predictable and his rest period is also
estimated. Therefore, by obtaining information before the schedule, a more detailed and accurate
schedule regarding the shift schedule and also the working hours of nurses in the hospital can be

provided.

In the following, a large sample size problem in Labbafinejad Hospital is solved by considering 90 staff
and the information of Table 5 with NSGA 1l and MOPSO algorithms. The number of personnel
required in different shifts is as described in Table 10.
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Table 10. The required number of each skill level of nurses in each shift of each day in the planning period in a
90-person department.

Day Shift Nurse Practical nurse Asistant nurse

morning 15 0 5
1,2,15,28 noon 10 5 5

night 10 5 0

morning 10 5 0
3,10,13,20,22,27 noon 10 5 0

night 10 5 0
3,45,7,8,9,11,12 morning 20 0 5
14,16,17,18,19,21 noon 10 5 5
23,24,25,26,29,30 night 10 5 0

Due to the inefficiency of the comprehensive standard method in solving the nurses’ scheduling
problem, the large size model has been solved by NSGA Il and MOPSO algorithms and the efficient
response comparison indices are obtained as described in Table 11. Furthermore, Fig. 10 demonstrates

the Pareto front resulting from problem solving by two algorithms.

Table 11. Comparison indicators of meta-heuristic algorithms.

Algorithm NSGA Il MOPSO
The average of the first objective function. 3411,89 3407,17
The average of the second objective function. 46,02 50,70
The average of the third objective function. 0,45 0,62

The average of the forth objective function. 5379,43 5379,43
The average of the fifth objective function. 2710,77 2732,09

Number of answers in Pareto 64 24

The most spread. 466,94 325,98
Distance. 0,36 0,38
Distance from the ideal point. 225,89 158,49
Computational time. 2641,35 2248,63

According to the results of Table 11, it can be seen that NSGA 1l algorithm has obtained 64 efficient
answers in 2641.35 seconds and MOPSO algorithm has obtained 24 efficient answers in 2248.63
seconds. Moreover, NSGA Il algorithm has worked better than MOPSO algorithm in reducing nurses'
shift scheduling.

6. Conclusion

In this paper, the nurses’” work shift scheduling problem is modeled by considering ergonomic factors.
Given the urgent need of hospitals to provide better staff services to patients, it is necessary to consider
the preferences of nurses in scheduling shifts. Therefore, a multi-objective model of scheduling nurses
meeting different objectives as well as reducing nurses’ fatigue during their day-to-day activities is
presented in this article. The main objectives of the article include minimizing 1- the cost of allocating
personnel to the skill level, 2- the total deviations from the shifts that personnel tend not to be assigned
to work 3- the amount of morning and evening shifts that personnel allocate to work continuously 4-
The sum of deviations from the lower and upper limits on the total number of hours worked and 5-
fatigue is the sum of nurses. Moreover, all government regulations and hospital policies are included in
the modeling. To solve the developed model, two algorithms, NSGA Il and MOPSO, have been used
by presenting a new chromosome. The designed chromosome first programs the hard limits of the
problem and then tries to improve the soft limits of the problem. Therefore, to evaluate the outputs of
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the model, two numerical examples in small and large size with real data of Labbafinejad Hospital were
designed. In the first example, the schedule of an 18-person ward of Labbafinejad Hospital was analyzed
and the results showed that nurses take the most breaks during the night shift and in the middle of their
working hours to reduce fatigue. Then, due to the inability of the comprehensive standard method to
solve large size problems, a problem with 90 staff was designed for Labbafinejad Hospital and the
problem was solved with MOPSO and NSGA Il algorithms. The output of the problem showed that the
MOPSO algorithm was more efficient than the NSGA Il algorithm in obtaining distance point indices
from the ideal point as well as computational time. While the NSGA 11 algorithm performed well in
obtaining Pareto response rate indices, the maximum expansion and metric distance. Therefore, the
TOPSIS method and the use of entropy weighting method showed that the designed NSGA 11 algorithm
has the ability to solve the problem of scheduling the nurses of Labbafinejad Hospital faster and better.

*  NSGAIl
*  MOPSO
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Fig. 10. Pareto front resulting from large-scale problem solving.
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