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1. Introduction

Surgery allocation policies play a very important role in hos-
pital management, for they can have a crucial, hard to predict
impact in many of the services that are offered in a hospital (e.g.,
Belien & Demeulemeester, 2007). Inadequate policies can lead
to mismatches between input and output rates in downstream
processes, such as the recovery ward. That, in turn, can lead to an
excess of surgery cancellations, thus compromising the system’s
capacity. Mismanagement can also lead to increased queues in the
upstream processes, causing patients to wait too long for surgery.

There is a wide literature on surgery allocation problems.
Most of the works, such as that of Min and Yih (2010a), deal
with elective surgeries, which are scheduled in advance and thus
facilitate the task of the decision maker. Other works, such as that
of Bowers and Mould (2004), address non-elective and emergency
surgeries, which typically require more intricate models. While
most of the literature on surgery allocation problems employ
mixed integer models (e.g., Agnetis et al., 2014), many other mod-
eling tools are employed from the field of operations research (e.g.
Hillier & Lieberman, 2014). Stochastic programing has been used
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to address the probabilistic nature of variables such as the patient
arrival and bed occupancy times (e.g., Min & Yih, 2010b), whereas
other techniques can also be applied which exploit particular
characteristics of the problems being studied, such as branch-and-
price (e.g., Belien & Demeulemeester, 2008), heuristics (e.g., Belien
& Demeulemeester, 2007) and simulation (e.g., Bowers & Mould,
2004). In another line of research, Pham and Klinkert (2008) ap-
plied multi-mode blocking job shop, a technique rather popular
in industrial applications, to minimize the total time required to
complete a set of prescribed surgeries. For a thorough treatment
of surgery allocation problems, we refer to the excellent works of
Cardoen, Demeulemeester, and Belien (2010), Hans and Vanberkel
(2012) and Demeulemeester, Belien, Cardoen, and Samudra (2013).

The surgery scheduling and planning problem can be addressed
in many different ways, depending on the objectives of the de-
cision maker. One line of research focuses on the surgical center,
striving to promote a better usage of it for some prescribed time
window (e.g. Aringhieri, Landa, Soriano, Tanfani, & Testi, 2015a;
Marques, Captivo, & Pato, 2012; Molina-Pariente, Fernandez-Viagas,
& Framinan, 2015). Focusing on a single resource, however, of-
ten does not result in the best strategy for the whole system
(e.g., Min & Yih, 2010b), and some authors choose a more de-
tailed model of the system. A study by Blake (2010) showed that
the bottleneck can actually be the number of available beds in
the recovery ward, whereas Jonnalagadda, Hariharan, Walrond, and
Prasad (2005) found out that the unavailability of recovery beds
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accounted for 15% of the cancellations in a particular case study.
Recovery beds occupation rates were evaluated in (e.g., Augusto,
Xie, & Perdomo, 2010; Belien & Demeulemeester, 2007; Saadouli,
Jerbi, Dammak, Masmoudi, & Bouaziz, 2015; Santibanez, Begen,
& Atkins, 2007). Both Belien and Demeulemeester (2007) and
Saadouli et al. (2015) studied problems with stochastic patient ar-
rivals; Santibanez et al. (2007) studied a problem with multiple
hospitals and Augusto et al. (2010) evaluated the effect of allow-
ing patient recovery at the operating room if the recovery ward is
full. Typically, a closed block paradigm is employed (e.g., Aringhieri
et al,, 2015a; Hans & Vanberkel, 2012; Aringhieri, Landa, & Tan-
fani, 2015b), whereby operating room (OR) sessions are assigned
to specialties; in that case, each room session is assigned to a sin-
gle surgery specialty. Sometimes, however, an open block paradigm
may be used, whereby OR sessions can be comprised of multiple
specialties, given that some rooms may be compatible with various
surgery specialties. Not as popular as the closed block approach,
the open block paradigm was investigated by Liu, Chu, and Wang
(2011). In this paper, we strive to assess the gains provided by the
open block paradigm in relation to its more popular closed block
counterpart. The gains are evaluated in the light of some numeri-
cal examples, which suggest that they may be substantial in terms
of effective room occupation rates, and cleaning and setup times.

Another critical issue arising in surgery allocation problems is
the waiting queue for each specialty. Congested queues are of-
ten the major source of concern both for patients and hospital
managers (e.g., Demeulemeester et al., 2013), for they can lead to
long waiting times and the consequent deterioration of the pa-
tients health before surgery can take place. Bhattacharjee and Ray
(2014) argue that a careful and structured patient flow manage-
ment can reduce congestion and significantly improve hospital per-
formance. A typical solution for queuing management is to assign
priority to patients (e.g. Min & Yih, 2010a). Such a measure often
leads to shorter waiting times for high priority patients. Other au-
thors, like Aringhieri et al. (2015a) and Tanfani and Testi (2010),
applied this approach by developing heuristics to select patients
who should have priority in the surgeries planning. In addition to
the prioritization of patients, Aringhieri et al. (2015b) also took
into account the level of occupation of beds for planning surg-
eries, striving to promote a leveled occupation. However, all these
approaches have failed to address a fundamental issue, which is
ensuring that all patients are served in a timely manner. In this
paper, we strive to propose an optimization model for the whole
process, from patient arrival to patient discharge, taking into ac-
count the capacity constraints of the surgical center and of the re-
covery ward, with a view at optimizing the usage of the surgical
center, while also keeping all queues within reasonable bounds in
the long-term, and thus ensuring a timely service for all patients.

More specifically, this paper is motivated by a case study from
the Brazilian National Institute of Traumatology and Orthopedics
(INTO), which performs elective surgeries in a wide range of spe-
cialties. We propose a mathematical model for an elective surgery
planning and allocation problem taking into account the entire
process: from patient arrival to patient release from the recov-
ery ward, after surgery is performed. Unlike previous studies, this
paper addresses the long-term problem of balancing surgery of-
fer and demand, in such a way that the waiting queues are kept
within reasonable bounds. Such a long-term behavior is typically
ignored in the literature, where short term performance measures,
such as the hospital profit or productivity for prescribed planning
periods, are often preferred. That, nonetheless, is often a myopic
view, which may render the system unstable by favoring some sur-
gical specialties at the expense of others, and thus producing in-
creasingly higher waiting times for neglected specialties.

We accomplish long-term queuing management while also
maximizing the utilization of the operating rooms for a prescribed

planning period (such as a week) by prescribing a master schedule
to be repeatedly performed over the successive planning periods.
We argue that maximizing the utilization of the operating rooms
is beneficial in the long-term, since it results in a better utiliza-
tion of the resources. However, it may be not sufficient to guar-
antee long-term stability, i.e. a sustainable balance between input
and output patient flows. We achieve such a balance by means of
constraints based on well-known queuing theory results, which are
included in the optimization model to make sure every surgery is
performed in a timely manner.

INTO’s operating rooms can be used by distinct specialties, and
that opens up the possibility of evaluating open block sessions. We
formulated the model with open and closed block sessions, to pro-
vide insights into the effects of the latter on the performance, and
found that significant gains can be obtained. To the best of our
knowledge, this is a novel contribution of the present work.

Finally, considering that the queuing management problem is
connected not only with the operating room occupation rates,
but also with the bed management at the recovery ward, the
model also generates a bed allocation plan. Such a plan divides
the available beds among the surgical specialties, in such a way
that the average number of patients released from the recovery
ward in a given planning period surpasses the average number of
patients entering the system over that same length of time. The
rationale for this comes from well known queuing results, em-
ployed here to ensure long-term stability for each queue in the
system.

To sum up, we stress that, even though motivated by a case
study, the model is developed for a general elective surgery
scheduling and planning problem. Hence, it offers a general frame-
work for integrated surgery planning and scheduling, with multiple
surgery specialties that are serviced in one or more hospitals.

This paper is organized as follows. Section 2 provides a brief
explanation of INTO’s operation. Section 3 introduces the mathe-
matical model; Section 3.1 comprises some mathematical results
intended to motivate the model for the whole system, which is
introduced in Section 3.2. Section 4 is concerned with evaluating
the long-term behavior of the system, should the solution be im-
plemented. Finally, Section 5 features numerical simulations, and
Section 6 concludes the paper.

2. Problem description

Located in Rio de Janeiro, the Brazilian National Institute
of Traumatology and Orthopedics (INTO), briefly introduced in
Section 1, is a public institution specialized in complex surgical
care in both traumatology and orthopedics, that exclusively cares
for patients from the Brazilian public health system. Although INTO
does not provide first-aid services, it offers a trauma center that
welcomes patients from other public health units. INTO covers a
broad range of 13 orthopedic surgical specialties, called centers:
Pediatric, Feet and Ankle, Hand, Hip, Knee, Spine, Shoulder and El-
bow, Microsurgery, Limb Lengthening, Oncology, Skull-Maxilo-Facial,
Adult Trauma and Elderly Trauma. Most of the eligible patients
reside in the state of Rio de Janeiro, but the Institute also re-
ceives difficult cases from other Brazilian states; they belong to
the Brazilian public health system and have their need for surgi-
cal treatment confirmed by a specialist physician, of one of the
13 centers.

Incoming patients are assigned an appointment with a physi-
cian from INTO’s staff for a preliminary evaluation, which defines
whether they are eligible to INTO’s services. Eligible patients are
then directed to one of the 13 existing centers, according to their
condition. The allocated center then places the incoming patient
in a queue, served in chronological order of arrival. After being
serviced, the patient is sent to a recovery ward and stays there
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Fig. 1. INTO’s patient flow.

until ready to be discharged. The whole process is illustrated in
Fig. 1.

INTO’s surgery rooms are distributed in two facilities. The main
surgical unit has a total of 18 surgery rooms. Currently, 15 rooms
are in activity and the others are used as support rooms. An auxil-
iary facility, called Day Hospital, holds a total of 3 operating rooms.
Each of the 15 rooms in the main facility is capable of holding all
available surgical procedures, whereas the surgery rooms at Day
Hospital are equipped to serve only 4 surgical specialties, namely,
Feet and Ankle, Hand, Limb Lengthening and Oncology.

Each surgery room opens for a total of 9 daily hours, from Mon-
day to Friday. A setup time is needed to prepare the room for an
incoming surgery, and a cleaning up time is necessary following
each surgery. It is worth pointing out that each room can be set up
in advance for its first surgery of the day. Moreover, the cleaning
up following the last daily surgery can be performed in the after
hours. Cleaning and setup times may vary from surgery to surgery
but together they typically account for half an hour.

A recovery ward, comprised of 273 beds is available for after-
surgery care. Of this total, 255 beds are located in the main facility
and the remaining 18 beds are available at Day Hospital. Each bed
in the main facility can serve patients from all surgery specialties,
while beds in the Day Hospital can only serve the four specialities
held there.

To put forth a strategic plan for surgery assignment, in such a
way that the waiting queues are kept in acceptable levels, is not a
trivial task. Indeed, INTO has struggled with ever increasing queues
that resulted from the former policy of maximizing the total num-
ber of surgeries, paying no heed to the balance between arrivals
and departures. An integrated approach, detailed in Section 3, is
applied to INTO’s problem, with a view at tackling their mismatch
between arrivals and departures.

A novel feature of the model is that, besides ensuring a desir-
able long-term behavior by tackling the queuing problem resulting
from the input/output processes of each queue, it also addresses
the downstream process resulting from sending the patients to the
recovery wards. That is necessary to ensure the feasibility of the
surgery schedules, since no patient can be operated unless there
is a place available for them in the recovery ward at the end of
their surgery. The objective is to provide the decision maker with
a surgery plan that ensures long-term stability, taking into account
the limited capacity of both the surgery rooms and the recovery
ward.

3. Mathematical formulation

This section starts with some preliminary remarks regarding
the problem and the model, to motivate the model choices intro-
duced in Section 3.2.

3.1. Preliminaries on the formulation

Consider the problem introduced in Section 2. It is not diffi-
cult to see that, for each surgical specialty, the patient flow in the
system, from their admission into the waiting list to their release
from the recovery ward, can be modeled as a queuing system. The
performance of such a system depends on the long term relation-
ship between the admission and discharge rates which, ultimately,
determine the occupation rate of the queue, defined as:

ps =1 —[limP(Xs(t)=0), ses, (1)

where S={1,...,N;} is the set of surgical specialties; {X};,t >
0 is a stochastic process representing the number of patients in
queue s as time elapses; and P(X;(t) = 0) stands for the probability
that queue s is empty at time t. Hence, the occupation rate of the
queue represents the probability that there are patients waiting for
surgery. In particular, Xs;(t) = w indicates that w patients are either
being serviced or waiting for service at time t in queue s. It is well
known that, as the value of ps approaches the unit, the system
becomes increasingly congested and the queues increase exponen-
tially (e.g., Kleinrock, 1975; Hillier & Lieberman, 2014).

Providing that our modeling efforts are more meaningful when
the systems’ performance is unsatisfactory, we assume, for the sake
of argument, that the values of ps,s € S, are arbitrarily close to one,
in such a way that:

P(Xs(t) <m)~0, for some m<oo, Vt>0,s€e8S. (2)

Let us suppose that m is large enough such that, for each specialty,
there are enough patients in the waiting list to carry on any fea-
sible periodic surgery schedule. We assume that m < oo to ensure
that the system is stable, i.e. that the queues are kept finite at all
times.

Remark 1. Define an aggregate stochastic process {X:},t > 0, to
represent the total expected number of surgery hours for all the
patients waiting in line for all surgical specialties. In particular,
X(t) = n indicates that there are n surgery hours in the queue at
time t. Then:
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(a) If the recovery ward is large enough to receive patients com-
ing from surgery at any time, the optimal strategy with re-
spect to minimizing {X:},t > 0, is to apply, at all periods,
the feasible schedule that maximizes the number of surgery
hours.

If the capacity of the surgery rooms is more than enough to
match the demand rates of all queues, the optimal plan with
respect to {X;},t > 0, is the best plan to share the ward’s ca-
pacity among all the surgical specialties, such that the out-
put rate of patients at the recovery ward surpasses the input
rate for all available specialties.

—~
o
=

The first alternative of Remark 1 refers to the situation when
the congestion leading to Eq. (2) is caused by the lack of capacity
in the surgery rooms, or by the mismanagement of the available
capacity. The second alternative happens when the congestion that
leads to Eq. (2) is caused by the lack of capacity in the recovery
ward, or by the mismanagement of the ward’s available capacity.

The model in the next section takes into account both scenar-
ios, and produces a periodic surgery schedule aimed at tackling
the first problem, along with a recovery ward bed allocation plan
aimed at tackling the second one. Even if there is shortage of nei-
ther surgery room capacity nor recovery ward beds, the model in
Section 3.2 promotes a better long term management of the capac-
ity, such that the decision maker can tackle more efficiently possi-
ble increases in the demand rate for surgeries.

Note that the model is deterministic, aimed at solving the long-
term management of input and output flow of patients. Such a
formulation ensures long-term stability, i.e. makes sure that all
queues are kept within finite bounds in the long term, by ensur-
ing that the output rate of patients surpasses the respective in-
put rate for all specialties. However, the actual performance of the
queues will depend on factors such as the spare capacity in the
surgery rooms and in the recovery ward, as well as on the pa-
rameters of the stochastic process describing the demand for each
specialty and the respective recovery time for patients belonging
to that specialty.

3.2. The model

To model the overall process, from the service queues to the
recovery ward, we define a set I; = {1,..., N;;} of available oper-
ating room (OR) blocks at INTO; each block is characterized by a
pair of indices, denoting the OR and the day. Similarly, we define a
set I, = {1,...,N;;} of OR blocks at Day Hospital, and let [ = I; U L.
Recall that S ={1,..., N;} was defined in Section 3.1 as the set of
surgical specialties. Define also a set J={1,...,N;} of candidate
surgeries for a given planning period. Typically, the set J is com-
prised of a prescribed number ng > 0 of surgeries of each specialty
s, in such a way that

Z ns = Nj.
seS

Observe that any periodic plan of d days can be viewed, without
loss of generality, as an equivalent daily plan for a hospital d times
as large, with the same number of OR blocks. The solution can be
mapped back into a periodic plan by recovering the OR and day
indices of each block in the original periodic formulation.

The model has four distinct groups of decision variables. The
first group comprises the binary variables x; j, that are assigned the
value 1 whenever surgery j € J takes place in room i € I and are
set to zero otherwise. The second group contains the binary vari-
ables L; ; ;, which receive value 1 whenever surgeries j and r are
both assigned to room i and surgery j precedes surgery r, and are
set to zero otherwise. The third group is comprised of continuous
positive variables S;, which represent the starting time of surgery
j, for all j € J. The last decision variables belong to the set Ys,s €

S, which define an integer number of beds to be assigned to spe-
cialty s in the recovery ward. Cleanup and setup times may differ
depending on the surgery types; hence, under the open block ap-
proach the order of the surgeries determines the feasibility of the
schedules, and not all permutations of a group of surgeries will
be feasible. That motivates the inclusion of the second and third
groups of decision variables in the model.

According to the analysis in Section 3.1, the objective is to de-
fine a daily surgery schedule in such a way that the actual number
of surgery hours is maximized. Note that this is equivalent to min-
imizing the idle time over the whole set of OR blocks. Thus, the
objective function can be defined as:

Max ZZTime_"~XU, (3)
iel jeJ

where the parameters Time; are obtained from an input table con-

taining the expected surgery times for all surgeries j < J.

The first constraint of the model establishes that each surgery
is executed at most once. That is equivalent to saying that each
surgery can be allocated to at most one OR block, thus resulting in
the following set of inequalities:

Y xj=<1,Vjel (4)
iel

The relation between decision variables x; ; and L; j , is estab-
lished in inequalities (5) and (6).

1 L
Lijr+Linj = 5% (ij+xip), Vi jrlj=r (5)

Li,j,r+Li,r,jZXi,j'f'Xj,r—l, Vi,jr|j<r (6)

Inequalities (5) and (6) act together, with j and r representing dis-
tinct surgeries belonging to set J. If none of these surgeries is al-
located to room i, the right hand side of inequality (5) is set to
zero, while the right hand side of inequality (6) equals —1. Hence,
since these are binary variables, the sum must be zero, which also
means that both variables should be set to zero. If, on the other
hand, only one of the surgeries j or r is allocated to room i, the
right hand side of inequality (5) adds up to 0.5, whereas the right
hand side of inequality (6) is nil, implying that both binary vari-
ables are nil. As a consequence, these surgeries are not allocated
to the same room. Now, if both surgeries are allocated to room
i, the right hand sides of both inequalities (5) and (6) add up to
one, implying that only one of these binary variables is set to one.
Surgery j precedes surgery r in room i if L; ;, = 1 and the opposite
is true whenever L; . ; = 1.

Now, let us consider the following pair of inequalities, which
are concerned with the starting times of the allocated surgeries:

Sr > S; + Time; + Clean; + Setup,
— (H+Clean;) - (1 —L;;,) Vi, jr:j#r, (7)

S; < H — Time;, (8)

where H is total daily period available for surgeries at each surgery
room. Inequality (8) only allows surgeries to start which can be
finished within the daily window of H active hours for each room.

To interpret inequality (7), recall that S,,r € J, is the starting
time of surgery r. Assume that surgeries j and r are allocated to
the same room i € I. Suppose, without loss of generality, that j
is to start before r. Then, from inequalities (5) and (6), it follows
that L; ; , = 1. Consequently, the starting time for surgery r, Sy, must
be larger than S; plus the execution time of surgery j, denoted as
Time;, plus the sum of the cleaning up time for surgery j (Clean;)
and the setup time for surgery r (Setup;). If none of these surgeries
is allocated to room i, constraint (7) will be deactivated for this
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pair of surgeries, for the right hand side of this equation will be-
come negative and hence S; will be able to take any non-negative
value.

An arbitrary number of patients from each queue can be added
to the set J of potential surgeries to be performed. Typically, one
can add as many surgeries of a single type as could be held in all
the OR blocks together, had blocks been assigned exclusively for
that type of surgery. The constraints in (9) are known as nonantic-
ipativity constraints, and they are usually employed in a stochastic
context, acting as coupling constraints and ensuring that the fu-
ture cannot be anticipated. In our context, they have been used as
symmetry breaking constraints, added to enforce a logical order in
the execution of the same type surgeries. Saying otherwise, con-
straint (9) ensures that the (n + 1)th surgery of type j can only be
initiated after the nth surgery of that type has begun. That is, one
can only allocate surgery n+ 1 of type j to a room i if surgery n
of that type has been already assigned to some room. These con-
straints are summarized in inequality (9).

in‘ dsy = ZX;‘. jon Vis, s€S. 9)
iel iel

where J; CJ is an ordered set of all the surgeries of type s € S con-
tained in the candidate surgery set J, and js, is the nth element of
that set.

As pointed out earlier, this paper also aims at addressing the
problem of managing the long term queues for each specialty. To
keep the queues from growing indefinitely, we establish that the
minimum number of surgeries to be performed over a period for
each type of procedure s € S exceeds the average input rate of pa-
tients for that procedure. This constraint, summarized in inequal-
ity (10), also aims at obtaining a balanced surgery schedule, which
permits the reduction of the queues for all surgical centers:

> xij > InputRate;, VseS, (10)
jeJs iel

where InputRates,s € S, are parameters provided to the decision
maker and represent the average demand over a period for each
specialty.

So far, the model addressed issues related to the demand for
services and the capacity of the OR blocks. However, for a sched-
ule to be feasible, one needs enough available beds in the recovery
wards to send all the patients subject to surgery at any given pe-
riod. To help the decision maker manage the bed availability in the
recovery ward, we introduce a set of variables Ys to represent the
number of beds available in the recovery ward for each specialty
s € S. The management of the flow of patients from the surgery
rooms to the recovery ward is represented in inequality (11).

DY xi < LYS, VseS, (11)
ieks iel Rrs
where Rys is the average recovery time for patients of specialty s
€ S, in periods. Hence, R]—TS is the average number of patients re-
lease per period, per recovery bed, for specialty s. Consequently,
the right hand side of the above inequality represents the total
number of beds released periodically for specialty s, in average. As
a result, inequality (11) makes sure that the number of allocated
surgeries for any specialty does not exceed the number of beds re-
leased in the recovery ward for the same specialty at any period.

Note that constraints (10) and (11) are stated in terms of av-
erage requirements, which is consistent with the long-term anal-
ysis proposed in the paper, relying on well-known queuing the-
ory results to ensure a long-term balance between input and out-
put patient flows. Naturally, fluctuations will occur, but detailed
operational-level analysis is beyond the scope of the paper.

Let Np.qs denote the total number of beds in the recovery
ward. Inequality (12) couples the decision variables representing

the number of recovery beds for each specialty, making sure that
their sum does not exceed the total number of beds in the recov-
ery ward.

> Yo < Npeds (12)

seS

Finally, there is a peculiarity with regards to the set of surgeries,
since some surgeries can only be performed at INTO’s main facility.
Let J, € J denote the subset of such surgeries. Equation (13) pre-
vents any surgery from this set from being allocated to Day Hospi-
tal:

> > xij=0. (13)

el jen

We could have defined variables x; ; only for feasible alloca-
tions, but we chose the formulation above to make the model
more versatile. If the peculiarity that some surgeries can only be
performed at INTO ceases to exist, it would be enough to elim-
inate this type of constraints from the model, without having to
change the rest of its structure.

The complete problem, which is formulated under the open
block paradigm, can then be written as:

Maximize » > "Time; - x; j
iel jeJ
Subject to (4) — (13), and (14)
X,‘_j € {O, 1}, Vl, j, Li,j,r € {0, ]}, Vl, j, T,
S;eRYVj, YseZtVs.

The closed block formulation for the same problem needs an ad-
ditional constraint, namely:

Lij,+Lij,=0Viel jels,,rel, :{j#r ands; #s,}, (15)

where s1, s, € S are surgical specialties and Js € J is the subset of
all candidate surgeries of specialty s € S. Constraint (15) does not
allow different surgery types in the same OR block.

It is worth pointing out that the approach, while developed for
two hospital facilities, can be easily generalized for multi-facility
problems. That can be accomplished by adding incompatibility
constraints in the form of (13) for all available facilities.

Remark 2. Please note that, as a modeling choice, the surgery
starting times are outputs of the model. Such a modeling choice
helps us seamlessly deal with potential situations where there may
be significant mismatches between setup and/or cleaning times in
the open block approach. The constraints regarding the surgery
times in (11), however, are stated in terms of average requirements.
Whereas ensuring long term stability, these constraints are not
concerned with the operational level. If one wishes to provide fur-
ther protection against peak bed occupancies, one can tweak the
parameters in (11) - for instance replacing the average recovery
times with appropriate quantiles. These tweaks can be evaluated
by means of a detailed queuing analysis (see Section 5.3), until the
resulting queuing behavior is satisfactory for all specialties.

4. Long term performance evaluation

For each specialty s € S, the performance of the associated
queue clearly depends on demand rate - InputRates — and on the
output flow, which is determined by both the number of surgeries
scheduled and the number of available beds for this specialty in
the recovery ward. Indeed, if there is spare capacity in the surgery
rooms, the release of patients from the queue will be limited by
the number of beds available in the surgery ward which, as the
bottleneck, will ultimately determine the output rate of patients
from the queue. In such a case, the decision maker can employ the
empty slots in the surgery rooms to add robustness to the model
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and compensate for fluctuations in the output flow of patients
from the recovery ward. As a result, one can model the queue for
each specialty s e Sasa ___[___|Ys queue (e.g., Hillier & Lieberman,
2014), recalling that Ys is the number of beds available for specialty
s in the recovery ward. The blank spaces in the notation above will
be filled depending on the distribution of both the time between
successive arrivals to the queue and the time between successive
releases from the recovery ward per bed, respectively. For example,
if both the time between arrivals and the recovery time per bed
were exponentially distributed, the system would be described by
an M/M/Ys queue.

If, on the other hand, there is spare room in the recovery ward,
it is the surgery rooms that will limit the output flow of patients.
In such a case, the decision maker can take advantage of the slack
capacity in the recovery ward to compensate for fluctuations in the
length of stay of patients in the recovery ward. In that case, the
performance of the queuing system related to some specialty s e
S depends on its input rate - InputRates - and on the number of
surgeries available for this specialty. As a result, one can model the
queue for each specialty s € S as a ___/D/dp(s), where dp(s) is the
number of surgeries for specialty s € S over a period. The blank
space in the notation will be filled depending on the distribution
of the times between patient arrivals for each specialty, and the
service is assumed to be deterministic because the daily plan pre-
scribes a deterministic number of surgeries of a given specialty.

5. Numerical experiments

In this section, we employ the model to INTO’s case, both in
open and closed block form; the comparison of results is presented
in Section 5.1. Section 5.2 is concerned with the application of
these outcomes at INTO, while Section 5.3 evaluates the long-term
performance of the open block solution. Finally, Section 5.4 fea-
tures a set of randomly generated examples, designed to provide a
contrast between open and closed block solutions. For all experi-
ments in Sections 5-5.2 and 5.4, we added patients from all spe-
cialties to the set J of potential surgeries to be performed. For each
specialty, we added as many surgeries of this specialty as could
be held in all the OR blocks together, had all blocks been assigned
exclusively for that specialty.

We start by applying the model in Section 3 to INTO’s surgery
allocation and planning problem, briefly described in Section 2,
with a view at comparing open and closed block formulations.
Data concerning the average daily demand for each of their 13 spe-
cialties s € S, denoted by InputRates, as well as the average surgery
time for each specialty, which determines the surgery times for
each candidate surgery j € J, were provided. The hospital also pro-
vided the average release time from the recovery ward Rys for pa-
tients that underwent surgeries of each specialty s € S, along with
the number of surgery rooms, which determines the composition
of the set I for a given planning period, as explained in Section 3.

For the example, we have o = 18 surgery rooms available per
day and a daily working period of H=9 hours. Furthermore,
INTO’s physicians agreed on a total time of 30 minutes for clean-
ing up after a surgery and setting up for the next one, regardless
of the surgeries taking place. Finally, the total number of beds cur-
rently available in their recovery ward Npeds = 273. The problem
was implemented in AIMMS® 4.3.2 and solved using CPLEX® 12.6.
We ran the code in an Intel-core i5 notebook with 2.3 gigahertz
and 6 megabytes RAM, running Windows 7. The optimal solution
was found in approximately 710 minutes.

We obtained the demand rate for each specialty (InputRates,s
€ S) from a database containing the number of daily admissions
per specialty from 2012 to 2014. To obtain an equivalent input rate
per business day, the total number of patients over this period was
divided by the total number of business days of this period.

Table 1

Input rate, surgery time and recovery time for INTO’s centers.
Surgical Daily demand Surgery Recovery
center rate time (hours) time (days)
Pediatric 1.96 2.07 4.12
Feet and Ankle 2.94 211 411
Hand 5.98 1.79 2.22
Hip 4.24 2.88 1118
Knee 6.47 292 6.28
Spine 2.63 4.57 13.05
Shoulder and Elbow 241 3.21 3.20
Microsurgery 0.99 2.28 6.00
Limb Lengthening 0.75 1.79 6.39
Oncology 1.29 1.81 4.29
Skull-Maxillo-Facial 1.34 3.16 3.15
Adult Trauma 2.02 2.79 9.29
Elderly Trauma 0.55 3.06 11.86

PEDIATRIC
m FEET AND ANKLE
HAND
m HIP
KNEE
m SPINE
SHOULDER AND ELBOW
= MICROSURGERY
= |IMB LENGTHENING
= ONCOLOGY
| SKULL-MAXILLO-FACIAL
ADULT TRAUMA
= EL DERLY TRAUMA

Fig. 2. Number of beds per surgical specialty for INTO.

m FEET AND ANKLE
HAND

Fig. 3. Number of beds per surgical specialty for Day Hospital.

To compute the average surgery time per specialty we made
use of data on the actual surgery time of each surgery of each
specialty s € S performed from 2012 to 2014. The average time
spent in the recovery ward for each specialty was also obtained
from data corresponding to the year of 2014. The patients can be
released in any day of the week, including the weekends, and the
time they spend in the recovery ward does not discount the week-
end days. However, since we are planning for the business days
only, the recovery period Rys was multiplied by a factor of % to
be scaled into the average number of business days spent in the
recovery ward per specialty.

Table 1 presents, in compact form, INTO’s 13 surgery special-
ties and their respective parameters. Note that the demand rate is
measured in patient arrivals per day, for each specialty.

We solved problem (14) to obtain an optimal daily surgery
plan for INTO and Day Hospital, under the open block formulation.
Fig. 2 summarizes the results concerning the optimal number of
recovery beds for INTO obtained from the model for each specialty.
Fig. 3 depicts the optimal number of beds for Day Hospital. Con-
sidering both hospitals, observe that only four specialties, namely
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Fig. 4. Optimal daily surgery schedule for INTO.
Table 2 Table 3
Daily surgeries and recovery beds per specialty. Minimum number of rooms per specialty for feasibility.
Surgical center Number of daily surgeries ~ Number of recovery beds Surgical Surgery Surgeries Daily Required
. center time (hours) per room surgeries rooms
Pediatric 2 9
Feet and Ankle 3 14 Pediatric 2.57 3 3 1
Hand 7 18 Feet and Ankle 2.61 3 3 1
Hip 5 56 Hand 2.29 3 6 2
Knee 7 44 Hip 3.38 2 5 3
Spine 3 40 Knee 3.42 2 7 4
Shoulder and Elbow 5 17 Spine 5.07 1 3 3
Microsurgery 1 6 Shoulder and Elbow 3.71 2 3 2
Limb Lengthening 1 7 Microsurgery 2.78 3 1 1
Oncology 2 9 Limb Lengthening 2.29 3 1 1
Skull-Maxillo-Facial 4 13 Oncology 2.31 3 2 1
Adult Trauma 3 28 Skull-Maxillo-Facial 3.66 2 2 1
Elderly Trauma 1 12 Adult Trauma 3.29 2 3 2
Elderly Trauma 3.56 2 1 1
Total 23

Hip, Knee, Shoulder and Elbow and Adult Trauma, account for 60% of
the available beds.

The model also outputs the number of daily surgeries, as well
as their disposition in the surgery rooms. Fig. 4 summarizes these
results. Note that some rooms are left with considerable spare ca-
pacity. That is consistent with the fact that the bottleneck for our
example is the number of beds in the recovery ward. Increasing
the number of beds available for the after-surgery recovery, one
can expect an increase in the occupation of the surgery rooms.

To summarize the open block results, Table 2 features the num-
ber of surgeries and the number of beds in the recovery ward per
specialty.

5.1. Model analysis: closed block results and comparisons

We employed problem (14), with additional constraint (15), to
obtain an optimal daily surgery plan for INTO and Day Hospital,
under the closed block formulation. It turns out that the problem
is infeasible. The minimum number of rooms to make the prob-
lem feasible is shown in Table 3, which also features the minimum
number of rooms per specialty.

Now assume that INTO could expand to 23 surgery rooms, with
20 in the main facility and 3 at Day Hospital. Under this scenario,
the solution is depicted in Fig. 5.

Comparing Figs. 4 and 5, one can see that the open block ap-
proach makes a better use of the available capacity for the pro-
posed example. Indeed, a closed block model would require a 27.7%
increase in capacity, and INTO would have to expand its surgical
center to 23 rooms simply to attain feasibility. Moreover, while
the open block model features a daily occupation rate of 73.68%,
its closed block counterpart presents a 50.64% occupation rate.
In addition, the open block model features a total of 44 daily
surgeries, performed in 119.36 surgery hours, while the compet-
ing approach manages only 39 surgeries, performed within a time
span of 104.84 hours. These results illustrate the increased effi-
ciency of the open block approach with respect to the closed block
approach.
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Fig. 6. INTO’s policies.

5.2. Performance comparison: application of the approach at INTO

Before our study was undertaken, INTO’s policy was to maxi-
mize the number of daily surgeries under a closed block approach,
paying no heed to the actual demand for each specialty. The re-
sulting schedule, depicted in Fig. 6, contemplates 38 surgeries and
a total of 88.71 hours of surgery. Considering that the 18 rooms in

use yield a total of 162 working hours, that results in a 55% occu-
pation rate.

After a careful inspection of Table 1, one can see that this
schedule does not meet the demand of the following specialties:
Hip, Knee, Spine and Shoulder and Elbow, which are specialties that
typically require longer surgery and recovery times. Such a sched-
ule resulted in ever increasing queues for these specialties.
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Table 4

Number of daily surgeries at INTO before and after the model.
Surgical Surgeries Surgeries Surgeries
center INTO (before) INTO (after) proposed
Pediatric 3 2 2
Feet and Ankle 3 3 3
Hand 8 8 8
Hip 2 5 5
Knee 6 6 6
Spine 1 2 3
Shoulder and Elbow 2 3 5
Microsurgery 3 1 1
Limb Lengthening 4 1 1
Oncology 2 2 2
Skull-Maxillo-Facial 2 2 3
Adult and Elderly Trauma 4 5 4

Considering that the full implementation of the approach would
require a thorough change of culture, INTO opted for a partial im-
plementation of it. Table 4 summarizes the number of daily surg-
eries at INTO before and after the partial embrace of the approach.
One can see that most specialties have more surgeries than incom-
ing patients. However, Knee and Hip remain with slightly more in-
coming patients than surgeries.

The partial implementation of the approach at INTO had posi-
tive results in the first semester of 2015. For the first time in years,
all queues were decreased, with more modest gains for the most
complex surgeries. Unfortunately, there was a nurse strike during
most of the second semester of 2015, resulting in increased queues
for the overall year of 2015. INTO is currently considering a full im-
plementation of the approach, either in open or closed block form.

5.3. Long-term queuing analysis

The model enables the decision maker to produce a detailed
analysis of the queuing systems in the surgery management pro-
cess. For the example, the system results in one queue for each
specialty, whose characteristics depend on both the patient arrival
process and the stochastic process underlying the bed occupation
times for each specialty. Given that INTO serves a large population,
that of the state of Rio de Janeiro - Brazil, and considering that
the data was not stored in such a way that we can retrieve the
distribution of the time between incoming patients or even the
daily distribution of demand (the data are accumulated for arbi-
trary amounts of time and then entered to the system), we assume
that the patients come according to a Poisson distribution, whose
daily rate is retrieved from Table 1. Such a choice is motivated by
the fact that often data for inter-arrival times collected from large
populations tend to be exponentially distributed, generating a Pois-
son arrival process (e.g., Milne & Whitty, 1995; Pearson, Reynolds,
& Stickley, 2012).

From the open block results in Section 5, one can see that all
recovery ward beds are used, while some operating rooms are left
with considerable spare capacity. Hence, considering the discus-
sion in Section 4, we can assume that the service rate is the rate
at which recovery ward beds are made available for incoming pa-
tients, who have just been subject to surgery. The data concerning
the recovery period per specialty is also not available in such a
way as to allow us to construct a probability distribution. Hence,
for the sake of analysis, we also follow previous results in the lit-
erature (e.g., Milne & Whitty, 1995; Pearson et al.,, 2012), and as-
sume that the number of patients released daily from the recovery
ward follows a Poisson process, whose rate is recovered from the
data as us = RLTS, s € S. As a result, we have the elements to build
a M/M/Ys queuing model for each specialty, from which we can
recover performance measures such as waiting time for surgery
and length of the queue in the long term. For each specialty s e

S, the occupation rate is given by ps = % where As is the aver-
age number of daily arrivals, and one can recover the performance
measures for such system making use of standard queuing theory
results (e.g., Hillier & Lieberman, 2014).

The average queue length Lgs for each specialty can be com-
puted using the following equations, borrowed from (Hillier &
Lieberman, 2014):

Ly = Z(” = Ys) gy, (16)
n=Ys
where
(A’S)n
:75'7[0, O<n<Ys
jT”(Ys) = ) n s (17)
Ms
W”O, n>Ys
and
S Gor o1\
_ Ms Ms
JT()(YS)—<Z nl + Ysl 1_}\5> s (18)
n=0 s

where 7y, is the long term probability of having n patients of
specialty s in the system, given that Ys; beds are made available
for this specialty. In particular gy, is the probability that there
are no patients of specialty s either waiting for surgery or in the
recovery ward.

One can also easily obtain the average number of patients Ls of
specialty s in the system and the average waiting times in line for
patients of this specialty, making use of the expressions below:

As
Ly =Lg, + o’ (19)

S

L
Wy, = Ai: (20)
The average time a patient of specialty s spends in the system
is
1
Ws =Wg, + —. (21)
S
Such measures are presented in Table 5, where p is dimension-
less, As and us are given in patients per day Y is the number of
available beds, Ls and Lgs are numbers of patients and Ws and Wys
are waiting times in days. Note that the average waiting times, af-
ter the optimization problem is solved, are moderately small.
Another measure of interest is the actual waiting time for
surgery. One can always use average waiting times to make deci-
sions, but for healthcare problems perhaps it makes more sense to
think about the probability of a patient having to wait more than
a prescribed time t for surgery. That probability depends on the
occupation rate p and is given by equation (22).

P(Wy, > t) = (1 = P(Wy = 0))e "ss(1=m)t, (22)
where
Ys—1
PWq=0) =} Tory,- (23)
n=0

These probabilities are shown, in more detail, in Fig. 7 for the
specialties of pediatrics and microsurgery, respectively. These re-
sults are relative to the open block schedule in Section 5. Observe
that the probability that a pediatric patient waits less than 13 days
is 0.95. In addition, one can expect 97, 5% and 99% of the patients
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Table 5
Performance measures for INTO’s surgery queues.
Surgical center As s Y Ps Lgs Ws Ls Wi
Pediatric 1.96 0.24 9 0.91 6.9166 3.5289 15.0833 7.6955
Feet and Ankle 2.94 0.24 14 0.88 3.7426 1.2730 15.9926 5.4397
Hand 5.98 0.45 18 0.74 0.4566 0.0764 13.7455 2.2986
Hip 4.24 0.09 56 0.84 0.7758 0.1830 47.8870 11.2941
Knee 6.47 0.16 44 0.92 5.4383 0.8405 45.8758 7.0905
Spine 2.63 0.08 40 0.82 0.7573 0.2880 33.6323 12.7880
Shoulder and Elbow 2.41 0.31 17 0.46 0.0025 0.0011 7.7767 3.2269
Microsurgery 0.99 017 6 0.97 30.3559 30.6626 36.1795 36.5449
Limb Lengthening 0.75 0.16 7 0.67 0.5156 0.6875 5.2031 6.9375
Oncology 1.29 0.23 9 0.62 0.2359 0.1829 5.8446 45307
Skull-Maxillo-Facial 1.34 0.32 13 032 0.0002 0.0002 41877 31252
Adult Trauma 2.02 0.11 28 0.66 0.0471 0.0233 18.4108 9.1142
Elderly Trauma 0.55 0.08 12 0.57 0.0749 0.1362 6.9499 12.6362
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Fig. 7. Waiting time probabilities for pediatric surgeries (left) and microsurgery (right).
to wait less than 16 and 21 days, respectively. Note also that the Table 6 )
probability that a patient of the microsurgery center waits less than ~ Daily input rate by specialty.
ninety-seven days in line is 95%. Furthermore, about 97, 5% and Surgical Scenario  Scenario  Scenmario  Scenario  Scenario
99% of the patients will wait less than 120 and 150 days, respec- center 1 2 3 4 5
tively. Speciality A 473 5.20 568 6.15 6.62
Speciality B 145 1.60 1.74 1.89 2.03
) ) ) ) Speciality C 3.44 3.78 413 447 4.82
5.4. Other instances and analysis of different scenarios Speciality D 4,63 5.09 5.56 6.02 6.48
Speciality E 112 123 134 1.46 1.57
The analysis of INTO’s results, presented in Section 5.2, was im- Speciality F - 5.60 6.16 6.72 738 784
portant to project the behavior of the queues for each specialty in
the future. However, as mentioned previously, a full implementa-
tion at INTO is not an easy task. Table 7
Therefore, in order to better evaluate the model in this work, Surgery time and recovery time by specialty.
we built five hypothetical instances motivated by the six more rep- .

. . . . Surgical Surgery Recovery
resentative specialties in terms of the required number of recovery center time (hours) time (days)
ward beds, according to the results in Table 2. They are Hip, Knee,

Spi Adult T gH d d Should d Elb y_ hp h Speciality A 2.08 4.08
pine, Adult rauma, Hand, an oulder an ow; together, they Speciality B 391 536
account for approximately 70% of the beds. Speciality C 352 9.98
The first instance, called Scenario 1, was created by randomly Speciality D 2.35 6.80
selecting input rates (in number of patients per day), surgery times Speciality E 185 371
Speciality F 2.26 8.92

(in hours), and recovery times (in days) from the range of values
of these parameters for the six specialties named above. The other
scenarios were created from Scenario 1, each new scenario with a
10% increase in the patient input rate with respect to the previous
one, and the resulting parameters are presented in Tables 6 and
7. The aim was to evaluate the effects of the demand increases in
the utilization of the surgical center. The resources such as number
of beds and number of surgical centers are fixed for all scenarios:
there are 230 beds and 14 surgery rooms compatible with every
specialty. Moreover, setup and cleanup activities together account
for half an hour, regardless of the specialty.

Both closed and open block approaches were tested for all the
five hypothetical scenarios. Figs. 8-12 show these results; compar-

ing both approaches, one can see that the open block approach
makes a better use of the available capacity for all the scenarios.

Fig. 13 summarizes the previous results for all scenarios. A care-
ful observation of Fig. 13 yields that there is a greater efficiency in
the utilization of the surgical center when one employs the open
block approach. This greater efficiency occurs both in the number
of surgeries performed and in the occupation of the surgical cen-
ter. It is noteworthy that for both approaches, all operating rooms
are utilized.
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Fig. 8. Results for Scenario; — open block (left) and closed block (right) approaches.
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Fig. 11. Results for Scenario4 - open block (left) and closed block (right) approaches.
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Fig. 12. Results for Scenarios - open block (left) and closed block (right) approaches.

Fig. 13 also evidences relative decreases in both occupation
rates and number of surgeries as the patient input rates increase.
That happens because smaller input rates mean that the algorithm
is able to assign surgeries in order to simultaneously satisfy con-
straints (10)-(12) and still be left with spaces in the surgery rooms
and the recovery beds, which can be occupied in such a way as to

relatively increase both the surgery room occupation and the num-
ber of surgeries. As the demands increase, however, simultane-
ously satisfying constraints (10)-(12) becomes increasingly harder;
hence, the algorithm is left with less room to maneuver, which
results in relatively smaller values for both occupation rates and
number of surgeries.
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Fig. 13. Scenario analysis: number of surgeries versus occupation surgical center.
Table 8
Performance measures for Scenario 1 surgery queues - open block (left) and closed block (right) approaches.
Specialty As Ms Ys Ps Lgs Wes Ls W Specialty As Ms Ys Ps Lgs Wys Ls Wi
Speciality A 473 025 25 0.7568 0.4065 0.086 19.3265  4.086 Speciality A 473 025 25 0.7568 0.4065 0.086 19.3265  4.086
Speciality B 145 019 24 0.318 0 0 7.6316 52632 Speciality B 145 019 40 01908 0 0 7.6316 5.2632
Speciality C  3.44 0.1 41  0.839 1.043 0.3032 35.443 10.3032  Speciality C 344 0.1 41  0.839 1.043 03032 35.443 10.3032
Speciality D 463 015 34 09078 4.7192 1.0193 35.5859 7.6859 Speciality D 463 015 62 04978 0 0 30.8667  6.6667
Speciality E 112 027 52 0.0798 0 0 4.1481 3.7037 Speciality E 112 0.27 8 0.5185 0.076 0.0678 4.2241 3.7715
Speciality F 5.6 011 54 09428 9.4029 1.6791 60.312 10.77 Speciality F 5.6 011 54 09428 94029 1.6791 60.312 10.77
Table 9
Performance measures for Scenario 2 surgery queues - open block (left) and closed block (right) approaches.
Specialty s s Ys  ps Lgs Wys Ls Wi Specialty As s Ys  ps Lys Ws Ls W
Speciality A 5.2 025 25 0.832 14144 0.272 222144 4272 Speciality A 52 025 27 07704 0.4648 0.0894 21.2648  4.0894
Speciality B 1.6 019 11 0.7656 1.0292 0.6432 94502 59064 Speciality B 16 019 18 04678 0.0026 0.0016 84236  5.2648
Speciality C  3.78 0.1 40 0.945 10.9062 2.8852 48.7062 12.8852 Speciality C 3.78 0.1 40 0.945 10.9062 2.8852 48.7062 12.8852
Speciality D 5.09 015 42 0.8079 05353 0.1052 344687 6.7718 Speciality D 5.09 015 41 08276 0.8279 0.1627 34.7613 6.8293
Speciality E 1.23 027 49 0.093 0 0 45556  3.7037 Speciality E 123 0.27 23 0.1981 0 0 45556  3.7037
Speciality F 616 0.1 63 0.8889 21467 0.3485 58.1467 94394 Speciality F 616 011 81 0.6914 0.0024 0.0004 56.0024  9.0913
Table 10
Performance measures for Scenario 3 surgery queues - open block (left) and closed block (right) approaches.
Specialty As s Y Ps Lgs Ws Ls W Specialty As s Y, Ps Lgs Wys Ls Wi
Speciality A 5.68 0.25 25 0.9088 54119 09528 28.1319 49528 Speciality A 568 025 30 0.7573 03171 0.0558 23.0371 4.0558
Speciality B 1.74 019 17 0.5387 0.0168  0.0096 9.1747 52728 Speciality B 1.74 019 11 08325 23155 13307 11.4734 6.5939
Speciality C 413 0.1 50 0.826 0.6303 0.1526 41.9303 10.1526 Speciality C 413 0.1 60 0.6883 0.0089 0.0022 41.3089 10.0022
Speciality D 5.56 0.15 41 0.9041 3.9948 0.7185 41.0615 7.3852 Speciality D 5.56 015 41 09041 3.9948 0.7185 41.0615 7.3852
Speciality E 1.34 0.27 34 0.146 0 0 4,963 3.7037 Speciality E 134 0.27 15 0.3309 0.0001 0.0001 49631 3.7038
Speciality F 6,72 011 63 0.9697 23.5227 3.5004 84.6136 12.5913 Speciality F 6.72 011 72 0.8485 0.6714 0.0999 61.7623  9.1908

Tables 8-12 present the performance measures of the surgery
queues for all five scenarios, under the same conditions applied
in Section 5.3, namely Poisson patient arrival processes and ex-
ponential recovery times. Note that the most congested queue is
that of Specialty F in Scenario 5, with p ~ 0.99 in both closed
and open block approaches. Fig. 14 features the waiting time dis-
tribution for this queue; it shows that the 95% of the patients wait
up to 36 days for surgery, whereas 99% of them wait less than 55
days.

6. Concluding remarks

Motivated by a case study at the Brazilian Institute of Trauma-
tology and Orthopedics (INTO), this paper introduces an integrated
model for long-term planning and scheduling of elective surgeries.
The models addresses the whole process, from the patient arrival
to their release from the recovery ward. Considering that only an
integrated approach can promote a consistent balance between
service and demand, our approach produces both a periodic
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Table 11
Performance measures for Scenario 4 surgery queues — open block (left) and closed block (right) approaches.
Specialty As Ms Ys Ps Lgs Wes Ls W Specialty As Ms Ys Ps Lgs Wes Ls Ws
Speciality A 615 025 29 0.8483 1.67 02715 26.27 42715 Speciality A 615 025 37 0.6649 0.0259 0.0042 24.6259  4.0042
Speciality B 1.89 019 11 09043 6.3051 3.336 16.2525 85992 Speciality B 1.89 0.19 11 0.9043 6.3051 3.336 16.2525  8.5992
Speciality C 447 0.1 50 0.894 2.8549 0.6387 47.5549 10.6387 Speciality C 4.47 0.1 54 08278 0.593 0.1327  45.293 10.1327
Speciality D 6.02 015 48 0.8361 0.8286 0.1376 40.9619 6.8043 Speciality D 6.02 015 48 0.8361 0.8286 0.1376 40.9619 6.8043
Speciality E 146 027 20 02704 0 0 5.4074 3.7037 Speciality E 146 0.27 8 0.6759 0.4882 03344 5.8956  4.0381
Speciality F 728 011 72 09192 4295 0.59 70.4769 9.6809 Speciality F 728 011 72 09192 4295 0.59 70.4769 9.6809
Table 12
Performance measures for Scenario 5 surgery queues — open block (leftt) and closed block (right) approaches.
Specialty As Ms Ys Ps Lgs Wys Ls W Specialty As Ms Ys Ps Lgs Wys Ls Wi
Speciality A 6.62 025 29 09131 56022 0.8462 32.0822  4.8462 Speciality A 6.62 025 28 0.9457 12.0541 1.8209 385341  5.8209
Speciality B 2.03 0.19 22 04856 0.0016 0.0008 10.6858  5.2639 Speciality B 2.03 019 16 0.6678 0.1875 0.0924 10.8717  5.3555
Speciality C  4.82 0.1 50 0964 193284 4.0101 67.5284 14.0101 Speciality C 4.82 0.1 50 0964 193285 4.0101 67.5284 14.0101
Speciality D 6.48 0.15 49 08816 21942 0.3386 45.3942  7.0053 Speciality D 6.48 015 48 0.9 33538 05176  46.5538  7.1842
Speciality E 1.57 027 8 07269 0.8388 0.5343 6.6536  4.238  Speciality E  1.57 027 16 03634 0.0002 0.0001 5.815 3.7038
Speciality F 7.84 011 72 09899 881325 11.2414 159.4052 20.3323 Speciality F 7.84 011 72 0.9899 88.1325 11.2414 159.4052 20.3323
o:; | Aringhieri, R., Landa, P,, Soriano, P., Tanfani, E., & Testi, A. (2015a). A two level meta-
085 heuristic for the operating room scheduling and assignment problem. Computers
08 | and Operations Research, 54, 21-34. doi:10.1016/j.cor.2014.08.014.
"3 = Aringhieri, R., Landa, P, & Tanfani, E. (2015b). Assigning surgery cases to operating
065 | rooms: A VNS approach for leveling ward beds occupancies. Electronic Notes in
0.6 = Discrete Mathematics, 47, 173-180. doi:10.1016/j.endm.2014.11.023.
Z °'05: % Augusto, V., Xie, X., & Perdomo, V. (2010). Operating theatre scheduling with patient
§ 0.45 L= recovery in both operating room and recovery beds. Computers and Industrial
o 04 4= Engineering, 58(2), 231-238.
< 053; ‘e Belien, J., & Demeulemeester, E. (2007). Building cyclic master surgery schedules
0.25 0% with leveled resulting bed occupancy. European Journal of Operational Research,
0.2 176(2), 1185-1204.
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- "“’““"«m... nurse and surgery scheduling. European Journal of Operational Research, 189(3),
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Fig. 14. Waiting time probabilities for Specialty F, under Scenario 5.

surgery scheduling plan, called master schedule, and an optimal
bed allocation policy for the recovery ward. Both the master
schedule and the bed allocation policy are produced in such a
way that the long term balance between offer and demand is
guaranteed for all surgical specialties.

The paper also proposes a queuing analysis of the stochastic
process resulting from the application of the prescribed master
schedule and bed allocation plans. Such an analysis provides the
decision maker with a better understanding of the queues for all
surgical specialties, allowing decisions to be taken in terms of sig-
nificant queuing measures, such as the average waiting time or the
maximum waiting time for a prescribed percentage of patients.
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