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Abstract. This paper presents a combination of optimization and data
mining techniques to address the surgery scheduling problem. In this
approach, we first develop a model to predict the duration of the surgeries
using a data mining algorithm. The prediction model outcomes are then
used by a mathematical optimization model to schedule surgeries in an
optimal way. In this paper, we present the results of using three different
data mining algorithms to predict the duration of surgeries and compare
them with the estimates made by surgeons. The results obtained by
the data mining models show an improvement in estimation accuracy of
36%. We also compare the schedules generated by the optimization model
based on the estimates made by the prediction models against reality.
Our approach enables an increase in the number of surgeries performed in
the operating theater, thus allowing a reduction on the average waiting
time for surgery and a reduction in the overtime and undertime per
surgery performed. These results indicate that the proposed approach
can help the hospital improve significantly the efficiency of resource usage
and increase the service levels.
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1 Introduction

Technological advances, medical breakthroughs, better and more efficient ser-
vices are constantly changing the world, improving the quality of life and, in
the long run, life expectancy. Hospitals, which can now provide more and better
care to patients who once were unable to receive treatment, face pressures due
to the rise on demand and the elevated waiting time for treatments.

Looking at the operating theater, which is considered by many the largest
budget consumer in hospitals [1], the waiting time problem is worsened due to
the nature of the treatments involved (surgeries) and the immediate attention
they naturally require. In fact, reducing waiting lists for surgery has always been
a priority of sovereign governments and therefore of many researchers. The Por-
tuguese government has successfully reduced the median waiting time for surgery
from 8.6 to 3.3 months between 2004 and 2009, as a result of the introduction

S. Zhou, S. Zhang, and G. Karypis (Eds.): ADMA 2012, LNAI 7713, pp. 589–602, 2012.
c© Springer-Verlag Berlin Heidelberg 2012



590 C. Gomes et al.

of an incentive program to perform additional surgeries. Still, despite the efforts
and success in tackling the long waiting lists for surgery, Portugal along with the
United Kingdom ranked last among other 31 European countries regarding wait-
ing times for treatment [2]. Moreover, incentive strategies imply great costs, and
in the current economic context can easily be ceased. An OECD (Organisation
for Economic Co-operation and Development) report also lists other countries
with waiting time for surgery issues, such as Italy and Norway which have more
than 25% of their patients waiting for more than 12 weeks [3].

In this work, we introduce a combination of data mining and optimization
techniques applied to operating theater planning. In the process of scheduling
surgeries, surgeons have to estimate empirically how long the combination of
surgical procedures will take in order to book the operating room. The accuracy
of these estimations will define the quality of the operating theater schedule, since
every deviation from the estimates leads either to schedule disruptions (surgeries
exceeding their allocated time) or to unoccupied time (surgeries finishing earlier
than estimated). This wasted time is valuable, not only for the hospital but
to the patients who see their health conditions and overall satisfaction quickly
deteriorating throughout time. On the other hand, since scheduling is a complex
combinatorial problem, subject to different rules and constraints, it represents
an opportunity to use optimization techniques to improve its quality. Herein,
we make use of data mining algorithms to estimate the duration of surgeries
and of an optimization model to optimize the surgeries’ schedule. We achieve
good results with both techniques separately, but it is their combination that
enhances the final scheduling solution and enables the automation of the entire
surgery scheduling process. In summary, the contributions in this work are:

– Development of an automatic and effective mechanism to estimate surgery
duration, based on historical surgery records, patient and surgeon informa-
tion;

– An approach that optimizes operating theater resource utilization based on
the predicted durations of surgeries.

Next we will provide further details about the problem and a review of related
work in Sections 2 and 3, respectively. In Section 4 the estimation problem will
be presented and the surgery scheduling optimization model will be described
in Section 5. Experimental results are shown in Section 6 and final remarks are
given in Section 7.

2 Problem

Our work was conducted at a large Portuguese hospital, enabling the analysis
and gathering of the necessary inputs to develop and validate the approach pre-
sented. The scope of the experiments is restricted to the outpatient department,
also know as ambulatory surgery department, which deals with patients who
are not hospitalized after the surgical intervention. On the other hand, inpatient
surgeries require hospitalization for the patients’ recovery, and this recovery is
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the true bottleneck of the operating theater and hospital resources [4–6]. There-
fore, we have decided to start by focusing on outpatients, for which the efficient
time management of the operating theater becomes crucial to make the most of
the existing resources. To illustrate how the predictions made by surgeons, which
are currently used as basis for operating room scheduling, are deviated from re-
ality , Figure 1 plots those estimates against the real surgery times recorded on
this department between 2010 and 2011. It is possible to observe a ladder effect
created by the coarse time granularity used by surgeons on their estimates (15,
30 or 60 min.). This prevents fine tuning of the surgery schedule and therefore
reduces its quality. Furthermore, surgeons tend to make predictions according
to their own interests and undervalue the objectives of the hospital. In fact,
Macario states that surgeons intentionally overbook operating rooms to block
them to other surgeons or underestimate the duration of surgeries in order to
squeeze more surgeries in their available time [7]. Both scenarios lead to wasted
time, but the latter actually produces schedule disruptions due to the delays
caused, often leading to the postponing of surgeries.
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Fig. 1. Comparison between the estimated duration of surgeries made by surgeons and
the real values. The diagonal line shows the desirable scenario where the estimated
duration is always correct.

The economic and social effects of an improvement in efficiency through accu-
rate estimates can be quantified in the increase of the number of surgeries carried
out and the revenue obtained by hospitals. Concerning public health, this enables
the possibility to reduce waiting lists for surgery with marginal costs. However,
the challenge is not only methodological but also of change management. The
introduction of decision support systems in this environment leads to a reduc-
tion in the decision making power of doctors and is prone to face resistance.
Nonetheless, this work is only concerned with the former challenge and refrains
from discussing the implementation issues.
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3 Background

Operating theater planning is a major challenge throughout the scientific lit-
erature. The reviews by Cardoen et al., and Guerriero and Guido are good
indicators of the vast amount of research that is being done in this field re-
cently [1, 8]. Although there are many publications on modeling and predicting
surgical durations, the most prevalent research field in the operating room is op-
erational research, which typically addresses scheduling and planning problems.
The operating theater planning is normally divided into three decision levels: (i)
operational, (ii) tactical and (iii) strategic. Our work focuses on the first planning
level. We combine methods from the operations research and data mining fields
for the periodic (weekly) scheduling of patients to the available operating rooms.
The tactical and strategic decision levels concern longer term decisions on ca-
pacity definition and allocation of resources to the different surgical specialties,
also known as the master surgery schedule and case-mix planning problems.

The surgical process is naturally characterized by deep uncertainty [9], due
to different sources of variability emerging since the patient arrival to his post-
operative recovery. These factors affect the total duration of the patient’s stay
in the different areas of the operating theater. The most important, and the
most studied in the literature, is the duration of the surgery, including anesthe-
sia and the combination of surgical interventions [10]. Other significant sources
of variability are the main surgeon performing the procedure and his team, the
anesthesia type, and the patient’s risk class, age and gender [11]. These factors
increase the difficulty of the problem significantly, as there are many different
possibilities (e.g., there is a wide variety of procedures and a large number of
surgeons in hospitals) and they interact with each other (e.g., each surgeon is
more effective on some surgeries than others and it may be easier to perform a
given surgery on patients with some characteristics than others) [7]. Researchers
have been modeling surgical times targeting different management decisions but
most studies aim to predict surgery duration before it starts (off-line schedul-
ing) [12, 13, 9, 10, 14]. Other tasks include predicting the time remaining during
surgery execution (on-line scheduling) [15] and the duration of a series of surg-
eries, aiming to reduce the total overtime incurred into [16]. However, it is also
recognized that, due to the uncertain nature of surgical procedures, it is of-
ten better to know the upper and lower bounds of the duration than a point
estimate [14].

We found that most of the research performed in this field determines the most
important factors of variation between surgeries but does not come up with a
generalized estimation model that could be applied transversely in the operating
theater [17, 18]. As stated by Combes et al., the statistical models represent an
average phenomenon and not the variation in the subsets of observations that
that average represents [12]. Nonetheless, prediction models have been developed
to successfully improve the accuracy of predictions of surgery duration. Wright
et al., in the mid 1990s reduced the mean absolute error relative to surgeon
estimates in almost 20% using regression-based methods [19]. Marinus et al.
also show significant reductions in average overtime and undertime per surgery
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on a vast set of surgical procedures using a regression model [13]. Stepaniak
et al., estimate the effect of several medical variables that affect a surgery in
two different hospitals in the Netherlands by means of ANOVA models and
use those models to estimate the duration of surgical cases, obtaining a 15 %
improvement [20]. An alternative approach, in which surgeons are given tools to
improve their estimates, rather then being replaced by prediction models, was
proposed by Combes et al. Motivated by a real case scenario, they developed a
data exploration framework to help surgeons estimate the duration of surgeries
based on their past performance. However, this study limited itself by applying
the methodology to a small subset of gastric procedures [12].

4 Surgery Duration Estimation

The main goal of our work is to reduce the uncertainty of the estimated duration
of surgeries. This can be addressed as a regression problem, where the surgery
duration is the dependent variable y and the known environment settings and
patient characteristics constitute the vector of independent variables x that in-
fluence the duration of a surgery: yi = f(xi). The data used to carry out this
work was extracted from different databases, allowing us to enrich the dataset
with characteristics of the patient, surgeon and surgical procedures.

4.1 Dataset

The data used in this work describes the outpatient surgeries performed in one
of the largest Portuguese public hospitals from 2006 to 2011, containing approx-
imately 9.500 completed surgical cases.

The most relevant attributes, selected using a attribute subset evaluator al-
gorithm, are: Gender, Priority, Week Day, Shift, ICD Disease, ICD Procedure 1
and 2, Number of Interventions to Date, the existence of circulatory problems
and the average total duration of the procedure.

In order to give an overview of the surgery duration distribution, Figure 2 plots
the density histogram of surgery duration on the test set. It fits a log-normal
distribution (μ = 26.123, σ = 1.862 found by maximum likelihood estimation)
for a significance level of 0.05, verifying the distribution type fit supported by
Strum et al. and Spangler et al. [18, 17].

4.2 Evaluation

The accuracy of the methods was evaluated using standard error measures. The
Mean Absolute Error (MAE):

MAE =

∑n
i=1 |yi − ŷi|

n
(1)

where yi and ŷi are the true and predicted duration values and n is the number of
predictions (i.e., the number of surgeries for which a prediction was made). MAE
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Table 1. Independent variables used for predictive modeling

# Type Description

1 Nominal Patient gender
2 Numeric Patient age
3 Ordinal Patient priority
4 Numeric Patient waiting time for surgery
5 Nominal Surgery month
6 Nominal Surgery weekday
7 Nominal Surgery shift
8 Nominal Patient diagnosed disease
9 Numeric Number of interventions to be performed
10 Nominal Intervention code 1
11 Nominal Intervention code 2
12 Nominal Intervention code 3
13 Numeric Number of surgeries performed on the patient to date
14 Numeric Number of interventions performed on the patient to date
15 Binary If the patient has undergone surgery on other specialties
16 Nominal Surgeon identification
17 Nominal Surgeon gender
18 Numeric Number of times the surgeon has dealt with this disease
19 Numeric Number of times the surgeon has performed the main intervention
20 Binary If the patient has other diagnosis
21 Binary If the patient has any circulatory problem
22 Binary If the patient has diabetes or renal problems
23 Binary If the current diagnosis is recidivist
24 Numeric Average total surgery duration
25 Numeric Surgery real duration
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Fig. 2. Distribution of surgery durations (duration in minutes)
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values are in the same scale as the dependent variable (i.e., surgery duration in
this case). Alternatively, we can use Mean Absolute Percentage Error (MAPE),
which rescales the values of MAE in the interval [0, 1]:

MAPE =
1

n

n∑

i=1

|yi − ŷi|
yi

(2)

In many applications, such as this one, the impact of a small deviation is often
irrelevant. So more importance should be given to larger ones. In such cases, the
Mean Squared Error (MSE) measure may be more appropriate than MAE and
MAPE:

MSE =

∑n
i=1(yi − ŷi)

2

n
(3)

An additional measure is the correlation between the predictions and the real
values:

τ =

∑n
i=1(yiŷi)− nȳ¯̂y

(n− 1)(sysŷ)
(4)

where ȳ and sy is the mean and variance of y.
These metrics do not take into account if the deviations are originated by

over-or under-estimation. This is significant, due to the different effects they
have on the operating theater schedule. Overestimation is when a surgery lasts
less than predicted (yi < ŷi), leading to idle time in the operating room time
or under-utilization. Underestimation occurs when a surgery lasts longer than
predicted (yi > ŷi), having a greater impact on the operating room since it may
disrupt and delay subsequent surgeries. Dexter proposes an asymmetric absolute
error measure involving under-utilization and over-utilization costs [9]. As there
are no estimates of those costs available in our application, we do not use this
measure. However, in Section 6, we provide some analysis of the results in terms
of over-and under-estimated time.

4.3 Experimental Setup

We compare three different data mining techniques: Linear Regression (LR),
Random Forests (RF) and the M5 Rules (M5) algorithm [21]. However, rather
than individual models, we have used ensembles of each of those models using
the bootstrap aggregation algorithm (Bagging) (Bagging) [22], to reduce the
variance and increase the estimation accuracy.

To develop and evaluate our models we separated the data into two sets. The
first includes the surgeries from 2006 to 2009 and is used for training the models,
while the second (surgeries in 2010 and 2011) is used for testing those models.
The dataset consists of 25 variables, of which one is ordinal, five are binary, seven
are numeric and the remaining 12 are nominal (Table 1). The identification of
the surgical interventions and diseases are coded using the International Classi-
fication of Diseases norm (ICD-9) published by the World Health Organization.
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5 Surgery Scheduling

The models obtained in the previous section are used to estimate the duration of
a set of surgeries. The next step is to find the optimal schedule for those surgeries
assuming that their duration is the predicted one. The capacity available (time)
might be spread by different operating rooms, in different days and also different
parts of the day (i.e., morning and afternoon shifts).

Our optimization model is also able to take into account constraints con-
cerning the availability of surgeons. It is based on the 1-0 Multiple Knapsack
Problem, proved to be NP -Hard [23]. In our case a knapsack is an operating
room shift with a given time capacity. We want to fill the knapsacks with surg-
eries, which consist of pairs of patients and surgeons. Table 2 summarizes the
notations used throughout this section.

Table 2. Variables used in the optimization model

Symbol Description

N Set of patients
R Set of operating rooms
S Set of surgeons
D Set of scheduling days
T Set of shifts (morning/afternoon)
si Surgeon assigned to patient i
di Duration estimated for the surgery of patient i (minutes)

Ardt Availability of operating room r on day d and shift t (binary)
Sjdt Availability of surgeon j on day d and shift t (binary)
u Operating room clean up time (constant)
c Shift capacity (constant)

5.1 Decision Variables and Objective Functions

As mentioned above, the mathematical model devised resembles the binary mul-
tiple knapsack model. Thus, the binary decision variables xirdt define the assign-
ment of a patient i to an operating room r on a given day d and shift t, and
the binary decision variable yjrdt assigns the surgeon j to an operating room r
on day d and shift t. Note that the model presented assigns patients to a period
of time and local (knapsack) but does not sequence patients inside a knapsack.
The sequence can be obtained using a simple method such as random ordering,
since we constrain the problem to fix a surgeon to one operating room per shift.

The main goal of our work is to increase the efficiency of the operating room,
which can be translated to the maximization of surgeries performed in a given
period:

Maxf1 =
∑

i∈N

∑

r∈R

∑

d∈D

∑

t∈T

xirdt (5)
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Yet, increasing surgeries performed decreases the operating room utilization,
due to the setup (clean-up of rooms) times between surgeries. The following
expression represents the maximization of the mean utilization of all operating
rooms in R over the set of days in D.

Maxf2 =

∑
i∈N

∑
r∈R

∑
d∈D

∑
t∈T xirdtdi

c
∑

r∈R

∑
d∈D

∑
t∈T Ardt

(6)

5.2 Constraints

First of all, given that there is a surgeon responsible for each patient, the binary
variables yjrdt are linked to xirdt (Eq 7). This enables us to ensures that the
surgeons cannot be assigned to multiple procedures simultaneously. Additionally,
the following constraints are also included in our model:

xirdt ≤ yjrdt, ∀i ∈ N, r ∈ R, d ∈ D, t ∈ T, j ∈ S : j = si (7)

∑

i∈N

xirdt(di + u) ≤ Ardtc, ∀d ∈ D, r ∈ R, t ∈ T (8)

yjrdt ≤ Sjdt, ∀j ∈ S, d ∈ D, r ∈ R, t ∈ T (9)

∑

r∈R

∑

t∈T

yjrdt ≤ 1, ∀j ∈ S, d ∈ D (10)

xirdt, yjrdt ∈ {0, 1} (11)

Equation 8 represents the constraint for the available capacity per operating
room. It prevents overtime, i.e., planning surgeries on a shift that take longer
than the available time, and restricts patients from being assigned to operating
rooms if the room is unavailable on a given day and shift. Equation 9 limits the
allocation of surgeons according to their availability. Equation 10 prevents the
surgeons from being allocated to different operating rooms in the same shift and
day. Finally, Equation 11 states that the decision variables are binary.

5.3 Experimental Conditions

The experiments are limited to a single week and we compared the results ob-
tained with the optimization model based on the predicted duration of surgeries
with the observed schedule. We used a patient waiting list composed by 394 real
patients, the total duration of the surgery is known, as well as the estimates
made by the surgeons. These figures will be used to compare the performance
in terms of planned and real utilization rate, number of surgeries performed,
overtime and undertime. We assume there is only one operating room with one
4 hour shift available per day, on a Monday to Saturday week (Friday off). It
is also assumed a constant clean-up time of 17 minutes between surgeries, and
that every surgeon (8 in total) and patient is immediately available for surgery
at the scheduled time. The experiments were performed using CPLEX 12.2.
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6 Results

Initially we will focus on the quality of the predictions (Section 6.1) and then we
analyze the results of the combination of the predictions with the optimization
model (Section 6.2).

6.1 Surgery Duration Estimation

Table 3 compares the accuracy of the three data mining algorithms tested: Linear
Regression (LR), Random Forests (RF) and M5 Rules (M5) with two baselines.
The first is the surgeon estimates and the second is the median duration, that
is, the median of the surgeries of the same type.

Table 3. Estimation errors

Metric Surgeon Median LR RF M5

MAE 13.84 11.19 9.55 9.63 8.89
MSE 312 224 171 158 144

MAPE 47% 54% 39% 44% 37%
Correlation 0.69 0.75 0.78 0.79 0.81

The results show there is clear advantage of using the data mining algo-
rithms for predicting surgery duration, when compared to the estimates made
by surgeons, which is the method currently used in the hospital, and also to the
median estimates. The M5 algorithm shows an average absolute improvement
of 4.95 minutes per surgical case, which represents an improvement of almost
36% in estimation accuracy compared to the surgeon estimates. Additionally,
the mean squared error decreased to half, meaning that the largest deviations
were greatly reduced. The estimates are plotted against the real durations in
Figure 3, showing that the ladder effect seen in Figure 1 disappeared.

Focusing just on the results obtained by the M5 algorithm and the surgeon
predictions and separating them according to whether they over- or underesti-
mate the true duration, it is noticeable that the greatest improvement comes
from surgeries whose prediction was overestimated by the surgeons (Table 4).
This observation shows that surgeons are mostly prone to over-estimate the du-
ration of surgeries, thus apparently preferring to block their colleagues [7]. On
the other hand, as expected, the data mining algorithms distribute their errors
evenly.

Table 4. Total surgery overtime and undertime relative to the predictions (minutes)

Surgeon M5 Difference Improvement

Overtime 11605 9894 1711 -15%
Undertime 18714 9588 9126 -49%
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Fig. 3. Comparison between the bagged M5-Rules algorithm estimates and the real
duration

Although the absolute gain per surgery may seem small (4.95 minutes) the
relative gain of 36% is significant, where one could assume that the M5 algorithm
provides 36% more time to perform surgeries. Considering that the average du-
ration of surgeries is 31 minutes and that the approach proposed here could
reduce the wasted time by 10837 minutes in 2010 and 2011, then this system
would have enabled up to an extra 343 surgeries to be performed. Despite being a
rough estimation, this still indicates that a significant improvement in efficiency
could be achieved with the approach proposed here.

6.2 Schedule Optimization

Two experiments were executed to schedule an entire week of surgeries. In the
first, we compare the schedule obtained by maximizing the number of surgeries
performed (Eq. 5) based on the duration estimates made by the surgeons with
the true schedule. This isolates the effect of the optimization component in
the results. The second experiment compares the schedules generated by the
optimization model using each objective functions, number of surgeries (Eq. 5)
and operation room utilization (Eq. 6). In both cases the optimization is based
on the durations estimated by the data mining models. This experiment aims to
compare the two objective functions.

The results for the first experiment are presented in Table 5. As expected, the
optimization model increased the number of surgeries scheduled but the magni-
tude is surprising: almost three-fold. In fact, the optimization model performed
abnormally due to the selection of surgeries with very low estimated duration.
This resulted in a schedule consisting solely on surgeries with underestimated
duration, which naturally leads to overtime in the use of the operating theater.
The surgeries scheduled would require 124% of the available time.
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Table 5. Comparison of the real schedule with the one optimizing the number of
surgeries (Eq. 5) based on the estimates made by the surgeons

True Schedule Maximize Surgeries
Mon Tue Wed Thu Sat Total Mon Tue Wed Thu Sat Total

Number of Surgeries 4 2 3 4 5 18 10 10 10 10 10 50
Planned Utilization 45% 37% 32% 58% 69% 48% 21% 23% 21% 21% 21% 21%
Real Utilization 35% 29% 10% 58% 63% 39% 126% 131% 135% 118% 111% 124%

Overtime 40 18 55 18 54 185 252 259 273 233 216 1233
Undertime 17 0 4 20 39 80 0 0 0 0 0 0

Table 6 compares the schedules obtained by the optimization of each of the
two objective functions, using data mining estimations. As stated, the first one
maximizes the number of surgeries performed while the second the utilization of
the operating rooms. By maximizing the utilization, less surgeries are carried out
than what happened in fact, due to the clean-up time (setup) between surgeries.
Therefore, the results illustrate that we may obtain results that are better in
terms of the use of resources but worse in terms of the reduction of surgery
waiting lists.

Table 6. Comparison of the optimized schedules using the two objective functions
(Eq. 5 and Eq. 6) based on the predictions by the data mining models

Maximize Surgeries Maximize Utilization
Mon Tue Wed Thu Sat Total Mon Tue Wed Thu Sat Total

Number of Surgeries 7 7 7 7 8 36 3 3 3 3 3 15
Planned Utilization 29% 29% 29% 29% 42% 31% 82% 90% 69% 74% 88% 80%
Real Utilization 47% 60% 48% 48% 65% 53% 75% 75% 75% 54% 75% 71%

Overtime 43 73 49 44 56 265 40 54 15 47 36 192
Undertime 0 0 4 0 0 4 24 19 29 0 5 77

Additionally, when comparing the schedule obtained by maximizing the num-
ber of surgeries using each of the two methods to estimate duration, surgeon
estimates (right-hand side of Table 5) and data mining models (left-hand side of
Table 6), we observe that the latter not only provides more accurate predictions
(as observed in Section 6.1) but also generates a more reasonable schedule: the
real utilization of the operating rooms is under 100%. Finally, when compared
to the real schedule (left-hand side of Table 5), the schedule obtained using the
method to optimize the number of surgeries based on the predictions made by
the data mining models (left-hand side of Table 6), we observe a very signif-
icant improvement in both evaluation measures: twice as many surgeries are
performed, resulting in an increase in real utilization time from 39% to 53%.
These results clearly show the advantage of using data mining to predict the
duration of surgeries.
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7 Conclusions

Although the stimulus initiatives introduced by the Portuguese government to
reduce waiting lists for surgery have shown positive results, they imply significant
costs and are now being reduced due to the current financial crisis. We address
the problem of optimizing the schedules of operating rooms with a combination
of data mining and optimization techniques. To the best of our knowledge this is
a novel approach. It was tested on outpatient surgeries, a subset of all the surg-
eries for which the accurate prediction of the duration is particularly important
because it is the most important factor for the optimization of operating room
usage. Our results show that it is possible to significantly increase the utilization
of the rooms and the number of surgeries performed.

The performance achieved by the data mining and optimization models is
sufficient to encourage the development of this work and its experimentation
on different surgical departments. However, the optimization model will have
to be adjusted to take into consideration downstream resources following the
operating room (e.g., recovery wards).
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