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ARTICLE INFO ABSTRACT

Article history:

The Portuguese National Health Plan outlines two main guidelines for hospital units: improve the efficient
use of the available resources and reduce the waiting list for surgery. The aim of this work is to provide
a contribution in the field of operations research to achieve these guidelines. The operating theater is
a hospital unit that represents a great proportion of the hospital budget. Furthermore, it is a central
service with connections and implications in the service of many other hospital units. Therefore, this
work is dedicated to a case study of an elective surgery scheduling problem arising in a Portuguese public
hospital. The problem consists of assigning an intervention date, an operating room and a starting time
for elective surgeries that remain in the hospital waiting list, thus combining simultaneously advance
and allocation scheduling. Two conflicting optimization criteria are independently considered: maximize
the surgical suite occupation and maximize the number of surgeries scheduled. Two versions of a single
objective genetic heuristic are developed and applied to real data from the studied hospital. The results
show that this approach improves the quality of the hospital surgical plans in light of the objectives
considered, requiring much fewer resources to construct the surgical plans. Real instances with 508-2306
elective surgeries are successfully solved in less than 240 s. These are better results than authors’ previous
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1. Introduction

The health care sector has undergone major changes over the
last decade. The increase in life expectancy coupled with a great
technological development has boosted the demand for health
care (e.g. on external consultations, treatments and surgery ap-
plications). This increased demand forces an effective provision of
health services. Nevertheless, similar to other economic sectors,
the health sector has been suffering from successively more re-
strictive budgets, forcing a resource rationalization practice among
health care providers and also a more efficient usage of these
resources. Thus, public hospitals have been enduring increasing
difficulties in fulfilling their mission and contractual responsibil-
ities with the successive budget cuts that have been occurring in
Portugal.
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The operating theater is a hospital unit with extremely high
costs (mainly staff and equipment costs) representing a great
proportion of the hospital’s budget [1,2]. In addition, the surgical
suite is a central service with connections and direct implications
in many other hospital units, such as wards and recovery units.
These factors require the development of operating room planning
practices that enable an efficient use of the operating theater.
Moreover, improving the efficient use of a hospital’s available
resources as well as reducing the waiting list for surgery are two
main guidelines which are outlined in the Portuguese National
Health Plan [3]. Waiting lists for surgery result from a mismatch
between the demand for surgery and the health system supply
capacity. The latter is defined by the number of installed and
available surgical suites and by the efficiency of the organization
providing health care. Therefore, optimizing the operating room’s
installed capacity, as well as the human and technological
resources available, also reflects on the balance of the waiting list
for surgery.

This work presents a case study of an elective surgery schedul-
ing problem arising in a Portuguese hospital. The aim is to con-
tribute to increase the efficiency of the hospital surgical supply’s
installed capacity and to reduce the hospital’s waiting list for
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surgery. At the beginning of this study, the surgical suite of this hos-
pital had a regular time occupancy rate of about 42% with a waiting
list reduction rate of nearly 5.5%. These indicators reveal a clearly
inefficient use of the operating theater representing a significant
opportunity cost, both social and economic.

The elective surgery planning problem tackled in this paper
consists of scheduling elective surgeries for a day, an operating
room and a starting time, within a weekly planning horizon. This
problem arises at an operational level of decisions for operat-
ing room planning, combining advance and allocation scheduling
within the same problem. Marques [4] proved that this problem
is NP-hard. Few papers in the literature consider a combination of
these two components within an unique problem and all of these
papers deal with short planning horizons, e.g. a day or a week (see
e.g. Roland et al. [1] and Riise and Burke [5]). Due to the high com-
plexity of these two components, the problem is very difficult to
solve for real size instances, as pointed out in Riise and Burke [5].
The computational difficulty inherent to the surgeries’ scheduling
problem has encouraged the development of heuristic approaches
(see e.g. Hans et al. [6], Fei et al. [2], Roland et al. [1], Liu et al. [7],
Riise and Burke [5] and Marques et al. [8]). Notwithstanding, in
the literature there are some integer programming approaches
to the problem (see e.g. Guinet and Chaabane [9], Velasquez and
Melo [10], Cardoen et al.[11,12] and Marques et al. [ 13]). The speci-
ficities of the different cases under study as well as the different
national realities are the most relevant factors contributing to the
diversity of the work in this area. This makes difficult the com-
parisons between the various approaches and also the applica-
tion of existing approaches in distinct realities. Recently, Cardoen
et al. [14] and Guerriero and Guido [15] presented literature re-
views on the contribution of operations research to operating room
planning and scheduling. Cardoen et al. [16] proposed a classifica-
tion scheme of the research in this domain.

In previous approaches to the same problem, the authors pre-
sented an integer linear programming model [13], and specially
designed constructive and improvement heuristics [8]. The model
was solved with CPLEX 11.0 and we obtained good quality surgical
plans for the smaller real instances. However, this exact method-
ology has consumed much computational time and was unable to
build a single feasible solution for high dimension instances. The
heuristics presented in [8] were adapted to be embedded in the
genetic algorithm (GA) that is now presented. As we will see in Sec-
tion 4, the results obtained with this approach are very competitive
(in terms of solutions quality and computational time) even in the
larger real instances.

Roland et al. [1] also present a GA to the elective case schedul-
ing problem. However, the problem studied is different in its
specifications and in the objective considered. In addition, the
characteristics of the designed GA are rather different and the codi-
fication structure does not guarantee feasible solutions. When con-
sidering small instances (only one operating day and 19 elective
surgeries), the GA computing times never exceeded 322 s, but on a
real life weekly instance (composed of 80 surgeries) the computa-
tional time increased significantly (more than 1.6 h if considering a
population containing 20 individuals and 5000 generations, as em-
phasized by the authors, or a population with 100 individuals and
500 generations).

This paper proceeds in Section 2 with a description of the elec-
tive case scheduling problem for the hospital under study and
some hospital specifications. Section 3 presents the GA developed
for this problem and Section 4 reports on the results of the com-
putational experiments performed using real data obtained from
the hospital. Finally, conclusions and future research directions are
outlined in Section 5.

2. Problem description and case study

The present case study focuses on a general, central and univer-
sity hospital located in Lisbon, incorporated within the Portuguese
National Health Service (public hospital). The hospital performs
nearly 5000 surgeries per year and the waiting list for surgery had
about 2200 surgeries at the time of the beginning of this study. It
has no emergency service so the problem is exclusively dedicated
to elective surgeries. Elective surgeries can be either conventional
(inpatient surgeries) or ambulatory (outpatient surgeries). For an
ambulatory surgery both the hospital admission and the discharge
of the patient occur on the same day and therefore the patient is
not in hospital overnight. According to Portuguese legislation [17],
elective surgeries are classified in four levels of priority defining
the due date in which they must be performed: deferred urgency
surgeries must be completed in three days; high priority surgeries
within 15 days; priority surgeries must be completed within two
months; and normal surgeries in one year.

The hospital has one central surgical suite with six identical
operating rooms. One of these operating rooms is exclusively
devoted to ambulatory surgeries while the remaining operating
rooms are reserved for conventional surgeries. The surgical suite
is open in regular time between 8.30 am and 8 pm, from Monday
to Friday. The surgery schedule should respect this regular time
and no surgery should be planned using extra time. Five surgical
specialties compete for the operating rooms’ time. The practice of
this hospital is to assign rooms to surgical specialties throughout
the day. Two main reasons are pointed out for this: the fragile
nature of the mobile specialized equipment usually specific to
each specialty; and the required downtime of about an hour to
exchange a surgical specialty in a room during the day which would
represent a major inefficiency in the surgical service. Nevertheless,
scheduling is performed in open scheduling strategy and there is
not a defined pre-allocation of operating room time to specialties
in a master surgery schedule. Between two surgeries performed
in the same room, cleaning and disinfecting protocols, performed
by auxiliary staff and taking about 30 m, must take place. Each
operating room is staffed with fixed and permanent nursing
teams throughout the surgical suite’s regular time. Each patient is
assigned to a surgeon at waiting list booking time and, therefore,
when planning, patients and surgeons are already assigned, which
thus constitutes an input for the planning problem. This is a
cultural practice commonly used in Portugal. Surgeons can operate
at any time of the day within the operating theater’s regular
time and also in any operating room provided that the surgical
specialties match. Practical experience in this hospital shows that
other resources do not limit the activity of the surgical suite,
namely beds (in the recovery units and wards), staff (nurses and
auxiliary staff), equipment and materials.

In the hospital under study, surgical planning is weekly and is
finalized on Friday for the following week. It is a manual procedure
that requires the contribution of several human resources. Each
surgical ward collects the proposed surgeries for the following
week and sends the corresponding planning maps to the head
nurse of the surgical suite. The head nurse confers and verifies the
possibility of combining the planning maps of all surgical wards
and finalizes the surgical plan. This task requires too much staff
time and the result achieved is far from contributing to the efficient
use of the operating theater. It is still possible to make online
changes to the surgical plan during the course of the week until
noon of the day before the surgery. This turns to a re-scheduling
problem that does not fall in the scope of this work.

As a result, scheduling is performed in open strategy but it
must assign up to one surgical specialty to each room and day.
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Surgeries must be scheduled in order to meet the deadline set
by the associated priority level. As such, once the planning is
finalized on Friday, deferred urgency surgeries must be scheduled
for Monday in order to fulfill the deadline. Despite the deadline of
15 days for the high priority surgeries, they should be scheduled
throughout the planning week. This option allows one to anticipate
the completion of this type of surgeries so as not to press
the schedule in the following planning period. The remaining
surgeries (classified as priority or normal) may be scheduled or
not during the planning week. Note that it is not guaranteed that
the operating room time available is sufficient to schedule all
the deferred urgency and high priority surgeries in accordance.
However, practical experience, based on the number of surgeries
of this type usually found in the waiting list for surgery and their
distribution by the surgical specialties, shows that such constraints
are not sufficient to render the problem unfeasible.

The elective surgery scheduling problem schedules elective
surgeries for a day, a room and a starting time for a weekly
planning horizon. Surgical plans must respect the surgical suite’s
regular working hours. The scheduling problem must also take
into consideration structural constraints such as no overlapping
of surgeries in the same operating room and of surgeons between
operating rooms in the same time period and day. Time for room
cleaning and disinfecting protocols (30 min) must be considered
between two surgeries scheduled. The problem also considers
daily and weekly operating time limits for each surgeon.

The aim of this work (as stated in Section 1) suggests two main
optimization criteria to the scheduling problem: to maximize the
surgical suite occupation and to maximize the number of surgeries
scheduled. These objectives have clearly a conflictuous nature. In
fact, due to the need of having 30 min idle for room cleaning at
the end of each surgery, when we intend to maximize surgical
suite occupation, longer surgeries are preferable to short surgeries
thus avoiding the inactivity inherent to cleanliness. But when the
objective is to maximize the number of surgeries scheduled, short
surgeries are preferable to long surgeries. These two objectives
are independently considered in the developing and testing of the
algorithm.

Time has a discrete representation in periods of 15 min,
thus generating 46 daily time periods in regular working time.
The choice of the time period duration results from a trade-off
between precision in the duration of surgeries and its impact
on the dimension of the instances. Reducing the dimension of
the time periods to, e.g., 10 min would increase the number of
periods in regular working hours to 69. Surgery durations are
assumed deterministic. Induction and waking up time are included
in the surgery duration since these procedures are also performed
in the operating room. Nevertheless, cleaning room time is not
incorporated in the surgeries’ duration. In this hospital, surgeons
may exchange between operating rooms. Hence, when a surgeon
operates two consecutive surgeries, excluding cleaning time in
the surgeries’ duration allows the surgeon to perform the second
surgery in another operating room soon after completing the first
surgery, thus avoiding the idle time for cleaning the room.

The mathematical models designed for this elective surgery
scheduling problem are described in Appendix A. Due to the high
complexity of the problem and the large dimension of real in-
stances, in the authors’ previous approaches referred to in Section 1
the problem was decomposed into two hierarchical phases accord-
ing to the nature of the surgeries: conventional surgeries are sched-
uled in the first phase and ambulatory surgeries are scheduled in
the second phase. Surgeons represent the connection between the
two phases. This decomposition allows the reduction of the overall
problem dimension, however it limits the solution space. The re-
sults achieved with real instances suggested the development of a
heuristic approach, which is presented in Section 3. This approach
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Fig. 1. Chromosome encoding.

tackles the overall problem, not requiring the division into hier-
archical phases as happened with the previous approaches. More-
over, new results obtained with the mathematical model for the
overall problem are reported in Section 4.

3. Genetic algorithm

Algorithm 1 summarizes the GA specially developed for the
elective surgery scheduling problem arising in the hospital under
study. This GA is based on the biased random-key genetic
algorithms (BRKGA) for combinatorial optimization problems
introduced by Gongalves and Resende [18]. Other versions were
developed and tested. A brief report on these versions is presented
in Section 3.2. A detailed description about GA can be found in
Davis [19].

The solutions of the problem correspond to the individuals of
the population within the GA, each one associated with one chro-
mosome. Each chromosome is a Days x Rooms matrix, composed
of integer numbers. Each integer represents the surgical specialty
that is assigned to the corresponding operating room and day.
Numbers 1 to 5 correspond, respectively, to the following surgi-
cal specialties: digestive and general surgery (1), thorax surgery
(2), angiology and vascular surgery (3), otorhinolaryngology (4),
and urology (5). In each planning week, some operating rooms are
needed to perform deferred urgency surgeries on Monday. The cor-
responding genes are then reserved for these surgical specialties
and therefore remain equal for all chromosomes throughout the
execution of the algorithm. Fig. 1 shows an example of a chromo-
some. In the figure, rooms A to D are dedicated to operate deferred
urgency surgeries from digestive and general surgery (1), thorax
surgery (2), and angiology and vascular surgery (3) specialties and
are therefore reserved for these surgical specialties on Mondays in
all the solutions. The last gene in each planning day represents the
operating room devoted to the ambulatory surgeries. There are no
ambulatory thorax surgeries (specialty number 2). An indirect en-
coding is used and therefore a decoding technique must be applied
to generate a solution from a chromosome. This decoding tech-
nique is detailed ahead in Section 3.1. Fig. 2 shows the surgical plan
(solution) represented by the chromosome of Fig. 1.

The algorithm starts by initializing a population of nPOP indi-
viduals (step 1). An elitist chromosome is included in the initial
population. This chromosome corresponds to the best solution ob-
tained by applying constructive and improvement heuristics based
on the procedures presented in [8]. These heuristics are similar to

Algorithm 1 Genetic algorithm scheme

1: Initialize a population of nPOP chromosomes. Decode each
chromosome and evaluate it.

2: Sort chromosomes by their fitness. Classify the best nPOPe
individuals as elite and the remaining individuals as non-elite.

3: Copy the elite individuals to the next population. Generate
nPOPm mutants to next population.

4: Recombine elite and non-elite individuals and generate nPOP —
nP0OPe — nPOPm new chromosomes for the next population.

5: Create the new population. Decode each chromosome and
evaluate it.

6: Stop, if a maximum number of generations (nGER) is met;
otherwise, return to step 2.
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Fig. 2. Solution resulting from chromosome decoding.
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Fig. 3. Recombination operator: parametrized uniform crossover (o, = 0.6).

the procedures used as decoder and thus the respective description
is left for Section 3.1. Introducing this high-quality individual in the
initial population helps the algorithm to find better solutions more
quickly than starting from an exclusively random population [20]
(see Table 17 in Appendix B). The remaining initial population is
randomly generated according to the distribution of the surgical
specialties in the waiting list for surgery for each type of surgery
(conventional and ambulatory) at the planning time. The genes
(operating rooms) reserved for the surgical specialties correspond-
ing to deferred urgency surgeries remain equal in all chromosomes.
After creating the starting population, the quality of each chromo-
some is evaluated by computing its fitness value, i.e., the objective
function value for the corresponding solution. The decoder is then
required to obtain the solution associated to each chromosome of
the population being evaluated (Section 3.1).

At the beginning of each iteration, after evaluating each indi-
vidual, the population is sorted and partitioned into two groups of
individuals (step 2): the nPQOPe best fitted individuals compose the
set of elite solutions and the remaining nPOP-nPOPe individuals
make up the set of non-elite solutions. As it happens in random-
key genetic algorithms, this GA uses an elitist strategy and thus the
nPQOPe elite individuals are copied to the next generation (step 3).
Mutation is used in order to introduce some diversity in the new
population and prevent the algorithm from getting stuck in a lo-
cal optimum. In this algorithm mutation is applied by introducing,
in each generation, nPOPm randomly generated individuals (mu-
tants) [18]. Mutants are generated in the same way as the individ-
uals of the initial population. The remaining nPOP-nPOPe-nP0Pm
individuals are produced by applying a crossover procedure where
one parent is selected from the set of elite solutions and the other
one from the set of non-elite solutions (being thus a biased GA)
(step 4). The elite parent is uniformly selected from the set of elite
individuals and the non-elite parent is uniformly selected among
the non-elite individuals. Each pair of selected parents recombines

to produce one child within this uniform crossover. Each gene of
the children inherits the corresponding gene of the elite parent
with probability pe, i.e. fori = 1, ..., Days x Rooms, children’s
gene i is set equal to elite parent’s gene i with probability p. and
equal to non-elite parent’s gene i with probability 1 — p.. Fig. 3 il-
lustrates this recombination operator. If the selected parents can
be decoded into feasible solutions, the resulting children also en-
code feasible solutions to the planning problem. This procedure is
repeated until nPOP-nPOPe-nP0Pm children are obtained. These
new chromosomes join the elite individuals and the mutants thus
creating a new generation (step 5). This new generation is then de-
coded and evaluated and all the process is repeated (from step 2)
until a maximum number of generations (nGER) is reached. The
best surgical plan is the solution corresponding to the best chro-
mosome of the last population of the algorithm.

This GA deals with a population of solutions that evolves from
an initial set of individuals by the action of the traditional genetic
operators (selection, crossover and mutation). The crossover
takes profit of the best characteristics already presented in the
population whereas mutation brings new diversity. An important
feature of this genetic heuristic is introduced by elitism, allowing
not to loose the good solutions created during the evolutionary
process as well as including a high-quality solution in the initial
population. Two versions of the GA were developed according to
the optimization criterion considered for the problem: maximizing
the surgical suite occupation or maximizing the number of
surgeries scheduled. The differences arise from the fitness function
and from the decoder used to obtain a solution associated to a
given chromosome. This GA can easily be adapted to include other
constraints. For instance, the possibility to consider surgeons’ or
patients’ unavailability in specific time periods only requires small
adjustments in the constructive and improvement heuristics used
as decoder. Table 1 summarizes the parameters required for this
GA.
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Table 1
GA parameters.
nGER Number of generations
nPOP Size of the population
pPOPe Percentage of elite individuals in the population (pPOPe = 2Z%¢)
pPOPm Percentage of mutants in the population (pPOPm = 220z
Pe Probability of inheriting a gene from the elite parent

Algorithm 2 Constructive decoder phase

1: Schedule all deferred urgency surgeries on Monday.

2: Schedule all high priority surgeries on the first day and room
that can be scheduled.

3: Try to schedule the remaining (priority and normal) surgeries
on the first day and room that can be scheduled.

3.1. Chromosome decoder

The chromosome decoder is based on the heuristics proposed
by the authors in [8]. These heuristic procedures were developed
to produce a surgical plan taking into account the elective surgery
scheduling problem characteristics and constraints as defined in
Section 2 and the assignment of operating rooms to surgical spe-
cialties stated by the corresponding chromosome. Therefore, the
decoder is composed of two sequential parts: the constructive
phase provides an initial solution and the improvement phase tries
to improve the quality of this solution. In both phases, priority and
normal surgeries are scheduled in order to accomplish the objec-
tive that is being optimized. When maximizing the surgical suite
occupation, these surgeries are scheduled in descending order of
estimated duration and the opposite happens if the objective is
to maximize the number of surgeries scheduled. The constructive
phase of the decoder is described in Algorithm 2. The improvement
phase, specific to each criteria, is detailed in Algorithms 3 (surgical
suite occupation) and 4 (waiting list reduction).

Step 1 of Algorithms 3 and 4 does not change directly the cor-
responding objective function value although it rearranges the
surgeries scheduled in order to provide space for improving the
solution in the following steps. Step 2, also common to both al-
gorithms, allows the improvement of both objective functions, re-
spectively the estimated duration and the number of surgeries
scheduled. Steps 3 and 4 of Algorithm 3 attempt to recover the
idle time between surgeries whilst steps 5 and 6 take profit of the
idle time at the end of each day, all ensuring the improvement of
the surgical suite occupation for each exchange performed. In Al-
gorithm 4, steps 3 and 4 enable changing longer surgeries by two
or three smaller ones thus increasing, respectively, by one or by
two, the number of surgeries scheduled per each move undertaken.
Step 5 has the same effect in the objective function value by taking
profit of the idle time at the end of each day. Step 7 of Algorithm
3 and step 6 of Algorithm 4 extend the scope of the local search
by enabling the exchange of the surgical specialty assigned to an
operating room although ensuring that the move is performed to a
solution which is better regarding the criterion being optimized.

This decoding technique is deterministic. The encoding and de-
coding specifically designed for this GA always produced feasi-
ble solutions from the chromosomes, for all the instances tested.
Hence, the evaluation function measures up the objective function
value of the associated solution. If, for some particular instance, an
unfeasible solution is obtained, then the corresponding chromo-
some’s fitness should be penalized.

The procedure to obtain the initial elitist chromosome is similar
to the one used as decoder. The only difference results from the fact
that the decoder has the surgical specialties previously assigned to
the operating rooms given by the chromosome encoding whereas

Algorithm 3 Improvement decoder phase: maximize the surgical
suite occupation

1: Re-schedule surgeries as early as possible in the day, while
retaining the same order.

2: Try to schedule unscheduled surgeries in the time available at
the end of each day.

3: Try to exchange two consecutive scheduled surgeries, with
priority or normal level of priority, for one unscheduled surgery
with the longest estimated duration such that it is greater
than the sum of the estimated durations of the two surgeries
to unschedule and no greater than the sum of the estimated
durations of the two surgeries to unschedule plus the idle time
between each pair.

4: Try to exchange three consecutive scheduled surgeries, with
priority or normal level of priority, for one unscheduled surgery
with the longest estimated duration such that it is greater
than the sum of the estimated durations of the three surgeries
to unschedule and no greater than the sum of the estimated
durations of the three surgeries to unschedule plus the idle
time between each pair.

5: If the last scheduled surgery of the day is classified as priority
or normal, try to exchange it for one unscheduled surgery with
longer estimated duration, in order to occupy the remainder of
the regular time in the day.

6: If the last scheduled surgery of the day is classified as priority
or normal, try to exchange it for two unscheduled surgeries
occupying the remainder of the regular time in the day
and such that the sum of the estimated durations of the
two surgeries to be scheduled is greater than the estimated
duration of the surgery to unschedule.

7: Try to fill the idle time periods that remain in the room,
by exchanging or transferring scheduled surgeries between
operating rooms and exchanging the surgical specialty in
an operating room. The exchange of the surgical specialty
allocated to an operating room can only be executed if it
originates a solution with more time periods scheduled. If at
least one surgical specialty exchange occurs, return to step 3;
otherwise, stop.

generating the initial elitist chromosome simultaneously allocates
one surgical specialty to each operating room per day. Note that, a
pre-processing is always required to define the genes on Monday
reserved for the surgical specialties that perform deferred urgency
surgeries. In practice, this pre-processing is part of the construc-
tive and improvement heuristics used to obtain the initial elitist
chromosome. Therefore, by running the procedure for all the oper-
ating rooms, days and surgeries, we obtain the elitist chromosome
for the initial population without significantly penalizing the algo-
rithm’s execution time.

3.2. Other tested versions

Straightforward versions of the GA - v1 and v2 - were also
developed for this elective surgery scheduling problem. Tests
reported on Appendix B led to the selection of the version
described above. Nevertheless a brief summary of these versions
is presented in this Subsection.

Algorithm 5 describes the overall structure of v1 and v2. The dif-
ferences rely mainly in the genetic operators. In each generation,
nPOP parents are selected (step 2) from the population of chro-
mosomes to form new individuals. The parent selection operator
performs according to the uniform distribution (version v1) or us-
ing a roulette wheel selection (version v2). The tests performed
did not provide clear preference for one type of selection operator
although the roulette wheel selection operator provided slightly



64 . Marques et al. / Operations Research for Health Care 3 (2014) 59-72

Parent 1: ( [1321]1|1 /1|24 151 /4214
Parent2: ( [1321]4[3 / 1/43541 /1544
e
Child1: ([1321]1/3 /143541 /4214
Child2:  ( [1321]4[1 /1{24151 /1544

501 /2445/11/154421)
3]4 /412341 /532151)
€3 Cq C5

54 /244541 /154151)
31 /412311 /532421)

Fig. 4. Recombination operator: multi-point crossover.

Algorithm 4 Improvement decoder phase: maximize the number
of surgeries scheduled

1: Re-schedule surgeries as early as possible in the day, while
retaining the same order.

2: Try to schedule unscheduled surgeries in the time available at
the end of each day.

3: Try to exchange one scheduled surgery, with priority or
normal level of priority, for two unscheduled surgeries whose
total estimated duration (including the cleaning time between
each pair) is no greater than the duration of the surgery to
unschedule.

4: Try to exchange one scheduled surgery, with priority or
normal level of priority, for three unscheduled surgeries whose
total estimated duration (including the cleaning time between
each pair) is no greater than the duration of the surgery to
unschedule.

5: If the last surgery scheduled to the end of the day is classified
as priority or normal, try to exchange it for two or three
unscheduled surgery, possibly occupying the remainder of the
regular time in the day.

6: Try to fill the idle time periods that remain in the room,
by exchanging or transferring scheduled surgeries between
operating rooms and exchanging the surgical specialty in
an operating room. The exchange of the surgical specialty
allocated to an operating room can be executed only if it
originates a solution with more surgeries scheduled. If at
least one surgical specialty exchange occurs, return to step 3;
otherwise, stop.

better average results (see Table 16 on Appendix B). Each pair of se-
lected parents recombines to produce two children (step 3). Thus,
the recombination operator generates a number of new individ-
uals equal to the size of the population (nPOP). This recombina-
tion uses a multi-point crossover operator. Reeves [20] suggests
that increasing the number of crossover points (from the one-point
crossover operator) improves the performance of a GA. Following
this suggestion, in these versions of the algorithm, five crossover
points, one per planning day, are randomly chosen according to the
uniform distribution. The children chromosomes are constructed
by cutting the parents at the crossover points and exchanging
parental genes after these points, for each planning day. Therefore,
for each day, the first child chromosome gets all genes equal to
the first parent until the crossover point and the remaining genes
equal to the second parent. The opposite happens with the second

Algorithm 5 Genetic algorithm scheme (v1 and v2)

1: Initialize a population of nPOP chromosomes and evaluate.

2: Select nPOP parents from the population of chromosomes.

3: Produce new children by recombining parents and apply
mutation.

4: Create the new population and evaluate the respective
chromosomes.

5: Stop, if a maximum number of generations (nGER) is met;
otherwise, return to step 2.

child. This procedure results, in fact, in nine crossover points: five
are randomly generated and the remaining four are fixed and cor-
respond to the end of each planning day. This operator originates
two new children chromosomes that, by the action of the de-
coder, generate two solutions for the elective surgery scheduling
problem. The recombination operator is illustrated in Fig. 4. After
applying the crossover operator, nPOP new individuals are then
available to suffer mutation (yet in step 3). The mutation operator
randomly changes the genes of the new chromosomes depending
on two constant probability rates. First, it selects the chromosomes
to suffer mutation (chromosome level) with probability pMUT,. The
operator then chooses the genes to mutate with probability pMUT,
(gene level) from the chromosomes selected in the previous level.
The genes reserved for the surgical specialties corresponding to de-
ferred urgency surgeries are not subject to mutation. Genes chosen
to mutate are exchanged by new genes which are randomly gener-
ated according to the distribution of the surgical specialties in the
waiting list for surgery for the corresponding type of surgery (con-
ventional and ambulatory). Different mutation techniques were
also tested but produced worse results in the computational tests.
One of those versions used a variable mutation rate proposed by
Beasley and Chu [21] for the set covering problem. Details about
this version are reported in [22]. Mutation using one level constant
probability rate (simple mutation technique) was also tested, but it
also produced worse average results. The reproduction technique
used is generational replacement (step 4). Therefore the old popu-
lation is fully replaced by the new individuals thus forming a new
generation. The quality of each chromosome of the new generation
is then evaluated. In order to avoid loosing the best fitted chromo-
some, an elitist strategy replaces the worst chromosome of each
generation by the best chromosome found so far. Theoretical re-
sults indicate that the use of elitism increases the GA performance
(see e.g. Davis [19]). Steps 2-4 are iteratively repeated until a max-
imum number of generations (nGER) is reached.

4. Computational experiments

The hospital under study provided a historical record with
information on all the surgeries performed from 1 January 2004
to 28 December 2007, containing 21,050 elective surgeries. Details
on this historical record are available in [ 13]. The duration for each
surgery in the waiting list is set equal to the average value for the
same surgical procedure obtained on the historical record. If one
specific surgical procedure is not available in the historical record,
the surgery duration gets the average value for the respective
surgical specialty of the corresponding surgery type (conventional
or ambulatory). In addition, the hospital surgical plan and the
respective hospital record were provided for seven specific weeks
along with the waiting list for surgery at the moment when the
planning occurred (the Friday before each planning week). These
waiting lists had about 2200 elective surgeries on average: 87.5%
conventional surgeries and 12.5% ambulatory surgeries; deferred
urgency surgeries and high priority surgeries correspond to less
than 1% of each type of surgery. Five real instances were tested
for each planning week. The one with higher dimension contains
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Table 2

Instances’ characteristics.
Operating rooms 6
Planning days 4-5
Time periods 46
Duration of a time period 15 min
Surgical specialties 5
Surgeries 508-2306
Surgeries estimated duration 1-18 time periods
Surgery priority levels 4
Surgeons 45-61

Surgeon daily operating time limit
Surgeon weekly operating time limit

24 time periods
100 time periods

all the surgeries in the waiting list. The remaining four instances
consider a subset of 250, 300, 500 and 1000 conventional surgeries
in the waiting list. This provides different sized instances to test
the performance of the GA. The selection of conventional surgeries
from the waiting list was made in order to contain all the surgeries
included in the hospital surgical plan for the corresponding week,
to enable a comparison, followed by a selection of surgeries
by order of priority until attaining the required number of
conventional surgeries. Thus, the instances of higher dimension
include all the surgeries of the instances of smaller dimension
for the same planning week. Nevertheless, instances of higher
dimension give greater flexibility to the surgery scheduling and
are closer to the real situation. All five instances for the same
planning week have the same number of ambulatory surgeries
(275 on average). Therefore, instances contain between 508 and
2306 elective surgeries. In the authors’ previous approaches to
the same problem [13,8], only the four instances with a subset
of conventional surgeries were tested (including 508 to 1295
elective surgeries). Note that, in these studies, the problem was
decomposed in two hierarchical phases while in the current
approach the decomposition was not revealed to be necessary.

The number of surgeons ranges from 45 to 61. All instances refer
to a surgical suite with 6 operating rooms, 4 or 5 planning days (the
last planning week under study has a holiday on Friday), 5 surgical
specialties and 46 daily time periods (of 15 min) in regular working
time. The duration of conventional surgeries varies from 2 to 18
time periods, with a mean value of 5.3 time periods and a standard
deviation of 2.8; and the duration of ambulatory surgeries ranges
from 1 to 8 time periods, with a mean value of 2.9 time periods and
a standard deviation of 0.8. Table 2 summarizes the characteristics
of the real instances used in the computational experiments.

The GA was coded in C++ language and ran on an Intel
Core i7-3610QM Processor, 2.30 GHz computer with 8 GB of
RAM. The computational experiments were performed with the
above described 35 real instances. The GA was repeated 25 times
for each instance tested. Different GA versions were previously
tested as well as several values for the parameters used in each
version as mentioned in Section 3.2. In this section only the results
obtained with the GA’s actual version are presented along with
the parameter values that gave rise to the better average results
(Table 3). Appendix B reports on the methodology used to tune the
algorithm parameters and to select the best version among those
tested. Some preliminary results are also presented in Appendix B.

The computational results are compiled in Tables 4-8. The
performance of the GA is summarized in Tables 4 and 5. These
tables show the average results obtained over the 25 runs of the
GA for each tested instance with the objectives of maximizing,
respectively, the surgical suite occupation or the number of
surgeries scheduled. Table 6 provides details on the effect of the
initial elitist chromosome over the quality of the solutions obtained
by the GA. Table 7 compares the performance of the GA with an
integer linear programming approach for the same problem thus
allowing to evaluate the quality of the solutions obtained with
the genetic heuristic. Finally, Table 8 gives some surgical suite

Table 3

Best values for GA parameters.
nGER 500 pPOPe 25% De 60%
nPQOP 100 pPOPm 20%

productivity measures associated to the surgical plans resulting
from the GA solutions.

Tables 4 and 5 are similar in structure. The instance is shown in
column 1. Column 2 refers to the GA average running time. The ob-
jective value of the solution corresponding to the initial elitist chro-
mosome is included in column 3 (Elitist chrom. fitness). Columns
4-6 refer to the fitness value of the best individual in the last gen-
eration, respectively the lowest, the mean and the highest value
obtained in the 25 runs of the algorithm. The average percentage of
improvement from the initial elitist chromosome is shown in col-
umn 7 (Improv. gap'). Column 8 (Best gen.) presents the generation
that first originated the best chromosome, on average. The aver-
age percentage of chromosomes in the last generation with fitness
equal to the best individual is shown in column 9 (Equal fitted last
gen.). Column 10 (# Runs equal to best ) refers to the number of runs
that reached the best solution found (column 6) over the 25 runs
of the algorithm for the same instance. The number of runs that
failed to improve the initial elitist chromosome is given in column
11 (# Runs without improv.). Table 6 shows the running time and
the (average) gap?for the heuristics used to obtain the initial elitist
chromosome (H: columns 2-3 and 8-9), for the GA without this
elitist chromosome (GA without: columns 6-7 and 12-13) and for
the actual GA version (GA with: columns 4-5 and 10-11), respec-
tively with the objectives of maximizing the surgical suite occupa-
tion and maximizing the number of surgeries scheduled.

The GA consumes low computational time (between 22 and
240 s) and improves the solution corresponding to the initial elitist
chromosome in virtually all the tests performed. An exception
occurred for all the 25 runs of instance 11_2042 when maximizing
the number of surgeries scheduled (column 11 in Table 5). The
genetic heuristic also shows good performance on convergence
(column 9) and on the number of runs that originated a solution
equal to the best found in the respective instance (column 10).
On average, when maximizing the number of surgeries scheduled
(Table 5), the GA needs smaller computational times (with the
singular exception of the 7th planning week—I7), obtains earlier
the best chromosome, has greater improvement over the initial
elitist chromosome and ends with fewer chromosomes equal to
the best individual, when compared with the results obtained
considering the maximization of the surgical suite occupation
(Table 4). When maximizing the surgical suite occupation (Table 4),
the GA consumes more computational time for the higher
instances, although the running time is less dependent on the
instances dimension when maximizing the number of surgeries
scheduled (Table 5). The results in columns 8 show that, on
average, the best chromosome is obtained relatively early in the
evolutive process. In fact, even though performing 500 generations,
the mean value (and the standard deviation) for the generation that
first obtained the best individual is 86.1 (91.8) when maximizing
the surgical suite occupation and 45.1 (80.7) when maximizing
the number of surgeries scheduled. The best chromosome was
obtained in a generation above 250 for nearly 8% and 4% of the
runs, respectively, for the first and the second objective function,
and the latest ones were found in generation 494 and 489,
respectively. Results in columns 9 show that this GA performs

Best chromosome mean fitness (5)—Elitist chromosome fitness (3)
Elitist chromosome fitness (3)

1 Improvement gap =

2 G __ upper bound—(average) solution value
ap = - - .
(average) solution value
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Table 4
GA average results over 25 runs: maximize the surgical suite occupation.

(1) (2) (3) (4) (5) (6) (7)

(8) (9) (10) (11)

Instance Time (s) Elitist chrom. Best chrom. fitness Improv. gap Best gen. Best fitted # Runs equal to best  # Runs without
fitness chrom. last gen. improv.
Min Mean Max
11_250 50.6 1071 1074 1074.9 1075 0.4% 87.8 37.0% 23 0
11_300 51.5 1083 1093 1093 1093 0.9% 82.2 36.6% 25 0
11_500 61.8 1114 1122 1122.9 1123 0.8% 45.8 35.3% 23 0
11_1000 81.5 1132 1138 1138 1138 0.5% 18.9 31.8% 25 0
11_2042 148.9 1137 1141 1141 1141 0.4% 30.8 32.0% 25 0
12_250 51.8 1072 1082 1082.6 1083 1.0% 40.7 39.6% 15 0
12_300 56.8 1077 1091 1091.8 1092 1.4% 120.2 38.2% 20 0
12_500 62.4 1108 1115 1115.9 1116 0.7% 66.1 36.4% 22 0
12_1000 97.7 1122 1129 1129 1129 0.6% 325 32.3% 25 0
12_1982 123.5 1123 1128 1128 1128 0.4% 30.4 33.4% 25 0
13_250 56.3 1073 1080 1080.6 1081 0.7% 97.6 32.4% 15 0
13_300 62.3 1088 1096 1096.8 1098 0.8% 130.0 38.8% 1 0
13_500 72.0 1115 1123 11245 1126 0.9% 123.8 42.4% 1 0
13_1000 113.1 1134 1139 1140.0 1141 0.5% 82.2 39.2% 2 0
13_1944 189.7 1139 1145 1145.8 1146 0.6% 90.5 38.9% 19 0
14250 69.0 1082 1091 1092.3 1094 1.0% 125.5 37.0% 1 0
14_300 65.4 1097 1105 1106.1 1109 0.8% 1354 37.0% 3 0
14_500 70.4 1120 1127 1128.4 1130 0.8% 128.8 38.8% 1 0
14_1000 116.3 1144 1149 1150.5 1152 0.6% 140.0 40.6% 2 0
14_1899 193.7 1149 1152 1153.8 1154 0.4% 90.6 40.0% 21 0
15_250 60.2 1084 1096 1097.0 1097 1.2% 69.8 39.4% 24 0
15_300 68.6 1095 1106 1106.8 1108 1.1% 125.8 40.2% 1 0
15_500 75.8 1126 1129 1132.2 1133 0.6% 113.2 41.0% 12 0
15_1000 109.2 1138 1148 1150.5 1153 1.1% 116.4 37.9% 1 0
15_1866 207.8 1146 1152 11534 1154 0.6% 98.6 38.8% 13 0
16_250 50.0 1084 1099 1099.9 1101 1.5% 88.8 40.2% 1 0
16_300 46.8 1090 1109 1109.9 1110 1.8% 116.7 39.4% 22 0
16_500 71.6 1114 1128 11305 1133 1.5% 1471 38.7% 1 0
16_1000 106.9 1129 1138 1140.0 1141 1.0% 71.0 38.0% 2 0
16_1887 139.2 1130 1142 1143.8 1144 1.2% 45.3 37.8% 23 0
17_250 35.5 882 892 893.0 894 1.3% 67.1 39.0% 2 0
17_300 38.6 885 894 895.5 896 1.2% 103.9 40.0% 14 0
17_500 47.4 897 906 906.9 907 1.1% 559 38.4% 23 0
17_1000 73.4 909 916 916.8 917 0.9% 66.4 38.2% 20 0
17_1897 103.5 909 920 920 920 1.2% 26.0 33.3% 25 0
Average 0.9% 86.1 37.7% 13.7 0

a diversified search throughout all the generations, avoiding a
premature convergence to a non-optimal solution. The percentage
of improvement over the initial elitist chromosome (column 7)
tends to be higher for the smaller instances, particularly when
maximizing the number of surgeries scheduled (Table 5). Although
this percentage is revealed to be small, the GA improves the quality
of the solutions obtained by the constructive and improvement
heuristics (represented by the initial elitist chromosome) (see
also Table 6) getting closer (or even improving) the quality of
the solutions given by the integer linear programming approach
(Table 7) with a small computational time. The heuristic procedure
needs to be partially run in order to fix the operating rooms
reserved to deferred urgency surgeries. Table 6 shows that the
entire heuristic procedure uses negligible computational time and
has no significant effect on the average quality of the solutions
obtained by the GA as well as on the corresponding running time.

The integer linear programming models presented in Ap-
pendix A were solved by CPLEX 12.4 [23] using the same 35 test
instances. Time limit to run CPLEX was set to 48 h (172,800 s). To al-
low a comparison of the genetic heuristic approach, here the model
considers the overall problem without decomposing it into two hi-
erarchical phases as happened in the authors’ previous study [13].
The results are presented in Table 7. This table shows the running
time and the best gap for the integer linear programming approach
(columns 2-3 and 6-7) and for the genetic heuristic approach
(columns 4-5 and 8-9), with the first and the second objective

functions (respectively, maximizing the surgical suite occupation
and maximizing the number of surgeries scheduled).

The GA obtained a better average gap with the objective func-
tion of maximizing the surgical suite occupation whereas for the
second objective function the IL approach produced a higher aver-
age gap. Nevertheless, the exact approach gets slightly tighter gaps
if considering the overall results (IL: 2.42%; GA: 2.69%). However,
the running time is clearly the most significant difference between
these two approaches. While CPLEX ran for more than 29 h (on av-
erage), the AG approach needed less than 0.07% of the CPU time
(67 s, on average). The average running time for the exact approach
is less than 48 h (time limit) because in 50 (71.4%) instances CPLEX
exited with out of memory status. Since the surgical plan has impli-
cations on the daily lives of many people (mainly in the patient’s
life and in the surgeon working schedule), it becomes unsustain-
able to take more than one day to get a surgical plan which will
be held in the following week and can even suffer online changes
during the course of the week.

Table 8 presents operating room productivity measures asso-
ciated to the surgical plans obtained with the GA for each of the
objective functions: the operating room occupation rate without
cleaning time (columns 3 and 6) and the waiting list reduction rate
(columns 4 and 7). The results presented in this table correspond to
the average values over the seven planning weeks for each instance
dimension (column 1). These indicators assess the surgical plans
in light of the objectives stated for this work. The surgical plans
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Table 5
GA average results over 25 runs: maximize the number of surgeries scheduled.

(1) (2) (3) (4) (5) (6) (7)

(8) (9) (10) (11)

Instance Time (s) Elitist chrom. Best chrom. fitness Improv. gap Best gen. Best fitted # Runs equal to best  # Runs without
fitness chrom. last gen. improv.
Min Mean Max
11_250 38.0 233 241 2416 242 3.7% 124.5 30.6% 16 0
11_300 38.2 250 255 255 255 2.0% 56.6 35.0% 25 0
11_500 28.8 268 270 270 270 0.7% 8.2 34.8% 25 0
11_1000 36.4 286 287 287 287 0.3% 52.8 40.7% 25 0
11_2042 43.6 300 300 300 300 0.0% 1.0 42.1% 25 25
12_250 331 225 234 234.1 235 4.0% 52.7 36.9% 2 0
12_300 33.0 232 245 245.8 246 5.9% 81.0 33.2% 20 0
12_500 30.7 263 268 268.0 269 1.9% 13.7 35.6% 1 0
12_1000 329 276 285 285 285 3.3% 38.8 38.7% 25 0
12_1982 48.2 290 297 297.3 298 2.5% 78.7 41.5% 8 0
13_250 321 241 248 248 248 2.9% 18.9 34.0% 25 0
13_300 343 244 252 252 252 3.3% 22.8 33.4% 25 0
13_500 317 266 271 271 271 1.9% 159 30.3% 25 0
13_1000 314 283 287 287 287 1.4% 5.7 39.6% 25 0
13_1944 44.8 297 300 300 300 1.0% 53.8 41.7% 25 0
14_250 374 239 243 244.2 245 2.2% 90.5 34.8% 7 0
14_300 38.1 250 252 253.1 254 1.2% 148.0 33.2% 5 0
14_500 26.6 269 272 272 272 1.1% 6.6 32.9% 25 0
14_1000 42.2 286 289 289.2 290 1.1% 322 38.1% 6 0
14_1899 354 300 302 302 302 0.7% 8.9 44.5% 25 0
15_250 42.7 239 246 247.4 248 3.5% 163.3 34.1% 10 0
15_300 34.7 253 258 258.2 259 2.0% 43.7 35.2% 4 0
15_500 345 268 275 275 275 2.6% 29.8 29.4% 25 0
15_1000 36.5 286 289 289 289 1.0% 49 43.8% 25 0
15_1866 443 300 302 302 302 0.7% 6.6 33.2% 25 0
16_250 37.8 234 240 240 240 2.6% 15.8 31.7% 25 0
16_300 35.7 247 250 2509 251 1.6% 62.8 37.5% 22 0
16_500 315 263 266 266 266 1.1% 5.6 35.7% 25 0
16_1000 38.2 281 283 283 283 0.7% 2.9 36.7% 25 0
16_1887 49.2 297 298 298 298 0.3% 8.0 33.2% 25 0
17_250 65.7 202 204 204.6 205 1.3% 110.7 31.3% 15 0
17_300 68.8 207 211 212.0 213 2.4% 116.2 38.2% 1 0
17_500 109.0 223 226 226 226 1.3% 954 38.2% 25 0
17_1000 150.8 238 239 239 239 0.4% 1.0 41.6% 25 0
17_1897 159.2 253 255 255 255 0.8% 1.1 34.2% 25 0
Average 1.8% 45.1 36.2% 19.1 0.7

resulting from the GA represent good scheduling performance lev-
els and improve the hospital productivity measures with respect
to both criteria. As mentioned in Section 1, at the beginning of our
study, the hospital was performing a regular time occupancy rate
of the surgical suite of about 42% with a waiting list reduction rate
of 5.5%. Table 8 confirms the conflictuous nature of both objective
functions and shows the increasing of productivity levels for the
higher dimension instances with respect to the indicator that re-
flects the optimized objective function.

5. Conclusions

This paper contributes with a population based approach to
solve an elective surgery scheduling problem applied to real case
instances and with the specifications of the Portuguese hospital
under study. The problem combines simultaneously advance and
allocation scheduling, which is rarely tackled in the literature. Two
optimization criteria are considered: maximizing the surgical suite
occupation and maximizing the number of surgeries scheduled.
Due to the high complexity of the problem and the large dimension
attained in real instances, in the authors’ previous approaches the
problem was decomposed into two hierarchical phases according
to the nature of the surgeries. The approach developed in this paper
gets closer to the real situation as it tackles the overall problem.
Moreover, this approach yields better results with respect to the
quality of the solutions and the computational time than previous

approaches to the same problem, thus providing the opportunity
to test instances with the entire waiting list for surgery for the first
time. Instances with 508-2306 elective surgeries were successfully
solved in 22-240 s using the genetic heuristic. The number of
surgical cases considered for scheduling is higher than most of
published results while time to get a good surgical plan is reduced.
This procedure thus allows considering a large number of surgeries
giving greater flexibility in planning and enabling to achieve better
surgical plans. Furthermore, this approach requires much less staff
working time than the current manual procedure. Therefore this
work contributes to increase the efficiency of the hospital surgical
suite and to reduce the hospital’s waiting list for surgery, with a
significative impact on the hospital management and in the quality
of life of those waiting for a surgery at this hospital and thus
fulfilling the aim initially proposed for the project.

This methodology for scheduling elective surgeries reflects the
hospital under study. It can be easily adapted to include other
constraints. Until now, beds in the recovery units and wards do
not limit the activity of the surgical suite. Whether this statement
remains valid when facing a great improvement in surgical pro-
ductivity is an open question for future analysis. In the future the
authors also intend to approach the problem as a bicriteria one con-
sidering both objective functions, independently optimized in this
paper. In fact, the genetic algorithm, being a population based pro-
cedure, is well suited to deal with more than one criterion and will
be therefore extended accordingly.
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Table 6

Details on the effect of the initial elitist chromosome.
(1) (2) (3) (4) (5) (6) (7 (8) 9) (10) (11) (12) (13)
Instance Max. surgical suite occupation Max. nbr surgeries scheduled

H GA with GA without H GA with GA without
Time (s) Gap % Time (s) Gap % Time (s) Gap % Time (s) Gap % Time (s) Gap % Time (s) Gap %

11_250 0 3.17 50.6 2.80 46.1 2.79 0 8.58 38.0 4.70 353 472
11_300 0 3.79 51.5 2.84 46.7 2.84 0 5.20 38.2 3.14 35.7 3.15
11_500 0 3.41 61.8 2.59 56.2 2.59 0 4.85 28.8 4.07 26.5 4.07
11_1000 0 3.00 81.5 2.46 75.7 2.46 0.02 524 36.4 4.88 33.6 4.89
11_2042 0 2.99 148.9 2.63 134.9 2.63 0 3.67 436 3.67 53.2 3.67
12_250 0 373 51.8 2.72 47.0 2.70 0.02 9.78 331 5.52 32.6 5.50
12_300 0 3.99 56.8 2.58 514 2.57 0 11.64 33.0 5.37 334 537
12_500 0 3.79 62.4 3.06 56.9 3.07 0 6.46 30.7 4.46 31.8 4.46
12_1000 0 3.39 97.7 2.75 87.9 2.75 0 7.97 329 4.56 34.0 456
12_1982 0 3.74 1235 3.28 123.6 3.27 0 6.21 48.2 3.59 47.1 3.62
13_250 0 2.05 56.3 1.33 51.2 134 0 5.39 32.1 2.42 32.6 2.42
13_300 0 2.21 62.3 1.39 57.6 1.39 0 6.56 343 3.17 34.4 3.17
13_500 0.02 242 72.0 1.55 66.9 1.59 0 6.02 317 4.06 31.1 4.06
13_1000 0 1.94 113.1 1.40 108.6 1.40 0 6.36 314 4.88 32.8 4.88
13_1944 0 2.02 189.7 1.42 173.0 1.42 0 471 448 3.67 46.1 3.67
14_250 0.01 3.05 69.0 2.08 66.4 2.06 0 5.44 37.4 3.19 38.0 3.11
14_300 0 2.37 65.4 1.53 62.7 1.49 0 4.00 38.1 2.73 37.7 2.73
14_500 0 2.59 70.4 1.82 65.8 1.84 0 4.83 26.6 3.68 27.6 3.68
14_1000 0 1.84 116.3 1.26 106.6 1.31 0 5.59 422 441 35.4 4.45
14_1899 0 191 193.7 1.49 175.7 158 0 4.00 354 331 355 3.31
15_250 0 2.40 60.2 1.19 56.3 1.19 0 6.28 42.7 2.68 415 2.68
15_300 0 2.19 68.6 1.10 62.7 1.11 0 4.35 34.7 2.26 34.6 2.26
15_500 0 1.95 75.8 1.39 716 1.38 0.02 5.97 345 3.27 35.2 3.27
15_1000 0 2.55 109.2 143 100.0 143 0 5.59 36.5 4.50 37.3 4.48
15_1866 0 2.09 207.8 1.44 200.7 1.46 0 4,00 443 3.31 45.9 3.31
16_250 0 351 50.0 2.01 46.3 2.01 0 427 37.8 1.67 37.5 1.67
16_300 0 3.67 46.8 1.81 446 1.82 0 4.05 35.7 2.44 37.8 2.52
16_500 0 3.68 71.6 2.17 65.2 2.18 0 4.56 315 3.38 32.0 3.38
16_1000 0 3.10 106.9 2.11 98.3 2.12 0 5.34 38.2 459 38.2 459
16_1887 0 3.27 139.2 2.02 1249 2.03 0 3.37 49.2 3.02 49.7 3.02
17_250 0 3.29 35.5 2.01 344 2.01 0 347 65.7 2.15 66.7 2.21
17_300 0.01 3.16 38.6 1.95 35.8 1.96 0 4.83 68.8 2.38 68.7 2.36
17_500 0 3.68 47.4 2.54 43.8 2.55 0.02 4.48 109.0 3.10 109.6 3.12
17_1000 0 3.19 73.4 2.31 65.8 2.32 0.02 3.78 150.8 3.35 151.6 3.35
17_1897 0 3.41 103.5 2.17 95.7 2.16 0 2.77 159.2 1.96 160.7 1.96
Average 0.0 2.93 86.5 2.02 80.2 2.02 0.0 5.42 473 3.53 475 3.53

Table 7

Comparison of integer linear approach and genetic heuristic approach.
(1) () (3) (4) (5) (6) (7) (8) 9)
Instance Max. surgical suite occupation Max. nbr surgeries scheduled

IL approach GA approach IL approach GA approach
Time (s) Gap % Time (s) Gap % Time (s) Gap % Time (s) Gap %
11_250 172809.2 1.94 50.6 2.79 54062.9 4,98 38.0 4.55
11_300 66 849.4 2.09 51.5 2.84 75134.3 3.14 38.2 3.14
11_500 72183.9 2.22 61.8 2.58 93813.5 3.69 28.8 4.07
111000 173959.2 2.55 815 2.46 153275.7 3.44 36.4 4.88
11_2042 16883.1 8.23 148.9 2.63 177922.5 6.14 43.6 3.67
12_250 132200.6 2.11 51.8 2.68 80400.0 2.07 33.1 5.11
12_300 621725 2.85 56.8 2.56 80427.3 1.97 33.0 5.28
12_500 66395.3 2.40 62.4 3.05 105 689.0 2.19 30.7 4.09
12_1000 758315 2.29 97.7 2.75 151956.9 2.76 329 4.56
12_1982 173361.9 7.18 1235 3.28 174623.9 5.12 48.2 3.36
13_250 50049.9 1.20 56.3 1.30 108002.5 2.42 32.1 2.42
13_300 172805.7 0.63 62.3 1.28 107 796.5 2.36 343 3.17
(continued on next page)
Acknowledgments Funding from FCT—Fundagao para a Ciéncia e a Tecnologia, under

the project: PEst-OE/MAT/UI0152.
The authors would like to thank Dr. Manuel Delgado for his
enthusiastic interest in this work, Dra. Margarida Baltazar for Appendix A. Mathematical models
her patient provision of all necessary data and head nurse Fa-
tima Menezes for the friendly and patient description of the en- The integer linear programming models involve the parameters
tire process. This research is supported by Portuguese National presented in Table 9 and are formulated as follows:



Table 7 (continued)

. Marques et al. / Operations Research for Health Care 3 (2014) 59-72 69

(1) (2) (3) (4) (5) (6) (7) (8) 9)
Instance Max. surgical suite occupation Max. nbr surgeries scheduled
IL approach GA approach IL approach GA approach
Time (s) Gap % Time (s) Gap % Time (s) Gap % Time (s) Gap %
13_500 51275.7 0.97 72.0 1.42 118338.3 2.92 31.7 4.06
13_1000 743228 2.48 1131 1.31 173667.2 3.08 314 4.88
13_1944 173239.0 5.25 189.7 1.40 177 465.6 2.98 448 3.67
14_250 127 190.4 0.72 69.0 1.92 93764.9 1.61 374 2.86
14_300 44704.1 1.63 65.4 1.26 111707.7 1.17 38.1 2.36
14_500 58041.3 1.06 70.4 1.68 129524.0 2.92 26.6 3.68
14_1000 548719 2.46 116.3 1.13 173030.9 3.42 422 414
14_1899 173631.4 5.12 193.7 1.47 174101.8 4.00 354 3.31
15_250 39438.3 1.00 60.2 1.19 63426.2 2.01 42.7 2.42
15_300 40213.7 1.08 68.6 0.99 81898.5 1.15 34.7 1.93
15_500 56291.5 1.06 75.8 1.32 1728323 2.16 345 3.27
15_1000 51804.9 1.21 109.2 1.21 163924.4 2.37 36.5 4.50
15_1866 178831.0 1.47 207.8 1.39 177 357.9 2.97 443 3.31
16_250 40932.7 1.63 50.0 1.91 70115.4 1.24 378 1.67
16_300 59109.9 2.63 46.8 1.80 54132.8 1.18 357 2.39
16_500 67688.7 1.49 71.6 1.94 89835.8 1.48 315 3.38
16_1000 66287.5 2.65 106.9 2.02 104638.4 1.72 38.2 4.59
16_1887 179118.3 3.73 139.2 2.01 178843.2 1.66 49.2 3.02
17_250 49024.2 1.11 355 1.90 67 046.0 1.46 65.7 1.95
17_300 71521.4 1.44 38.6 1.90 112575.9 1.40 68.8 1.88
17_500 86523.6 231 47.4 2.54 40017.7 2.19 109.0 3.10
17_1000 172956.8 2.07 73.4 2.29 73693.1 0.82 150.8 3.35
17_1897 173598.4 2.08 103.5 2.17 174555.3 0.78 159.2 1.96
Average 95032.0 2.35 86.5 1.95 118274.2 2.48 47.3 343
;able ; ical suit ductivit; Table 9
VErage surgica’ suite productivity measures. Parameters of the mathematical models.
) 2) §3)1 . 4 (5) b (6) . Q) C Set of elective surgeries selected from the waiting list
lr}stance Max. surglca suite M;X'dn lrdsurgerles (&) Set of conventional surgeries selected from the waiting list
Size occupation Schedule AS Set of ambulatory surgeries selected from the waiting list
Time OR WL Time OR WL E Set of surgical specialties
(s) occup. reduct. (s) occup. reduct. P Set of surgery priority levels
rate (%)  rate (%) rate (%)  rate (%) s Set of conventional surgeries of specialty j € E
1.250 534  79.1 7.3 41.0 65.0 10.7 AsS" Set of ambulatory surgeries of specialty j € E
1.300 55.7 80.0 7.1 404 64.0 112 CS':R Set of conventional surgeries classified with priority level i € P
1.500 65.9 81.7 6.6 41.8 61.0 12.0 PR . . . L .
1.1000 99.7 828 6.4 526 58.3 12.7 AS; Set of ambulatory surgeries classified with priority level i € P
licomplete 158.0 83.0 6.2 60.7 57.4 13.3 R Set of operating rooms available for scheduling
- ’ i i i ’ ’ RS Set of operating rooms dedicated to conventional surgeries
RS Set of operating rooms dedicated to ambulatory surgeries
Decision variables D Set of days in the planning horizon
T Set of daily time periods available for scheduling
1, if surgery c starts at the beginning of period t he Surgeon assigned to surgery ¢ € C
Xertd = on day d in room r Pe Number of time periods required to perform surgery ¢ € C
0 otherwise (c € C, r €R, t € T., d € D) T. Set of possible time periods to schedule surgery ¢ € C in order to
’ ’ ’ ¢ ' be completed within the surgical suite regular working hours
Additional variables TmAXD Operating time limit of surgeon h € Hindayd € D
1 ifa surgery of specialtyj starts in TAV'AXW Weekly operating time limit of surgeon h € H
9
Yjrd = room r on day d
0, otherwise (j€E, r eR, d € D). )
N . Constraints
Objective functions
e Maximize the surgical suite occupation Z Z Xet1 =1, Vces™® (c10)
CS teT,
mxz = Y XY neo =2
cCS 1RCS teT, deD Z Zxcm =1, VceAs® (c1A)
+2 20D PeXau
CEAS refS (€T deD Y3 k=1, Vcecst (c2C)
e Maximize the number of surgeries scheduled rerCs teTe deD
PR
max z; = Z Z ZZ Xcrtd Z szcrtd =1, Vc EASZ (CZA)
ceCS reRCS teTe deD rerAS teTe deD
YYD Xau SN Yt <1, Vees\ (CSFUGSH) (c30)

ceAS rcRAS teTe deD

reRCS teTe deD
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Table 10 Table 12
nGER: 200/400/500. PMUT, : 5%/10%/15%/20% (nGER = 500, nPOP = 100).
1) ) (3) (4) (5) (6) (7) (1) 2) (3) (4) (5) (6) (7)

Obj. Time (s)  Best chrom. fitness Improv.  Average Obj. Time(s)  Best chrom. fitness Improv.  Average
function gap deviation function gap deviation
Min Mean Max Min Mean Max

nGER = 200 PMUT, = 5%
b4 37.16 1141.90 114354 114474 0798% 1457 z 151.99 1141.75 1144.00 114500 0.839%  1.000
53 10.93 298.37 29873 29899 0.583% 0.269 Z 43.87 29850 29893 299.00 0.648% 0.075
nGER = 400 PMUT, = 10%
Z 74.39 114245 1143.99 114498 0838%  1.012 7 147.72 114225 114403 114500 0841% 0975
Z 2259 29843 29881 29899 0609% 0.191 2 45.67 29850 29893 29900 0648% 0075
nGER = 500 pMUT = 15%
g
Z‘l 91.92 1142,51 1144.11 ]]44.96 0.848% 0,895 Z] ‘149-74 ‘1142.00 ]]43-80 ]]45-00 0-821% 1200
& 28.94 29850 29882 20900 0614% 0177 2 47.93 29850 298.88 299.00 0631%  0.125
PMUT, = 20%
- - z 150.47 1142.00 114353 114450 0797% 1475
Z Z med <1, VceAS\ AS]"UAS)) (c3A) 2 49.31 29850 29893 299.00 0.648%  0.075
reRrAS teTe deD
f o PIDIDIPWEED ISP IPI-E
Z Z Xqrg <1, VreR>, teT,deD (c4C) ceCS: 1 <RCS tel, deD CEAS: refS teTe deD
ceCS t'=t—pc+1-y he=h he=
/€T, MAX
‘ <T,"", VheH (c9)
t
cs
Z Z Xora <1, YreRS teT,deD (c4A) Xrd €{0,1}, VceCS,reR>,tel,deD
CeAS t—topetioy Xeta €{0,1}, VceAS, reR¥ teT.,deD
t'eTe .
Yim €10,1}, VjeE, reR, deD.
D Vim<1, VreR deD (c5) A ; i
P Some sets of constraints must be splitted for conventional and
ambulatory surgeries because they use different operating rooms
Z med <yplTl, Vj€eE reR® deD (c6C) (RS and R%). The sets of constraints in this situation are identified
cecsP tele with the same number and a C or an A is added in order to dis-
tinguish, respectively, between conventional and ambulatory surg-
Z mea <yiualT|, Vj€E reR® deD (c6A) eries.
ceAsSP teTe Constraint sets (c1) force deferred urgency level priority surg-
) . . .
. . eries to be scheduled on Monday in order to meet the 72 h deadline
Z Z Z X & Z Z Z X <1 for their completion. Constraint sets (c2) impose high priority surg-
! / . . . .
at'd at'd = 5 eries to be scheduled during the planning week. Constraints (c3)
ceCS: reRCS  t/=t—pc+1 CEAS reRAS t/=t—pc+1 .. . e ..
he=h e, he=h Vel state that the remaining surgeries, classified as priority or normal,
may be scheduled or not during the planning week. Constraints
VheH teT,deD (c7) y ;urng the p §
(c4) guarantee that surgeries do not overlap in the same room.
Z Z Z DeXertd + Z Z Z DeXertd These constraints also impose y empty periods for room cleaning
CECS: rerSS tele CEAS: reRAS teTe at the end of each surgery (based on the definition of the lower
VAX sum limit). Constraint sets (c5) prevent assignment of more than
<Ty °. VYheH,deD (c8) one surgery specialty to each room and day. Constraints (c6) are
Table 11
nPOP: 20/50/70/100 (nGER = 500).
(1) (2) 3) (4) (5) (6) (7) (8")
Obj. function Time (s) Best chrom. fitness Improv. gap Average deviation # Runs equal best
Min Mean Max
nPOP = 20
z 31.81 1142.07 1143.83 1144.95 0.824% 1.166 3.41
Z 10.24 298.22 298.63 299.00 0.549% 0.370 6.30
nPOP = 50
z 77.31 1142.43 1144.21 1145.00 0.857% 0.793 5.02
z 2451 298.53 298.83 299.00 0.617% 0.167 8.33
nPOP = 70
zi 106.98 1142.83 1144.22 1144.96 0.858% 0.781 5.10
z 33.56 298.60 298.89 299.00 0.637% 0.107 8.93
nPOP = 100
z 151.59 1142.72 1144.16 1144.92 0.853% 0.840 5.32
Z 47.47 298.62 298.94 299.00 0.652% 0.063 9.37
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nGER nPOP pMUT, GA Initial
version elitism
200 5%
vl/v2/vB 20 vl
—_ 400 10%
50 v2
500 . 15%
70 \f
N 20%
100
GA Initial
%) pPOPe pPOPm Pe version it
15%
with <=
20% vB <
without
25%

10% 60%
<20%<70%
30% 80%

Fig. 5. Scheme used to tune algorithm parameters and to select GA version.

Table 13
pPOPe: 15%/20%/25% (nGER = 500, nPOP = 100).

Table 15
Pe : 60%/70%/80% (nGER = 500, nPOP = 100, pPOPe = 25%, pPOPm = 20%).

(1) (2) (3) (4) (5) (6) (7

(1) (2) (3) (4) (5) (6) (7)

Obj. Time (s)  Best chrom. fitness Improv.  Average Obj. Time (s)  Best chrom. fitness Improv.  Average
function gap deviation function gap deviation
Min Mean Max Min Mean Max
pP0OPe = 15% e = 60%
z 154.66 1144.06 1144.76 1145.00 0.906% 0.239 z 154.53 114450 1144.85 1145.00 0.914% 0.150
) 50.40 298.83 298.98 299.00 0.668% 0.017 z 43.92 299.00 299.00 299.00 0.673% 0.000
pPOPe = 20% e = 70%
z 153.32 1144.17 114483 1145.00 0.912% 0.172 Z 155.94 114450 1144.85 1145.00 0.914% 0.150
z 49.64 29889 29899 299.00 0.670% 0.011 z 46.74 299.00 299.00 299.00 0.673% 0.000
pP0OPe = 25% e = 80%
Z 156.42 114422 114483 1145.00 0.912% 0.172 zZ; 161.19 114450 1144.85 1145.00 0.914% 0.150
) 47.05 298.89 29899 299.00 0.670% 0.011 z 44.97 299.00 299.00 299.00 0.673% 0.000
Table 14 Table 16
pPOPm: 10%/20%/30% (nGER = 500, nPOP = 100, pPOPe = 25%). Version: v1/v2/vB (nGER = 500, nPOP = 100).
(1) (2) (3) (4) (5) (6) (7) Q) (2) (3) (4) (5) (6) (7
Obj. Time (s)  Best chrom. fitness Improv.  Average Obj. Time (s)  Best chrom. fitness Improv.  Average
function gap deviation function gap deviation

Min Mean Max

Min Mean Max

pPOPm = 10%

v1: pMUT, = 10%

z 155.58 1144.00 1144.80 1145.00 0.909% 0.200 z; 146.24 1141.50 1143.95 1145.00 0.834% 1.050
b2 50.32 298.83 29898 299.00 0.668% 0.017 F2) 46.21 298.50 298.90 299.00 0.640% 0.100
pPOPm = 20% v2: pMUT, = 10%

z 157.22 114450 1144.85 1145.00 0914%  0.150 7y 149.21 1143.00 1144.10 114500 0.847%  0.900
b2 45.21 299.00 299.00 299.00 0.673% 0.000 Z 45.12 298.50 298.95 299.00 0.657% 0.050
pPOPm = 30% VvB: pPOPe = 25%, pPOPm = 20%, p, = 60%

z 156.47 1144.17 114483 1145.00 0.912% 0.167 Z 154.53 114450 1144.85 1145.00 0.914% 0.150
z 45.60 298.83 29898 299.00 0.668% 0.017 Z 43.92 299.00 299.00 299.00 0.673% 0.000

the linking constraints for variables x and y. Constraints (c7) en-
sure that surgeons do not overlap between rooms in the same time
period and day. Constraint sets (c8) and (c9) impose a daily and
weekly operating time limit on each surgeon. The remaining con-
straints express the variables’ domain.

Appendix B. Other results

This Appendix reports on the methodology used to tune the
algorithm parameters and to select the best GA version among
the three tested (vB—actual version, v1 and v2). Fig. 5 shows the
scheme used which is supported by the results in Tables 10-17.

Several parameters were successively tested for each version.
The choices were made based on average results over 10 runs
using two instances (I13_1944 and 16_1887). For each parameter,
a corresponding table, from Tables 10 to 17, presents the average
results and the value that obtained the best average results is
fixed for the following tests (highlighted in Fig. 5). The number
of generations (nGER = 200, 400, 500) and the dimension of the
population (nPOP = 20, 50, 70, 100), common for all the versions,
were first tested. After fixing global parameters, tests focused on
the parameters specific to each version. Remember that versions
vl and v2 only differ on the selection operator (respectively,
uniform distribution and roulette wheel). The probability of a gene
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Table 17

Initial elitism: with/without (nGER = 500, nPOP = 100, pPOPe = 25%, pPOPm = 20%, p. = 60%).
(1) (2) (3) (4) (5) (6) (7 (8) (9)
Obj. function Time (s) Best chrom. fitness Improv. gap Average deviation # Runs equal best Best gen.

Min Mean Max

With initial elitism
z 154.53 1144.50 1144.85 1145.00 0.914% 0.150 8.50 56.15
) 43.92 299.00 299.00 299.00 0.673% 0.000 10 33.95
Without initial elitism
z 152.22 1143.50 1144.65 1145.00 - 0.350 111.90
Z 45.14 299.00 299.00 299.00 - 0.000 10 43.45

being selected to suffer mutation is usually small. Therefore, the
gene level mutation rate (pMUT,) was tested with small values
(5%, 10%, 15%, 20%) for versions v1 and v2. The values tested for
parameters specific to version vB (pPOPe, pPOPm and p, ) followed
Gongalves and Resende’s recommendations stated in [18]. After
defining the best value for each parameter, the three versions were
compared and the GA version proposed in this paper (version vB)
is the one that presents slightly better average results. The results
for this version were finally compared with results obtained for the
same version without considering the initial elitist chromosome.
Table 17 shows that although the quality of the solutions do
not differ significantly, introducing the high-quality individual in
the initial population helps the algorithm to find earlier the best
chromosome (column 9*) and produces more consistent results
(columns 7 and 8%).

Comparisons were made based on columns 3-7. Columns 3-5
refer to the fitness value of the best individual in the last genera-
tion. The average percentage of improvement from the initial elitist
chromosome is shown in column 6 (Improv. gap). Column 7 (Aver-
age deviation) presents the average deviation from the best solu-
tion found in all the versions tested. In some cases, columns were
added in order to get more insight on the results. These columns
are identified with an asterisk. Column 8* (# Runs equal best) gives
the average number of runs that reached the best solution found
over the 10 runs of the algorithm. Column 9* (Best gen.) refers to
the average generation that first originated the best chromosome.
Results were analyzed for each objective function (column 1), z;
and z, corresponding, respectively, to the surgical suite occupation
and to the number of surgeries scheduled.
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