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A metaheuristics approach to the nurse rostering problem
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Abstract. Health care providers are affected by problems of personnel costs. Usually, the generation of
rosters is a hand-made and time-consuming task and does not always comply with the legislation and the
internal rules. The article presents an approach to roster generation for nursing technicians according to
legal and internal restrictions and in a satisfactory period of time. It is also designed to give employees a
higher level of satisfaction concerning their day off preferences and a fair distribution of unpopular shifts.
The article’s proposal is to develop a hybrid system formed by a Tabu Search metaheuristic combined with
a genetic algorithm. Experiments were carried out with artificial test cases based on real data. The results
obtained were satisfactory, showing the feasibility of the solution in all tests performed.
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Introduction

Productivity problems and personnel turn-
over affect the costs of health care providers.
The control of costs should not compromise
the service quality. Currently, the failure to
use computational tools for nurse rostering
leads most of the hospitals and clinics to han-
dle this task manually. This a time-consuming
task, since the schedules must be in accord-
ance with the legislation, follow the organiza-
tion’s internal rules and take into account most
of the employees’ preferences.

The literature on the rostering problem is
large, as one can see in Burke et al. (2004a) and
Ernst et al. (2004a, 2004b). Variations in research
are observed in the areas of application and in
the definition of the problem, as well as in the
employed solution methods: Jaumard (Jau-
mard et al., 1998), Chun (Chun et al., 2000), Bar-
boza (Barboza et al., 2003), Meisels and Schaerf
(2003), and Ozcan (2005). Currently, in the lit-
erature one can find real cases of the rostering
problem treated with metaheuristics: Simulated
Annealing as in Dowling (Dowling et al., 1997),
Tabu Search (TS) as in Dowsland (Dowsland,
1998) and Burke (Burke et al., 1998), Genetic Al-
gorithms (GA) as in Burke (Burke et al., 2001),

Ozcan (Ozcan, 2005), Yeh (2007) and Tsai (Tsai
and Li, 2009), and Iterated Local Search. Due to
the large number of variables and constraints
involved, it is classified as a NP-Hard optimi-
zation problem (Burke et al., 2003; Osogami
and Imai, 2000). Modelling the nurse rostering
problem is not a trivial task, due to the large
number of constraints to be considered and the
complexity of the objective function that seeks,
in general, to maximize the overall satisfaction
of nurses or to reduce hospital costs by setting
the schedule of nurses.

This paper proposes a model for generat-
ing rosters for nursing technicians to be uti-
lized in a Brazilian hospital. The hospital’s
operational rules as well as the legislation’s
constraints should be considered. To increase
the productivity and to give the employees a
higher level of satisfaction, their day off pref-
erences are considered and a fair distribution
of unpopular shifts (Saturdays, Sundays and
holidays) is sought.

Problem Definition
The administration of personnel includes

the management of the workforce, i.e. the allo-
cation and distribution of tasks in accordance
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with the internal and external requirements of
an organization. The elaboration of the work
schedules corresponds to the stage of the al-
location of personnel to periods of time and,
sometimes, to places. To provide a 24-hour, 7
days a week service, the health facilities adopt
shifts to generate the schedules. A monthly
schedule of nursing presents the distribution of
an infirmary team, considering every day of the
month and the work shifts. Usually there are
morning and afternoon shifts of 6 hours and a
night shift of 12 hours. In the schedule, also the
absences are registered, such as rests, vacations
and leaves. The monthly schedule has the struc-
ture of a two-dimensional matrix, where each
line corresponds to a technician’s schedule, and
an individual schedule, and the columns repre-
sent the days of the period that is being consid-
ered. In the generation of the monthly sched-
ule, in order to obtain good quality results, the
labor legislation, the institution’s norms, the
rules and the dynamics of the infirmary should
be considered. A humanized schedule is also a
desirable goal. These aspects determine the re-
strictions that the schedule should take into ac-
count. In this study they are:

* Minimum covering: the rests should be
planned in such a way as to guarantee
the necessary minimum number of pro-
fessionals in attendance, in accordance
with the demand of each ward/day/shift;

*Days off: to each technician should be giv-
en at least the number of days off required
by law. The total of granted days off can-
not exceed the number of obligatory rests,
plus the number of additional days off
that the technician can be entitled.

¢ Availability: if on certain day the techni-
cian is on leave or vacation, they cannot
be assigned for work.

Soft Constraints

The soft constraints represent a group of
factors that are susceptible to relaxation. It is
highly exceptional, in practice, to find a roster
that meets all the soft constraints (Burke ef al.,
2004b), as they are frequently conflicting (Gas-
con et al., 2000). These are the soft constraints
considered in this work:

* Requests: dates requested for days off;

¢ Fairness: distributing duties on unpopular

(Saturdays, Sundays and holidays) days
in an equal way among the employees;

* Weekend: each employee must have at

least one day off on a Saturday, as well

as one day off on a Sunday or holiday,
providing a weekend off, not necessarily
on consecutive days;

Additional days off: hours worked be-
sides the workload and holidays spent at
work are converted into additional days
off. Maximum of additional days off
must be granted for each employee Each
employee must be given the maximum of
additional days off;

Interval: observing to the maximum the
interval between the days off determined
by law. In practice some relaxation is
possible in this period;

Ideal covering: it is preferable to work
with the largest possible number of al-
located personnel, but there is an ideal
minimum number of personnel to be al-
located to each ward / shift/day.

Methodology

This article involves the definition of a
mathematical model, the development of a
computational tool and the performance of
validation tests. Next, it Then it presents the
mathematical model, the architecture of the
developed program and how the metaheuris-
tics Tabu Search and Genetic Algorithm were
applied.

Mathematical Model

The rostering problems are considered
problems of combinatorial optimization. In
this model, each decision variable (DV) rep-
resents a penalty for the desirable but not ob-
served restriction. The objective function (OF)
evaluates the quality of the solution indicat-
ing how the desirable restrictions are being
met, looking for the smallest sum of penalties.
Each DV is given a weight that indicates the
contribution of this variable to the objective
function. The objective function evaluates the
quality of the obtained solutions. The aim is
to minimize the penalties resulting from vio-
lations of soft constraints. The symbols used
in the mathematical formulation are present-
ed in Table 1.

The binary variable x,, takes on the value 1
if the technician i is allocated to the shift j, on
the day k, and the value 0 in the case of day off.
X represents a solution as the set of all x,,.

The equation (1) that represents the ob-
jective function is composed of seven deci-
sion variables, represented by functions, and
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The following formulation describes the
proposed model:

Table 1. List of mathematical symbols.

X Represents the solution as the set
of all decision variables x, .
£ X DV Request: penalty for not granted
r request for specific days off.
DV Fairness: the standard deviation
j} (X) | of the duties distributed on Saturdays,
Sundays and holidays.
£(X) DV Weekend: penalty for each employee
w who has not had their request met.
DV Additional days off: penalty for
f,(X) | each additional gap of each technician
not granted in the schedule.
DV Interval: penalty for each interval
f£(X) longer than the legal limit, but still
within the allowed relaxation.
DV Interval +: Penalty for each interval
£ X) that exceeds the legal limit allowed in
addition to relaxation.
DV Coverage: represents the penalty
£.(X) for instances of coverage below the
minimum ideal.
The matrix that contains the
Rn, technicians’ minimum need for the
shift of the type j on the day k.
The binary matrix that represents the
D availability of the technician i in the
ijk shift j on the day k. It amounts to 1 if
there is availability, 0 if there is none.
o Vector that contains the number of
i obligatory days off for technician i.
A Vector that contains the number of
i additional days off for technician i.
Minimize
F(X)=P -f (X)+P,- f(X)+P_-F (X)+P -f (X)+
+P £ (X)+P, £, (0 +P - £(X) M)
Subject to
n
Rnj < Y xijer (=1, 6 k=1,....p); )
i=1
X < Di],k, (i=1,...nj=1,...tk=1,...p); 3)
t p
2z X (1—xijk) 2 0j (i=1,...,n); 4)
ji=1 k=1
f p
DYDY (1 —Xijk) —0i = Aif(i=1,...,n); (5)
j=1 k=1
X € (0,1}, (=1,...m5=1,...t:k=1,....p); (6)

multiplied by their respective weights. The
hard constraints are guaranteed by the formu-
lations of the equations (2) to (6). The restric-
tion (2) guarantees the requirements of mini-
mum covering. The technician’s availability is
determined by the restriction corresponding
to equation (3). The restriction (4) checks the
number of obligatory days off granted. The
equation (5) guarantees that the concession
of days off does not surpass the number of
obligatory days off plus the number of addi-
tional ones. Finally, the restriction (6) defines
the binary variable x,,

In order to divide the problem into sub-
problems by reducing the search space
(Burke et al., 2004b), and to obtain computa-
tional gains and better quality of the final so-
lution, the schedules are developed separate-
ly by ward/shift since the teams are specific
to each ward and shift. The monthly roster
has the structure of a two-dimensional ma-
trix, where each line corresponds to a tech-
nician’s schedule and the columns represent
the days of the planning period. The problem
consists of optimally assigning a working
shift or a day off to each employee on each
day, according to several requirements (Bel-
lanti et al., 2004).

Architecture

The process begins with the generation
of an initial schedule using informed param-
eters: planning period (month/year), number
of technicians, minimum and ideal coverings,
allowed relaxations and weights of the OF
variables. This schedule will be the initial solu-
tion for Tabu Search (TS), which is the method
suggested by Glover (1989, 1990; Glover and
Laguna, 1997).

The resulting schedule obtained for the
TS is submitted to the Genetic Algorithm, as
a diversification strategy. This architecture
is based on the work of Burke (Burke et al.,
1998). Burke (Burke et al., 2001) suggests the
application of TS with diversification heu-
ristics and, after one more diversification
stage, with GA. According to Burke (Burke
et al., 2004b), by using this TS/GA procedure
efficiency can be increased. This cycle ends
when the informed number of diversifica-
tions is reached or when GA does not get to
alter the schedule. Figure 1 illustrates this
dynamics. The objective is to obtain just a
feasible schedule, where only the hard con-
straints are observed.
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Figure 1. UML State Diagram: TS and GA Metaheuristics.

At the end of the process, the system
presents the best schedule obtained, showing
where it is suitable, every day, whether the
technicians will be in attendance or in rest.
They are also exposed to the percentile of im-
provement obtained in the objective function
in relation to the initial schedule and the value
of each portion that composes the objective
function, among other results.

Tabu Search

Tabu Search was proposed by Glover (1989)
and its concepts were detailed by Glover and
Laguna (1997). It’s a technique to solve optimi-
zation combinatorial problems (Glover, 1989)
that consists of an iterative procedure to gen-
erate neighborhoods, avoiding getting stuck in
locals optimums. The searching process of the
Tabu Search to find best solutions is realized
through an aggressive exploration (Glover
and Laguna, 1997), choosing the best move-
ment for each iteration, regardless of whether
this movement improve the value of the cur-
rent solution.

In the Tabu Search development, intensi-
fication and diversification strategies are al-
ternated through the Tabu attributes analysis.
Diversification strategies direct the search to
new regions, aiming to reach a whole search
space, while the intensification strategies re-
inforce the search in the neighborhood of a
historically good solution (Glover and La-
guna, 1997). The stopping criterion makes
it possible to stop the search. The stopping

criterion can be defined as the interaction in
which the best results were found or as the
maximum number of iterations without an
improvement in the value of the objective
function. The Tabu list is a structure that con-
tains some solution attributes that are consid-
ered Tabu. The objective of this list is to forbid
the use of some solutions during a defined
period of time.

In the proposed model, for each iteration
of Tabu Search (Glover, 1989, 1990; Glover and
Laguna, 1997) two neighborhoods are exam-
ined. The first neighborhood acts as a small di-
versification schedule since its movements al-
ternate schedules of a technician/day, between
day off and duty. As in the construction of the
initial solution, only the obligatory days off of
the period are observed.

This movement is performed only for tech-
nicians with the right days off obtained. Figure
2 illustrates the diversification movements of
the first neighborhood.

At each iteration TS is evaluated, for all the
technicians, if the number of days off granted
is lower than the number of days off required
plus the number of days off obtained, i.e., if
the technician is entitled to more days off, it
is checked which day should be the day off
in order to minimize the objective function.
Afterwards, it is checked whether the number
of days off granted to the particular techni-
cian is greater than the number of days off
required. If this is the case, there is an assess-
ment of the impact on the objective function
caused by the replacement of one day off for
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Days
Name 16 17 18 19 20
Tech. 1 off
Tech. 2
Tech. 3 off off
Workin,
Tech. numglier 3 2 3 2 2

(a) Before the movement

Days
Name 16 17 18 19 20
Tech. 1 off off
Tech. 2
Tech. 3 off off
Working

Tech. number

(b) After the movement

Figure 2. First Neighborhood:
diversification movement.

work day. Therefore, between these two pos-
sibilities, giving a day off or taking a day off,
the movement that most minimizes the value
of the objective function is performed in the
schedule. But the feasibility requirements
must always be met: the minimum days off
required, the minimum coverage, the number
of days off granted may not exceed the sum
of days off required and days off obtained for
each technician.

The second neighborhood is generated by
movements of exchange (swap). These move-
ments evaluate all exchanges between the
different schedules (day off or duty) of each
technician in different days, according to the
availability of the technician and the schedule
that result in a viable solution. The movements
seek to find the coverage requirements and the
number of days off granted to each technician,
in such a way that the number of days off is not
lower than the number of days off required or
greater than the number of days off required
plus the additional gaps. At each iteration, the
movement performed in the schedule is the
one that results in a lower value in the objec-
tive function.

The Tabu List, which contains the move-
ments considered forbidden to prevent the
search from returning to a solution already
assessed, will contain the two types of move-
ments. So in this Tabu application there are
two Tabu Lists, one for the generation of each
neighborhood.

Genetic Algorithm

The term genetic algorithm was first used
by John Holland (1992), whose book Adapta-
tion in Natural and Artificial Systems of 1992 was
instrumental in creating a field of research and
application that at present is much wider than
the original GA. In this model, Genetic Al-
gorithm is applied as a diversification policy
that is more aggressive than the diversifica-
tion movements accomplished in Tabu Search.
While the movements implemented for Tabu
Search alter a technician/day schedule, the
Genetic Algorithm changes several schedules
(technician/day) aiming to reach areas of the
search space of solutions that the Tabu Search
movements does not reach. The efficiency of
Tabu Search can be increased by applying di-
versification strategies (Burke ef al., 2004b).
From the schedule resulting from Tabu Search,
the initial population is selected, and each
technician’s schedule is a potential candidate
to individual of this population. The individu-
als with more than one requested day off not
granted or with the weekend constraint not
observed are selected.

Each individual schedule is a chromosome
and the day is a gene. In order to avoid an ex-
cessive time of processing, the performance of
the Genetic Algorithm is restricted to a search
for improvements in the individual schedules
that are not considering the restrictions con-
sidered more important, one for the general
objective of the schedule and others for the
legal aspects.

The population size parameter limits the
maximum number of individuals that will be
selected. The Genetic Algorithm continues if
at least two individuals are selected. For each
iteration, two parents of the initial popula-
tion that have not crossed among themselves,
called Parent 1 and Parent 2, are selected. An
incidence matrix is maintained to manage the
crossings already accomplished. The parame-
ter number of generations indicates how many
crossings should be accomplished. For each
generation, a new random crossover point is
generated and the parents are combined to
generate children.

After the generations, it is checked whether
any child can replace Parent 1 with a decrease
in the objective function value. If this is the
case, the parent is replaced by the child that
promotes the largest reduction in the objective
functionvalue and the parentiseliminated from
the initial population; otherwise the parent
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stays for future crossings. This same substitu-
tion process is repeated for the Parent 2. All of
the generated children are discarded and the
algorithm returns to select two parents from
the initial population.

The crossing process ends when there is no
longer a minimum of two individuals in the
initial population that have not crossed among
themselves.

Computational Experiments

The experiments were made in a computer
with an Intel 1.66 GHz Duo Core processor
and 1 Gb of RAM, with the Windows XP Pro-
fessional 2000 Service Pack 2 operating system
at normal processing speed. The application
was developed in a thread, just using one pro-
cessor. As cases of tests the experiments used
generators of random cases of test as in Ozcan
(2005), artificial cases based on real data as in
Dowsland (1989) or data of real cases as in Tsai
and Li (2009), Burke et al. (1998, 2001, 2003) and
Osogami and Imai (2000). In this work, a case
of artificial test was used based on real data
collected at a large Brazilian hospital. The fol-
lowing conditions were applied in all of the ex-
periments: 20 technicians, minimum coverage
of 14 technicians and allowing the relaxation
in the coverage of one technician. The size of
the Tabu List was 10 and the maximum number
of iterations in Tabu Search without improve-
ment (nbmax) was 50, the interval between rests
was a maximum of six days and a minimum
of four days. To obtain a non-tendentious so-
lution (NTS), in which each decision variable
contributes in the same way as the others to
the objective function, the weights of the deci-
sion variables of the objective function were
gauged, normalizing the values that each por-
tion can take on. In this stage, the best result
was obtained with nbmax equal to 50 and Tabu
List containing 30 movements, and an improve-
ment of 70,88% was obtained. Starting from this
calibration, experiments were accomplished
activating the diversification policy for GA, to
evaluate the behavior of the objective function
value and the time of processing. Due to the
random generation of the cut points, each test
was executed 10 times and the arithmetic aver-
age of the obtained results was considered.

Non-tendentious Solution

To obtain a NTS the weights were gauged
to normalize the values of each decision vari-

able. Altering the values of the decision varia-
bles” weights is possible in order to annul or to
privilege the contribution of the decision vari-
able in the objective function value. In order
to evaluate the behavior of the other variables
when one of them is privileged, the model was
executed 6 times for each variable. The value
of the NTS weight of the privileged variable
was multiplied by 1, 2, 5, 10, 50 and 100 at each
execution. The most significant behaviors ob-
served were these:
® When privileging the variables Addi-
tional days off and Requests, the variable
Ideal covering is harmed;
¢ Favoring the variable Fairness harms the
variable Weekend and Additional days
off. As the variable Ideal covering has an
inversely proportional behavior to the
variable Additional days off, it is favored
within the variable Fairness.

The influence of Monthly Variation

The problem discussed here refers to the
distribution of the days off. The number of
days off required by law is the number of Sun-
days plus the number of holidays that occur
in every planning period. Thus, it is possible
to notice the influence of the planning period
on the schedule. To study this, we calculated
an index called “degree of difficulty” (DD) for
each planning period. It was calculated as a
proportion of the number of days off by the
number of “no days off” (a number of days in
a planning period minus the number of days
off of the planning period). The more Sun-
days and holidays there during the period,
more days off should be distributed and the
more difficult it is to respect the covering con-
straints. Another factor is the number of days
of the planning period, which can be from 28
to 31 days. The longer the period, the easier
it is to distribute the days off and the larger
is the solution research space. The amount of
Saturdays in a month, besides Sundays and
holidays in the period, also exercises a certain
influence. A larger number of Sundays and
holidays hinders the meeting of the covering
constraint. On the other hand, the larger the
number of Saturdays, Sundays and holidays,
the easier it is to deal with the Weekend and
Fairness constraints. The behavior of the objec-
tive function obtained in relation to the degree
of difficulty is presented in Figure 3. The line
refers to the degree of difficulty associated to
the schedule on the right.
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Figure 3. Objective function and behavior of the
degree of difficulty.

The correlation of the objective function
(OF) to the degree of difficulty is 0.72. Al-
though the correlations of some variables with
the degree of difficulty are inverse, the tenden-
cy is a directly proportional relationship. For
the other variables, the correlations located
in the interval from -0.7 to 0.7 are considered
less significant. The correlation between the
degree of difficulty and the Additional days
off variable is of 0.9354, and the correlation be-
tween the degree of difficulty and the variable
Ideal covering is of 0.9129. So, the correlations
between the variables Requests and Fairness
and the degree of difficulty show an inversely
proportional behavior, and are of -0.7434 and
-0.8286, respectively. It may be observed that
the number of Saturdays, Sundays and the
variable holidays of each month is different
from one year to another, and the degree of
difficulty may vary too.

Experiments with TS and GA

The following conditions were applied in
all of the experiments: 20 technicians, but one
technician was unavailable for the whole peri-
od due to a leave and three professionals were
on vacation for fifteen days. The ideal cover-
ing is 14 technicians, allowing the relaxation of
one technician. The planning period used was
January 2007 and the population size was of
20. Each technician’s specific information, such
as days off requested, last day off of the previ-
ous period, number of additional days off and
availability are supplied by the test case, simu-
lating data that, in practice, would be obtained
from a database. In previous experiments de-
signed to calibrate the TS, the best results were
obtained using a Tabu List size equal to 30 and
50 iterations without an improvement in the
objective function value. In this case, the im-
provement of the objective function obtained

was 70,89%. Tables 2 and 3 show the calibra-
tion process considering the variation in the
Taboo List size and the number of iterations
without improvement in the objective function
value (nbmax).

In Table 2, we note that with a Tabu List
size 20 we obtain the best results and the low-
est number of iterations. The solicitations vari-
able is favored when the interval + variable is
favored with increasing Tabu List. Lists with
larger sizes lead the search to other regions
where better solutions might be found.

As shown in Table 3, the intensification in
the search promoted by increasing the NBmax
value favors only the variable interval +.

Due to the use of random cross points for
analyzing the GA results, each test was execut-
ed 10 times and the arithmetical average of the
results was used.

When using only one cross point, 4 chil-
dren are created for each generation. The best
result reached (75.13%) was almost 6.0% bet-
ter than the value obtained from the objective
function without using the GA. It is not nec-
essary to have a large number of generations
in order to get better results. The cross point
must be a number from 1 up to 30, depend-
ing on the planning period and whether both
parents are available throughout the period. In
a large number of generations the cross point
tends to repeat, which does not promote im-
provements and does not guarantee a better
result, as can be seen in Figure 4. Even when
executing more than 20 generations, better
results were not obtained. With 150 genera-
tions a large number of TS-GA cycles were
executed, but the value of the objective func-
tion obtained was not better. Besides, there is
a significant correlation between an objective
function value and the number of TS-GA cy-
cles: 0.79. The line refers to the cycle’s average
associated to the measures scale on the right.

When using two cross points, 6 children
are created for each generation, increasing the
possibility to get better results. As expected,
some values of the objective function obtained
reached up to 80.05% and 80.55% of improve-
ment. The number of TS-GA cycles executed
increased too. Sometimes it reached 6 cycles.
In these tests the correlation between OF
and number of TS-GA cycles is 0.81. Figure 5
presents these results.

The line refers to the cycle’s average associ-
ated to the measures scale on the right. It was
also observed that a higher number of genera-
tions does not imply better results.
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Table 2. Variation of Tabu List size.

Tabu List Size 10 30 50 100 500
Solicitation 27,45815 25,95565 25,95565 25,95565 25,95565
Distribution of shifts 27,13256 27,13256 27,13256 27,13256 27,13256
weekend 0 0 0 0 0
Interval 0 0 0 0 0
Interval + 103 111 112 112 112
Days off adquired 0 0 0 0 0
Covering 33,878 33,878 33,878 33,878 33,878
OF 191,4687 197,9662 198,9662 198,9662 198,9662
% improvement 75,01 74,16 74,03 74,03 74,03
Best interation 104 40 40 40 40
Table 3. Variation of Nbmax.
Tabu List Size 10 30 50 100
Solicitation 27,45815 27,45815 27,45815 27,45815
Distribution of shifts 27,13256 27,13256 27,13256 27,13256
weekend 0 0 0 0
Interval 0 0 0 0
Interval + 108 103 103 103
Days off adquired 0 0 0 0
Covering 33,878 33,878 33,878 33,878
OF 196,4687 191,4687 191,4687 191,4687
% improvement 74,36 75,01 75,01 75,01
Best interation 44 104 104 104
OF GA with 1 cross point  Cycles Model Validation
75,50 2.5
75,00 The model performance was tested with 20
74,50 L 20 technicians and a planning period of 28 to 31
74,00 days test case. The planning period was 14 days
73,50 1,5 in Ozcan (2005) and 28 days in Burke (Burke et
73,00 al., 1998, 2003). Both test cases were developed
72,50 1,0 with 20 employees. The researched hospital

20 50
Generations

100 150 500

‘ —e— OF Average —a— Cycles Average

Figure 4. Results using one GA cross point.
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Figure 5. Results using two GA cross points.

does not have teams with more than 30 peo-
ple per shift in a ward nowadays. The execu-
tion time was from 10 to 26 minutes, mostly 18
minutes, depending on the degree of difficulty
of the planning period. This result is compat-
ible with the times found for the 20 nurses case
tested in Burke (Burke et al., 1998, 2003).

For validation we used actual data from
a public health institution in Brazil, rather
than synthetic data. A real case was used to
represent the situation of an actual schedule:
13 technicians, 2 absentees during the whole
period, 31 day planning period, 4 Saturdays,
4 Sundays and 1 holiday. Information such as
date of the last day off and number of addi-
tional days off was obtained from the sched-
ule of the previous period. The value obtained
for the objective function calculated for the
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Table 4. Schedule evaluation.

Obtained Hospital
Schedule Schedule
Requests 19.5507 3.98449
Fairness 0 32.76162
Weekend 0 57.8366
Interval 0 157.545
Interval + 10 28
Additional days off 33.3996 72.3658
Covering 33.878 59.2865
Objective Function 96.8300 411.7800
value

manual schedule was of 411.7800 and the
model obtained 96.8300, with the weights
of the NTS. The model significantly reduced
the penalties, including the days off requests,
which is a very important requirement for the
technicians. The execution time was 7'45”. The
obtained results are summarized in Table 4.
When activating the GA with one cut point,
varying from 50 to 100 generations, and with
two cut points, varying from 100 to 150 genera-
tions, improvements were not obtained. A sig-
nificant reduction was observed in almost all
the variables of decision, with the exception of
the decision variable. It can be observed that the
covering increased 14.29%. For a comparison
with the result obtained with the NTS weights,
the value resulting from the decision variable
Requests was divided by 10 and the result was
the value of 0.55, which represents 13,91% of the
value of this decision variable in the real scale
with NTS weights. In other words, the requests
for rests were observed almost fully. When per-
forming a test with this same real schedule, but
privileging the decision variable Requests, and
multiplying its respective NTS weights by 10,
the result was a percentile of improvement of
74.45% in the objective function value in rela-
tion to the one obtained with the real schedule.

Conclusion

A model was proposed to solve the nurse
rostering problem, in accordance with the
operational rules of the hospitals and the con-
straints of the legislation and with a view to
promoting a higher level of employee satisfac-
tion with their schedules. It is an important
tool for the administration of the most signifi-
cant portion of health care area employees.

The model developed here combines Tabu
Search with a Genetic Algorithm, exploring

diversification strategies executed by TS and
promoted by the GA to obtain good results.
The executed tests showed that the model is
realistic and produces quality schedules in a
reasonable computational time.

The TS showed an efficient performance once
at each neighborhood exploration, and a high
number of movements are executed, although
few are feasible. The GA stage was a surprise in
terms of the speed and the obtained improve-
ment. Even using only one cross point the im-
provement is significant. Better results can be ob-
tained with two cross points, but the processing
time increases too, because the number of cycles
TS-GA cycles executed is bigger. With one or
two cross points, a bigger number of generations
do not guarantee better results.

For the experiments we used test cases
based on actual data. With the weights of the
non-tendentious solution it was possible to
obtain good results in relation to the manual
schedules, considering that in practice these
schedules are not even feasible. The model
was validated with a real schedule and proved
to be very superior.

The Nurse Rostering is a very complex
combinatorial problem; administrators must
define which variables must be privileged at
each time. The proposed model offers this flex-
ibility, allowing the alteration of the weights
of the parameters that configure the accepted
limits of relaxation.

A future task might be the realization of
validations of the quality of the solutions
obtained using public data sets.
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