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ABSTRACT
Context. Operating room (OR) is one of the most expensive resources of a hospital. Its
mismanagement is associated with high costs and revenues. There are various factors which
may cause OR mismanagement, one of them is wrong estimation of surgery duration. The
surgeons underestimate or overestimate surgery duration which causes underutilization or
overutilization of OR and medical staff. Resolving the issue of wrong estimate can result
improvement of the overall OR planning.
Objectives. In this study we investigate two different techniques of feature selection,
compare different regression based modeling techniques for surgery duration prediction. One
of these techniques (with lowest mean absolute) is used for building a model. We further
propose a framework for implementation of this model in the real world setup.
Methods. Interviews are conducted for identifying important features for estimating
coronary artery bypass graft (CABG) duration. Experiments were performed i.e. for
identifying the features that are more relevant to the surgery duration prediction and for
investigating the most suitable machine learning techniques (with lowest mean absolute
error) for model building.
Results. In our case the selected technique (correlation based feature selection with best first
search in backward direction) for feature selection could not produce better results than the
expert‟s opinion based approach for feature selection. Linear regression outperformed on
both the data sets. Comparatively the mean absolute error of linear regression on experts‟
opinion based data set was the lowest.
Conclusions. We have concluded that patterns exist for the relationship of the resultant
prediction (surgery duration) and other important features related to patient characteristics.
Thus, machine learning tools can be used for predicting surgery duration. We have also
concluded that the proposed framework may be used as a decision support tool for
facilitation in surgery duration prediction which can improve the planning of ORs and their
resources.

Keywords: Machine learning, surgery duration
prediction, operating room planning, data mining.
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INTRODUCTION
Operating Room scheduling refers to the process of assigning hospital‟s resources
to each operation over a period of a week or a day, which would be performed in the
surgical centre[1]. Operating Room (OR) is one of the most expensive resources of a
hospital. It is associated with high revenue and cost [2]. Its mismanagement often
related to the mismanagement of OR resources and medical staff including the
specialists which is very expensive resource. It is a primary concern for hospital‟s
management to run the operating room effectively in order to improve the efficiency
and quality of services [3]. This thesis aims to identify important factors which can
cause surgical duration delay with the help of identification of suitable supervised
machine learning algorithms and to propose ways to apply these techniques.

1.1

The Problem
Operating room utilization has been an issue for hospital management as it is
associated with high cost and revenue. Hospital‟s management tries to reduce OR idle
time, which in itself is a problem. According to [4] operating room idle time costs
$600 per hour and overtime is even more expensive. The OR idle time issue also leads
to other problems e.g. unnecessary delays of operations, underutilization of medical
staff, decreased surgeries throughput, etc. These problems lead to increase in cost or
revenue. OR utilizes almost 9% of hospital‟s total budget every year[1] . In this regard
hospitals always try to reduce the OR cost and to provide quality of health/surgical
services at the level of patient satisfaction[5]. So, if OR is well scheduled it can
contribute in cost reduction, as they are costly functional areas of hospitals [1,6,7].
There are many factors which can cause idle time between surgeries; incorrect
estimation of surgery duration is one of them. It is believed that surgeons‟ estimation
lead to OR idle time. As discussed by [8], surgeons‟ own estimation of surgery
duration lead them to underestimate the duration, which ultimately causes unnecessary
delay. According to Dexter et al.[9] medical staff under estimated 22 minutes for each
8 hours. When a better estimate of a surgery duration is made it can help in reduction
of idle time of medical staff and OR. Some OR managers believe that improvement in
estimation of surgery duration is one of the important factor in reducing the variability
in the OR schedule. Researchers have also raised a need for a model which predicts
surgery duration [6,7,10-12]. Incorrect estimation is the root cause of scheduling
problem. If it is alleviated from root, it can contribute in the solution of the OR idle
time problem and as well as in success of future research [12]. For example, in past,
researchers have applied various techniques for OR scheduling. Some of them are,
decrease in surgical or anesthetic procedure time to add an additional time [13].
Denton et al. [14], used case sequencing techniques e.g. shortest case first or longest
case first to decrease the overutilization of OR. Wright et al. [15] for instance,
designed a simulation to demonstrate extending OR time to increase patients‟
throughput and others are discussed in the proceeding sections of this chapter under
related work heading. All of these are valuable efforts, but if the root cause exists, no
solution can achieve maximum result. The need for reliable estimation of surgery
duration arises.
Surgical duration prediction is one of the major issues while planning the
operating room schedule [12][16]. If a proper solution is presented which can help
planners to estimate the duration more accurately, it can help to avoid the idle time of
the medical staff and waiting time of patients. When the issue of overestimation and
underestimation is resolved, it will ultimately lead to reduce the idle time and waiting
time issue. This study will mainly address the problem of surgery duration prediction
through supervised machine learning technique and how these techniques can
contribute to the solution of the problem. In Sweden accessing the real life patient‟s
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data is quite difficult; fortunately the Thoracic department of Blekinge Hospital agreed
to share their data for this research. Therefore CABG was selected as case for this
thesis. The following section describes coronary artery bypass graft.

1.2

Coronary Artery Bypass Graft
Coronary Artery Bypass Graft (CABG), is a heart surgery for restoring blood flow
to the heart muscle. A vessel is taken from another part of the body and used for
making a new route for the blood flow to the heart muscle [17]. The coronary arteries
supply blood and oxygen to the heart muscle. For example in the UK, approximately
28,000 CABG surgeries are carried out every year [18]. CABG helps to prevent the
heart attacks in patients suffering from coronary artery disease (CAD). Over 117,000
people were died in the UK due to coronary heart disease [19]. CAD is a condition in
which plaque builds up inside the coronary artery. Cholesterol buildup on the wall of
arteries, due to this the arteries become narrower which restricts blood flow. This can
cause chest pain i.e. angina or lead to heart attack. During CABG surgery, surgeon
takes healthy vessels from patient‟s arm or leg and then connected to the coronary
arteries to allow blood to flow around the blockages [17].The surgeon divides breast
bone to reach to the heart and coronary arteries. There are two types of CABG i.e. onpump and off-pump. In on-pump surgery the patient is placed on the heart lung
machine so that heart does not beat while the surgery is being performed and if the
heart lung machine is not used during the surgery, it is called off-pump surgery, in
which heart beats while the surgery is being performed.

1.3

Related Work
The OR planning and scheduling has been addressed by researchers and have
presented very useful solutions. They have addressed the issue of OR management in
context of how to maximize patient throughput and reduce the cost. They have applied
different techniques like mathematical programming (linear programming, goal
programming, dynamic programming, etc), simulation (discrete event and montecarlo), genetic algorithm and etc. These techniques deal with patient and surgeon‟s
waiting time, utilization of OR, ward and Intensive Care Unit idle time [5]. Dexter and
Macario [13] use simulation to determine whether small decreases in surgical or
anesthetic procedure time allow for an additional case to be scheduled in an operating
room during regular working hours. P.T. Van Berkel and J.T. Blake [20] have used
discrete-event simulation to see how a change in patient throughput decreases waiting
time, they have achieved patient‟s throughput by changing bed capacity and OR time.
In articles [21][22], the authors have formulated discrete event simulation to examine
the impact of sequencing rule on post anesthesia care unit and over-utilized OR time.
In their study they have tried to find out how sequencing helps to reduce the holding
areas and post anesthesia care unit. Their results showed that longest case first
performs poorly and shortest case first performs well. Testi et al. [23] have described
three phase hierarchical approach to design OT schedule. Phase 1: session planning
(number of sessions to be weekly scheduled for each ward), phase 2: master surgical
schedule (ward to surgery room assignment) and phase 3: elective case scheduling
(selection of patients to be scheduled each session). Phase 1 and 2 are solved through
integer programming for generating master surgical schedule and phase 3 is
demonstrated with discrete event simulation in which they showed how to schedule
patients into the assigned OR sessions. Lebowitz [24], study the impact of various
combination of sequencing procedure (long and short) on waiting time and OR
utilization by formulating Monte-Carlo simulation. The result of his study indicate that
on time performance can be increased and overtime staff expense can be decreased if
hospital management schedule give priority to short procedure. Sciomachen et al. [25]
for instance, designed a discrete event simulation in order to evaluate alternative
operative scenarios in terms of utilization of ORs, patient throughput and overruns.
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The results indicate that master surgery schedule reduces the size of waiting list for
whole department and also reduces the average number of over runs.
Dento B. et al. [14], have described two-stage stochastic mixed integer program to
examine how case sequencing affects patient‟s waiting time, operating room idle time
and operating room overtime. Adan and Visser [26], for instance, consider both
inpatients and outpatients in their study. They created a model based on mixed integer
programming in order to study the utilization of resources such as operating theater
and intensive care unit for both inpatients and outpatients. Cardoen et al. used integer
programming model and tried to solve the case sequencing by prioritizing the patients
as early as possible on the surgery day. Mulholland et al. [27], worked on the
optimization of financial outcomes for hospital and physicians through linear
programming. Ozkarahan [28], used goal programming approach for maintaining the
scheduling of hospital resources in order to minimize the idle and overtime of
resources.
Some mathematical and statistical analysis for predicting the surgery duration has
already been done by the researchers [6,9,13,15,28,29]. Eijkemans et al. [12], for
instance performed a comparison between surgeon prediction based on the historical
data of surgery duration and prediction on the basis of lognormal regression model.
The authors consider five predictive factors for the surgery prediction i.e. operation
characteristics, session characteristic, patient characteristics, team characteristics and
other. They found that patient characteristics are one of the major explanatory
variables of the model. The authors report that using prediction model instead of
surgeon base prediction reduces the over and under prediction of surgery duration.
Dexter F et al. [9], discussed the inaccurate prediction of surgical duration on the basis
of surgeon experience or historical averages. Although their study indicate that the
underestimation of surgical duration can also be reduced by estimating the historical
average of case. In the articles [6,30,31], procedure, surgeon and anesthesia were
shown to be statistically significant factors for estimating surgery duration. Strum et al.
[32], for instance compared the lognormal model and normal model to describe
surgery duration. They use Fredman test [33], to compare the models and the results
indicate that lognormal model showed better prediction of surgery duration.
Lognormal model categorizes the cases with respect to Current Procedural
Terminology (CPT) code and anesthesia type. Dexter F et al. [11], have worked on
Bayesian prediction for surgery duration prediction. They have discussed that the
predictions of new surgical durations based on the relevant historical data is very
effective way.
Machine learning has shown more effectiveness in predicting clinical outcomes
than the common statistical tools used in this field [34]. Recent study indicates the
importance of preoperative data is used to predict surgical complexity [35]. Machine
learning techniques‟ application in the area of OR scheduling has been used scarcely.
However a study conducted by S.I Davis [8], has demonstrated experiment on surgery
duration estimation with a few features and four machine learning algorithms and they
have concluded that additional features can increase the accuracy about 20%. Combes,
C. et. al. [36], have used the knowledge discovery in database (KDD) process. They
experimented on series of rough datasets with neural network methods but they have
not received satisfactory results and concluded that the problem was in the grouping of
the features which possibly affected the quality of prediction.
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1.4

Aims and Objectives
This research addresses the problem of operating room scheduling. The aim is to
utilize the data mining techniques for predicting surgery duration, which may help to
reduce the OR idle time and ultimately contribute to the mismanagement of resources.
The problem is divided into sub tasks which are considered as the objectives of our
research. The objectives are listed as:








1.5

Identification of the features for predicting surgical duration
Training dataset construction
Identification of tools for experimentation
Selection of supervised machine learning algorithms for comparison
Experimentation of the supervised machine learning algorithms on the
selected features dataset
Analysis of the results from different algorithms
Identification of possible ways for utilizing the outcomes of these data mining
techniques

Research Questions
Our main thesis question is:
“How can surgery duration efficiently be predicted through machine learning
techniques and what are its possible implementations to enhance the overall
OR-planning process?”
This research considers the following questions to answer the main question:
RQ1: Which features can be used for automatic prediction of coronary artery
bypass surgery duration?
Feature selection is the very critical task while constructing learning models. It is
directly related to the prediction quality and wrong selection of features leads to
unreliable prediction results [36]. This research question will help us to identify
which features are most relevant to the estimation of coronary artery bypass surgery
duration.
RQ2: What is the performance of different supervised machine learning algorithms
in predicting the duration of coronary artery bypass surgery?
There are many supervised learning algorithms; some are good in one context
while others are good in another. This question will try to investigate which
algorithm that best performs in terms of accuracy in predicting the surgery duration.
RQ3: How can surgery duration prediction through data mining help to improve
the overall process of operating room planning?
This question‟s answer will discuss the possible way to implement the data mining
techniques treated in RQ2, which may contribute in the overall OR
scheduling/planning improvement process.

1.6

Research Methodology
For achieving the objectives and answering the research questions we need to
define the research methods. This research work will be carried out using two research
methods i.e. Interviews (both structured and unstructured) and Experimentation. As
discussed in the related work section, feature selection is a very critical work and
therefore this process should be treated very carefully as it has very much influence on
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the overall data mining process results. The following diagram demonstrates the whole
research methodology used in the thesis and its outputs:
Output (RQ1)
List of features
for the dataset
construction

Output (RQ1)
List of features
for the data set

Study of related
literature for
algorithm selection

Output RQ3
implementation
related solution

Interview
(Structured)

Interview
(Unstructured)

Experiment with
the selected
algorithm

Study of related
literature for selecting
feature selection
algorithm

Experimentation
with selected
algorithms and data

Output (RQ2)
Algorithms
performance
results

Theoretical Modeling

Figure 1.1: Research Process
With the help of background study of the area (CABG), some ideas were
discovered about the factors which could cause the surgery duration delay; this
background knowledge helped us in formulating some initial questions for the
unstructured interview.

1.6.1

Interview

Selection of the features, which may be considered during surgery duration
estimation requires very careful attempt. Data will be collected from the domain
experts in two phases i.e. unstructured interview and structured interviews. During the
first phase an unstructured interview will be conducted from the cardiac perfusionist in
order to discover all possible factors for estimating CABG duration. In the second
phase, (structured interviews) six experts i.e. cardiac surgeons will be interviewed to
find out the most relevant factors. These interview results will produce list of features
which are more influential in estimating surgery duration.

1.6.2

Experimentation

Experiments will be demonstrated for evaluating results of different machine
learning techniques. As shown in the above diagram, the experiment will be
demonstrated on the full data set for selecting the subset through applying the selected
machine learning techniques. When the features subset selection is complete, more
experiments will be performed on these features subsets to evaluate different machine
learning techniques (learning algorithms). At the end, the algorithms results will be
evaluated through statistical techniques.
To answer the RQ3, this study plans a theoretical framework based on the
experiment results. The framework will be utilizing the machine learning technique
evaluated during the experiment.
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1.7

Thesis Outline
The rest of the thesis is organized as follows.
Chapter 2, gives detail understanding of operating room planning and scheduling.
Furthermore, it discusses the scheduling techniques, preoperative activities.
Chapter 3, defines and discusses machine learning and data mining process. It
describes how the data mining activity is carried out for solving a specific problem.
Chapter 4, describes the importance of data preparation in the process of data
mining. It elaborates various techniques of feature selection. This chapter answers
RQ1. The interviews‟ data has been presented and analyzed. Various summaries from
the analysis have been extracted and presented in this part. Based on the interviews‟
data, features have been selected. An experiment is demonstrated for applying machine
learning based techniques for feature selection. A list of features is generated with the
help of these technique based on the data set. Two data sets are constructed. One is
based on the human experts‟ opinion and the other one is based on machine learning
techniques.
Chapter 5, answers the RQ2. This chapter starts with a brief introduction to
modeling and continues with the description of experimentation. It gives brief
background knowledge about the selected algorithms, models‟ evaluation method and
evaluation criteria. Then the experiment results are presented and discussed.
Chapter 6, answers the RQ3. This chapter presents the proposed model. It further
presents a framework for implementing the model based decision support tool. It
discusses that what possible uncertainties could be faced and how they can solved.
Chapter 7, it concludes the thesis work and presents the identified future works
which could further contribute in the solution of this problem.
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2

OPERATING ROOM PLANNING AND SCHEDULING
Operating room planning and scheduling is an emerging field. Its main objective is
to make sure that all parts of surgical suits run effectively and efficiently. Effective
utilization of OR can help in accomplishing the defined set of goals e.g. patient safety
and increased throughput, maximize operating room resources utilization, decrease
patient‟s surgery delays and maximize the satisfaction level among patients, staff and
surgeons.

2.1

Surgery Scheduling Process
From the perspective of operation room planning and scheduling, two major
classes of patients have been categorized the in literature i.e. elective and non elective
patients. For elective patient, surgery is scheduled in advance and for non elective
patient, surgery is performed on urgent basis in order to save their lives. Most often,
hospitals assign separate ORs that deals with non elective cases [5]. Two stages are
involved in the overall surgery process i.e. preoperative stage and post anesthesia
stage. Usually the preoperative stage takes place inside the operating room and it
comprises of three phases. i) preparing the operating room for surgery, ii) surgical
procedure and iii) cleaning of operating room. In post anesthesia stage the patient is
transferred to recovery room after the completion of surgery [1]. A patient who needs
to be operated for surgery is transferred to the preoperative department. The
department consists of pre-anesthesia evaluation consultant and nurses, whose major
task is to minimize the risk of any complication being arisen during surgery.
Anesthesiologist performs some additional measures to improve the physical condition
of patient‟s health [37].
In order to understand the characteristics of the OR management problems, we
have to consider the whole operating process. When the patient is referred to hospital
by a general practitioner (GP), patient is examined by a surgeon and anesthesiologist.
The surgeon prescribes pre-tests to get some clear information about patient surgery
decision. Once surgery is decided, patient details are transferred to the outpatient
department (OPD). The OR manager in OPD sets the hospitalization date, surgeon‟s
details and requirement, operation timing, operation room availability, and required
number of resources at the time of surgery [37].
In general, the purpose of scheduling is to ensure the efficient and effective
utilization of scarce resources to achieve the organizational goal. In surgical literature,
scheduling is referred to as a two phase processes i.e. advance scheduling and
allocation scheduling. In the advance scheduling patients are scheduled for a surgery
on some future date while in allocation scheduling the sequence of surgical cases on
the given day is decided [38]. Two common approaches for advance scheduling exist.
a) Block booking and b) Open booking. In block booking system OR time is assigned
to surgeons or group of surgeons on a periodic schedule [39]. Medical staff determines
the duration of blocks on the basis of past surgical experiences [38]. In block booking,
surgeons book cases in their assigned block time. The block booking system improved
the utilization of operating process. It reduces the length of patient stay for undergoing
surgery, minimizes surgical waiting list as well as improves the continuity of
operation. It also reduces the number operation cancellation [40]. On the other hand,
open-booking system is an empty planning approach; surgical cases are added in a
plan on the basis of first come first serve strategy [41][42]. Surgeons can choose any
workday to perform surgical procedure [43]. In the allocation scheduling elective
patients are scheduled in two steps. First patient is scheduled for surgery on a given
date and the second, OR manager assigns a specific OR and surgery starting time [44].
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2.2

Surgery Duration Estimation
Correct prediction of surgery duration is difficult task. Many factors affect the
correct estimation of surgery i.e. type of procedure, surgeon experience, physical
condition of patient and surgical environment [45]. It is quite impossible to predict
correct surgery duration but improved estimation of surgery duration play a vital role
to overcome the underutilization and overutilization of ORs.
Regardless of the method used for scheduling patient in advance, prediction of
surgery duration play a vital role in effective and efficient scheduling [38]. The
effectiveness of OR planning and scheduling depends on the accuracy of surgery
duration estimation/prediction. The estimation of surgery duration tends to utilizes
historical data [46]. The management of OR and their resources depends on the
reliable prediction/estimation of surgery duration [12]. Without reliable estimation of
surgery duration leads to mismanagement of OR resources. The estimation of surgery
times plays an important role in allocation of block time for specific or multiple
surgery in long term, staff assignment and their scheduling and the assignment of
surgeries to these block times [46]. If the estimated time is lower than the actual
incurred time, the schedule will be overloaded resulting in cancellation of surgery,
overtime and staff dissatisfaction. In contrast, if the estimation is too high, it will cause
increase in idle time and patient waiting time. Thus prediction/estimation of correct
surgery duration can reduce daily variability in OR load and patient idle time,
cancellation of surgeries and overtime.
Regarding the operating room planning there are many sub process involved e.g.
anesthesia, pre-operative procedures etc but this study is more focused on the knife
time (from knife landing on body till stitching).
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3

INTRODUCTION TO MACHINE LEARNING
Machine learning has played a very significant role in the area of Artificial
intelligence. This field has the objective to develop computer programs which are
capable to learn automatically from the past experiences. Machine learning is defined
as “An area of artificial intelligence concerned with the study of computer algorithms
that improves automatically through experience” [47]. It is also elaborated as “A
computer program is said to learn from experience E with respect to some class of
tasks T and performance measure P, if its performance at tasks in T, as measured by
P, improves with experience E” [48]. According to [49], machine learning enables the
computers to learn and make the rational decision based on past experience, action and
reaction. Machine Learning (ML) has been successfully used in many areas like spam
email filtering, social networks friends recommendations, e-commerce recommender
systems, data mining and many more. The most significant application of machine
learning is data mining. People are often facing problems during data analysis.
Machine learning successfully overcome this problem therefore this technology
improve the efficiency of system and designs of machine. There are three main
methods of machine learning i.e. supervised, unsupervised and reinforcement learning.
When a data with corresponding correct outputs is provided during training for
predicting the future unknown outputs of given instances is known as supervised
learning. In contrast where the instances are unlabeled and no output is given but
machine uses clustering algorithms for discovering unknown but useful classes, is
called unsupervised machine learning. In reinforcement learning, training information
is provided by the environment (external trainer) in the form of scalar reinforcement
signal. The scalar reinforcement signal represents a level of how well the system
performs. In this learning method, no prior information about an action is provided but
the machine discovers which action receives best reward [50].
In the proceeding sections the term data mining is used alternatively with
machine learning. There is a high level of interdependency among them “Data mining
defined as the process of discovering patterns in data. The process must be automatic
or (more usually) semiautomatic”[51]. Machine learning techniques are used for
searching the space to find patterns [51]. As discussed in the above paragraph that
machine learning has been used many areas but its application in data mining is the
most significant.

3.1

Introduction to Supervised Machine Learning (SML)
As discussed above SML is a learning scheme where data with corresponding
correct outputs is provided during training for predicting the future unknown outputs.
The data can be binary, categorical and continuous [36]. J.Thulin defined supervised
learning as “A supervised learning algorithm is essentially a tool for producing a
mathematical model or function that, given some input, produces some output”[49]. It
is the process of learning a set of rule from instances .The objective of supervised
machine learning is to assign correct label to new unseen instance [50]. An
implementation of supervised machine learning is shown in the figure.
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Figure 3.1: The Process of SML [50]

3.2.1

Data set Construction

The first step in the supervised learning problem is dataset construction, for this
purpose relevant features are identified which forms the dataset. Dataset is used for
training and testing purposes. Identification of data is a very critical job; irrelevant
feature selection has drastic effects on the classification results. Features could be
identified by two ways i.e. to consult the domain experts [50][52], about features
influence and relativity to the output or using brute-force method if the domain experts
are not accessible. In brute-force method every possible feature is measured with the
expectation that the relevant features can be isolated. Once the relevant features are
identified then the data is collected for constructing the dataset. Data set plays an
important role in the classification accuracy of any learning algorithm.

3.2.2

Algorithm Selection and Model Assessment

The choice of specific learning algorithm is a critical step. The main purpose of
learning algorithm is to classify the unlabeled objects into the correct class. Therefore
keeping in view the nature of the data, an appropriate algorithm is selected. Algorithm
performance is measured on the data; the evaluation is based on the prediction
accuracy. Among the other techniques two techniques are widely used for calculating
the classifier accuracy, one is to split the training set by 2/3, 2/3 is used for training
and 1/3 for estimating the performance. The other technique is the cross validation in
which training set is split into equal sized subsets; one subset is used for training and
the other for testing. To reduce the variability, multiple cross validation rounds are
performed and results from all the rounds are averaged to calculate the error
rate[36][53].
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4

DATA PREPARATION
Data preparation is an important phase in data mining. In most cases results of the
learning algorithms can be improved by choosing the right data [51]. Before moving
towards machine learning, the data at hand is prepared for further processes. Data
preparation requires careful consideration and is a quite time consuming task [52].
Data set (state space) contains past observations from real world in the form of records
(instances). Data preparation is one of the foremost factors which affect the overall
goal of data mining process. If the data is noisy, irrelevant or redundant, the
knowledge discovery becomes more difficult [54]. No fully automatic process or tool
exists which could be used for preparing the data. Usually it is carried out by hand.
Well prepared data increases the quality of a model. The primarily concern of the data
preparation process is to make things as easy as possible for the mining tool and to
prepare it in such a way that the information content is made known to the mining tool.
There are also many other benefits of data preparation like data understanding,
reducing measurement and storage requirement, training time reduction and
dimensionality reduction for prediction performance improvement [55].
Generally data is characterized as: i) relevant, contains features which are related
to or influencing the resultant output ii) redundant, it contains redundant features and
iii) irrelevant, type of data containing features having no affect/influence on the
resultant output. During data preparation the ultimate goal is to maintain the relevant
data, remove redundant and irrelevant data [56]. Dorian.P [52], presented a high level
overview of the overall process of data preparation for model creation. He describes
the criticality and the importance of each process. According to him, work starts from
exploring the problem. During this stage, in-depth understanding about the problem is
created. When the problem is explored, the possible solutions are investigated and
ways for solving the problem are suggested. After this implementation, specifications
are described how the solution will be executed and implemented. Implementation
specifications have a high affect on the overall success of the data mining project. The
theoretical work ends and practical data mining process starts after the implementation
specifications have been defined. The practical work starts from data preparation.
During data preparation, data dimensionality, quality, redundancy of the features, etc
are considered. The final step in the data mining project is the data modeling. Here the
right tool/technique is selected for the right problem; miner decides what technique is
best suitable for the existing problem solution.
Data mining applications deals with data which reflects real life activities. In real
life mostly the data is sparse, contains redundant and irrelevant features.

4.1

Hospital Data
In order to understand the general concept of factors associated with the CABG
surgery, we have collected the data from two different hospitals‟. The following
sections describe the introduction of hospitals.

4.1.1

Blekinge Hospital Karlskrona

As we discussed in the previous chapter, this study will address the problems
relating to prediction of duration of CABG (Coronary Artery Bypass GRAFT) surgery
via supervised machine learning techniques. In order to apply supervised machine
learning techniques, large amount of authentic data related to CABG surgery duration
is a requirement of the study. The data of CABG has been collected from the Thoracic
Centre of Blekinge Hospital. Blekinge hospital is a medium sized hospital comprised
of 420 beds . It is organized in two units, one unit is located in Karlskrona (Sweden)
and other is in Karlshamn (Sweden). The Thoracic Centre of this hospital is located in
Karlskrona. The main purpose of this center is to perform cardiothoracic surgeries on
regular basis. Due to high level of complexity involve in the surgery, this department
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utilizes their own specialized staff and specific equipment for treatment and surgery.
The staff consists of cardiothoracic surgeons, anesthetists and cardiologists. ICU
(Intensive Care unit) is the central unit of thoracic center. The ICU was designed
specifically for post-operative care of cardiothoracic surgery patients.
The data of this thoracic centre contains details about pre-operative and postoperative information of CABG patients. The stored data includes clinical examination
and investigations of every patient. In this study, the authors focus on the pre-operative
information of the patient. The description of data is discussed in“ The domain experts
opinion based selected features” section. We have also included the surgeons from this
hospital for interviews for selecting features.

4.1.2

Pakistan Institute of Medical Sciences

Pakistan Institute of Medical Science (PIMS) is one of the leading health and
research institute located in Islamabad, providing various level of services in the field
of medicine. PIMS is also a medium size hospital comprised of 962 beds. It is
organized into three main units i.e. Islamabad Hospital (IH), Children Hospital (CH)
and Maternal and Child Health Center (MCH).
The major unit of PIMS is Islamabad hospital. It is fully equipped with all modern
and necessary medical facilities like Accident and Emergency centre, Intensive Care
Unit (ICU), Coronary Care Unit (CCU) and Operation theaters etc.
The Cardiology Department of Islamabad hospital is considered as one of the best
centers in Pakistan and abroad. The department consists of a coronary care unit and
cardiology ward, which are comprised of 14 and 31 beds respectively. There is
separate cardiothoracic surgery department in PIMS where CABG surgery is done on
regular basis. The department is run under the supervision of highly qualified cardiothoracic surgeons which maintain the international standards of patient care and
services.
In this study, we have conducted interviews from 4 surgeons of cardio-thoracic
department of PIMS for identifying the relevant features that play a vital role in the
prediction of duration of CABG surgery.

4.2

Feature Selection
According to [55], purpose of feature selection is three-fold i.e. improving
prediction performance, producing faster and cost effective predictors and gaining
more insight of data and how some feature influence the output. Machine learning
algorithms are designed in a way that tries to learn about the most influential on the
resultant output and use them for predicting the output. In most cases, adding
irrelevant features confuses the machine learning system [51]. As discussed, in real life
representation of data uses many features [54]. It refers to the issues of high
dimensional data set. Dimensions are the number of features a data set consists of;
each variable/feature is a dimension of the data set. High dimensional data sets present
problems for machine learning tools. As the number of features increase, the size of
the state space (data set) increases. It can be very large if any feature has hundreds or
thousands of possible values [52].
Irrelevant and redundant features become the part of the state space and create
ambiguity for the data mining techniques. Because of negative effects of these features
on the machine learning schemes, they need to be identified and removed from the
state space. There are various methods for eliminating irrelevant features amongst the
relevant ones. The best way to eliminate irrelevant features is to do it manually. The
manual elimination of irrelevant features requires deep understanding of the learning
problem and what the features actually means. Removing the irrelevant features
improve the performance of learning algorithms [51].
There are various approaches for selecting relevant features as discussed in [51].
This work follows two approaches for feature selection i.e. by consulting and
interviewing the domain experts [52] and by applying machine learning techniques for
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feature selection [51]. The second approach of feature selection will serve to validiate
the first one (manual feature selection).

4.2.1

Interview for Feature Selection

Interview is a method for collecting information. It has three main types:
structured, semi structured and unstructured interview. The main difference between
the three interview types is the amount of control over the respondent. The
unstructured interview is often used for qualitative studies where the interviewer does
not use a specific set of questions. The interviewer starts with some assumptions and
generates more questions during the interview. In the semi structured interview, the
interviewer has a predefined set of questions and he/she also encourages the
respondent to express his/her ideas. The structured interview is, opposite to the
unstructured interview, the interviewer has a predefined set of questions and
respondent has no choice other than to answer those predefined questions only. The
structured interview is mostly used for quantitative studies [57]. Unstructured and
structured interviews were used for collecting the data from the experts in the field.
The structured interview was used for collecting the overall factors which may be
responsible for delay in surgery duration of coronary artery bypass graft (CABG).
Based on the response recorded in the unstructured interview a structured interview
was designed and distributed among 6 professionals. The interview schedule (herein
after referred as interview) consisted of seven questions (interview schedule is attached
as Appendix 9.2). Question 1 was prompting for personal properties of a patient e.g.
age, gender, BMI and etc. Question 2 was prompting for influence of laboratory tests
(hemoglobin and creatinine) results on the delay of surgery duration. Question 3
inquired about the risk factors which cause the delay in surgery duration. The risk
factors included in the interview were i.e. heredity, hypertension and etc. Question 4
inquired about the existence of cardiac diseases (vessels diseases, previous myocardial
infarction and other factors in a patient which can affect the surgery duration. Question
5 was prompting for affect of usage of certain types of medicines, which can extend
surgery duration. The last two questions Question 6 and Question 7 inquired about the
pre-conditions of a patient and pre-operative risks. All these are depicted in more
details in the following sections.
Data Collection
The data was collected using structured and unstructured interviews. In the first
phase unstructured interview was used. The researchers had some initial questions
which helped to explore further knowledge for constructing the structured interview
schedule. The initial unstructured interview was conducted with a cardiac per-fusionist
having 9 years of experience in the field. During this interview 55 factors were
discovered which had the possibility of helping in estimating the CABG duration.
Based on the knowledge explored during the first interview a structured interview was
constructed containing these 55 factors. These factors were divided into 7 different
categories which formed a structured interview containing 7 questions and each
question had its possible choices, see Appendix 9.2. The interview was conducted with
6 domain experts i.e. cardiac surgeons. Two surgeons belong to Blekinge Hospital
Karlskrona and four of them belong to Pakistan Institute of Medical Sciences (PIMS).
Surgeon
Location
Specialty
Experience
Surgeon 1
Blekinge Hospital
Cardiac Surgeon
Not Available
Surgeon 2
Blekinge Hospital
Cardiac Surgeon
Not Available
Surgeon 3
PIMS
Cardiac Surgeon
11 years
Surgeon 4
PIMS
Cardiac Surgeon
05 years
Surgeon 5
PIMS
Cardiac Surgeon
08 years
Surgeon 6
PIMS
Cardiac Surgeon
10 years

Table 4.1: Surgeons Detail
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The purpose of conducting interview from two different regions was to represent
the whole population in order to generalize the outcome.The cardiac perfusionist
participated in the first interview (unstructured interview) was not included in the
second interview (structured interview) to avoid the chance of biasness.
Data Representation
The data displayed in tables depicts responses collected after the structured
interview from surgeons. If a surgeon selects the multiple features, these features will
all be accounted for in the study.
The table 4.2 represents the distribution of personal properties influencing the
output i.e. predicting surgery duration of CABG. The table shows the total number of
respondents (6 as 100%) and their distribution of each factor that can influence the
output. The percentage shows the degree of agreement among the respondents. In the
table 4.2 among the other personal properties body surface area (BSA) was the most
agreed factor to consider while estimating surgery duration. Out of the total (100%)
population 66.67% agreed that BSA is important. Weight was less common with
16.6% agreement among the specialists. Age and BMI was selected by 33.33%
respectively.
Factors
Obesity (BSA)
Age
BMI (Body Mass Index)
Weight
None of them

Response %
66.67
33.33
33.33
16.67
0

Response Count
4
2
2
1
0

Table 4.2: Distribution of personal properties of patient
The table 4.3 depicts the laboratory tests influence on the surgery duration
prediction. The 66.7% of the total population believe that none of the laboratory results
influences the CABG surgery duration estimation. The remaining 33.3% believe that
B-Hemoglobin level influences the surgery duration.
Factors
Response %
None of them
66.67
B-Hemoglobin
33.33
Table 4.3: Distribution of laboratory results

Response Count
4
2
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The table 4.4 shows that 100% response was received by Chronic Obstructive
Pulmonary Disease (COPD), it is accepted by the total population that COPD should
be considered while estimating the surgery duration. The second highest (66.66%)
response was received by Cerebral vascular disease (CVD). All the others received
16.67 response except hypertension and diabetes received 33.33 response.
Factors
Chronic obstructive pulmonary disease
Cerebral Vascular disease
Hypertension
Smoking
Diabetes
Dialysis
Neurological dysfunction
Other arterial disease
Previous vascular surgery
Table 4.4: Distribution of Risk factors

Response %
100
66.67
33.33
16.67
33.33
16.67
16.67
16.67
16.67

Response Count
6
4
2
1
2
1
1
1
1

The table 4.5 shows that congestive heart failure attained highest response (100%);
all the respondents believe that Congestive heart failure is an important factor. The
second highest response (83.33%) was received by vessels disease. NYHA [58], stood
on the third highest response level with 50%, while angina was the least popular factor
among the respondents and remaining two with 33.33% response.
Factors
Congestive heart failure
Vessels disease
NYHA (New York Heart
Association
Assessment)
classification
Previous Myocardial infarction
Endocarditic
Angina

Response %
100
83.33
50

Response Count
6
5
3

33.33
33.33
16.67

2
2
1

Table 4.5: Distribution of cardiac diseases pre-existence
The table 4.6 depicts that 83.33% of the respondents‟ response was toward patients
using anticoagulants can cause more CABG operating time compared to those not
using any of these medicines. Platelet inhibitors attained the second highest response
(50%). All the other factors in this category were less popular with 16.66 % of
response from the population except thrombolysis, which received 33.33% response.
Factors
Anticoagulants
Platelet inhibitors
Nitro-glycerine
Inotropi
Steroids
Thrombolysis

Response %
83.33
50
16.67
16.67
16.67
33.33

Response Count
5
3
1
1
1
2

Table 4.6: Distribution of pre-operative drugs intake
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The table 4.7 represents the distribution of pre-operative risks which can cause
delay in CABG. Out of 100% responses 83.33% response was that surgery on thoracic
aorta is an important factor among the others in the group to consider while estimating
the surgery duration. The „Other operation than isolated coronary surgery‟ received
50% response. Acute operation (Euro score) was least popular with 16.67% of the total
response.
Factors
Surgery on thoracic aorta
Other operation than isolated
coronary surgery
Critical preoperative condition
Post infarct VSD
Acute operation (Euro score)
None of them

Response %
83.33
50

Response Count
5
3

33.33
33.33
16.67
16.67

2
2
1
1

Table 4.7: Distribution of pre-operative risks indicators
The table 4.8 shows the pre-conditions of patients. Out of 100% responses 83.33%
response was that among the pre-condition group previous CABG factor should be
considered while estimating the surgery duration. The second highest (50%) response
was attained by previous cardiac surgery with extra corporal circulation. The
remaining factors with 33.33% response from the population.
Factors
Response %
Previous CABG
83.33
Previous cardiac surgery with extra 50
corporal circulation
Previous cardiac surgery without 33.33
extra corporal circulation
Previous valve replacement
33.33
Other cardiac surgery
33.33
Table 4.8: Distribution of patient‟s pre-conditions

Response Count
5
3
2
2
2

The table4.9 shows that all the respondents agreed that surgeon is an important
factor to consider while estimating the surgery duration.
Factors
Yes
No

Response %
100
0

Response Count
6
0

Table 4.9: Surgeon influence in the surgery delay
Summary of the Results
In the above section eight different categories/groups have been analyzed for
extracting the features influencing CABG duration estimation. In the above tables all
the factors selected by respondents were included. To further decrease the number of
features. Those factors which received 50% or above responses were included in the
final data set. We conducted several experiments by including the features received
less than 50 % responses were negatively affecting the results. Therefore the threshold
value for feature selection was set to 50% and above. After applying the criteria; in the
category of personal properties, body surface area was the only factor with (50%)
which could qualify for inclusion. In the group of laboratory results influencing the
surgery duration, 66.7% of the surgeons believe that none of the laboratory results
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influences the surgery duration. So the majority opinion is accepted and no factor from
this category is included in the data set.
Among the group of risk factors, chronic obstructive pulmonary disease appeared
with high level of agreement (100%). Thus it can be concluded that it is an important
factor in the group selected by all the respondents. Cerebral vascular disease is a
second highest (66.66%) choice because it is the second most agreed factor. In the
group of cardiac disease pre-existence the congestive heart failure stands on top with
100% response from the population, vessels disease with 83.33% response and NYHA
with 50% response. In the category of pre-operative drugs intake anticoagulants
received 83.33% and platelet inhibitors received 50%. As selected by the majority of
the respondents, anticoagulants and platelet inhibitors are included in the data set.
Surgery on thoracic aorta in the pre-operative risk factor‟s group was selected by
83.33% respondents and other operation than isolated coronary surgery was the
second most agreed factor with 50%. In the category of pre-conditions, previous
CABG is the strongest candidate for including into the study as it has been selected by
83.33% respondents. On the other hand previous cardiac surgery with Extra Corporal
Circulation (ECC) is most agreed factor after previous CABG. Previous CABG and
cardiac surgery with ECC are selected to be included in the dataset. All the
respondents agreed that surgeon is an important factor to consider while estimating the
surgery duration. As discussed, the process of data preparation is a critical and time
consuming activity. It needs careful considerations to select the suitable features to
construct the state space. In this study data has been collected from the cardiac
surgeons and based on the majority opinion structure of the data set has been
formulated. As shown in the above analysis some factors were more influential in
affecting the surgery duration while others were less. It can‟t be decided at this stage
that what the domain experts believe will be 100% correct in this context. There may
be a possibility that the experts less rated a factor but it may have a strong influence
on the resultant output..
The domain experts opinion based selected features
A clinical data set (containing 128 features and 176 instances) was extracted from
the Blekinge Hospital, Karlskrona, Sweden database. The initial set containing records
of all the coronary bypass graft (surgeries) operated between January 2010 and
December 2010. The record set included all surgery types of CABG i.e. urgent, acute
within 24 hours, acute vital indication and elective. As discussed earlier, this study is
dealing with elective surgeries. After applying the elective surgery criteria 83,
instances were retrieved.
Clinical Data
Number of Records
Patients Type
Age

83
Elective Patients
Min
41
Male
Gender
74
5
Number of Surgeons
A
B
Surgeons Types
23
Number
of
Surgeries 20
performed by Surgeons
Min
Max
Surgery Duration Time
78
584

Max
81
Female
9
C
19

D
14

E
6

Mean
199

Table 4.10: Clinical data detail
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Figure 4.1: CABG Surgery duration for Elective Patients
Manual feature selection technique is used with help of domain experts‟
knowledge. It is a pre-condition to have accesses to the domain expert‟s in order to get
more insight knowledge of the problem and data. In this work the domain experts
(cardiac surgeons) were included to help in the selection of the final features for
inclusion into the data set. After passing through various analyses on the data collected
from the domain experts, a list of features were extracted. The following table shows
the final selected features and the population response.
The table 4.11 shows the final selected features. As described above that only
those features will be included in the data set which received 50% or more response
from the population.
Factors
Chronic obstructive pulmonary disease
Congestive heart failure
Surgeon
Vessels disease
Anticoagulants
Surgery on thoracic aorta
Previous CABG
Cerebral Vascular disease
Obesity (BSA)
NYHA
Platelet inhibitors
Other operation than isolated coronary surgery
Previous cardiac surgery with extra corporal circulation

Population Response %
100
100
100
83.33
83.33
83.33
83.33
66.66
50
50
50
50
50

Table 4.11: List of selected features based on domain expert‟s opinion

18

Therefore only 13 factors qualified to be included in the final data set. The
following table shows the data set statistics:
Missing Values
Features
Range/Values a
%
Chronic Obstructive Pulmonary Disease Yes, No
0
Congestive heart failure
Surgeon
Vessels disease
Anticoagulants

NA
A,B,C,D,E
I,II,III
No,Waran,
Heparin/Fragmin
Surgery on thoracic aorta
Yes, No
Previous CABG
Yes, No
Cerebral Vascular disease
Yes, No
Obesity (BSA)
1.55-2.49
NYHA (New York Heart Association I,II,III,IV
Assessment) classification
Platelet inhibitors
ASA, No,
ASA+Plavix

NA
1
0
0

Other operation than isolated coronary Yes, No
surgery
Previous cardiac surgery with extra Yes, No
corporal circulation
Surgery Duration
78-584

0

0
0
0
0
17
0

0
0

Table 4.12: The Data set based in domain experts‟ opinions
In the above table 4.12 some features were selected by the surgeons but were not
included in the experiment because they representing only one possible value for all
patients e.g. endocarditic had only „yes‟ value. Therefore these features were removed
from the final data set, as they have no effect on the results.
Surgery duration is a dynamic phenomenon. There are many variables which are
considered while estimating the surgery duration. Specifically regarding coronary
artery bypass surgery, it is very challenging to assess all the factors and estimate the
duration. The following paragraphs are dedicated to explain the features included in
the data set.
Patient‟s personal properties e.g. age, obesity, etc helps to identify whether the
patient is healthy, weak or obese. A patient with obesity may take more surgery time
as compared to a normal patient or an old patient to young. Chronic Obstructive
Pulmonary Disease (COPD), is a progressive disease. It causes tightness of chest and
large amount mucus in the chest, patients suffering from COPD may be more at risk
during CABG. Cerebral vascular disease is a disease of blood vessels and especially
the arteries that supply blood to brain [59]. It refers to the problems in the circulation
of the blood to the brain. This feature in the data set indicates that a patient is suffering
from this disease or not. It has two possible values “Yes” or “No”. Previous CABG,
indicates that whether coronary artery bypass graft has been performed in past or not.
Patients with previous CABG may need special consideration while operation.
Previous cardiac surgery with Extra Corporal Circulation, Sometime during
cardiac surgeries the blood is drained by gravity into the venous reservoir of the heartlung machine via cannulas placed in the superior and inferior vena cava or a single
cannula placed in the right atrium. Blood from this reservoir is pumped through a
membrane oxygenator into the systemic arterial system, usually through a cannula
placed in the distal ascending aorta [60], this system of continuing the blood flow to
the body during the cardiac surgery is called extra corporal circulation (ECC). If a
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patient has been previously operated with the help of ECC may possibly take more
surgery time as compared to a patient with cardiac surgery without ECC.
Vessels disease is also called peripheral vascular disease or artery disease. There
are three types of vessel diseases i.e. type I, II and III. In type I the patient feels mild
pain while walking, in type II severe pain while walking, type III pain while resting
mostly in feet [61]. It may possibly extend the surgery duration because during CABG
an artery has been taken from another part of the body and used for bypassing the
blocked heart‟s arty. The type of disease indicates the condition of his/her arteries.
The New York Heart Association (NYHA) developed a functional classification
for patients with heart disease. NYHA is categorized in 4 classes i.e. I, II, III and IV
[58]. Class I indicates No symptoms and no limitation in ordinary physical activity.
Class II indicates Mild symptoms (mild shortness of breath and/or angina) and slight
limitation during ordinary activity. Class III indicates moderated limitation in activity
due to symptoms, even during less-than-ordinary activity. Class IV indicates severe
limitations. These NYHA categories can help to understand the condition of patient‟s
heart.
The anticoagulants variable refers to a type of drugs used to prevent clot
formation. It indicates whether the patient needs these drugs or not. The platelet
inhibitors restrict some function of the platelets, the clotting agents in the blood. This
feature indicates that whether a patient took any medicine i.e. Aspirin (ASA), plevix or
not. Aspirin and plevix are used for preventing future heart attacks or not.
Surgery on thoracic aorta, thoracic aorta is a part of the aorta. In the human body it
is the largest artery within the chest. The feature “surgery on thoracic aorta” indicates
whether the patient has previous thoracic aorta surgery or not. The “Surgeon” feature
refers to the surgeon who will be performing the CABG. Comparatively some
surgeons take more times on surgeries. Some are more experienced and some are less,
which also effects the surgery duration. So it is an important variable to consider.

4.2.2

Machine Learning based Techniques for Feature Selection

Normally the machine learning based techniques for feature selection are used
when there is no access to expert‟s opinion [50][52]. But in this work the machine
learning based feature selection technique is used to validate the human domain
expert‟s opinion based selection. There are various sub approaches for selecting the
features subset, read [50,61,62]. The following sections describe the feature selection
techniques
Experimental Setup
This experiment aims to identify the features which are highly influential on the
resultant output. As discussed above that high dimensional data set decreases the
efficiency of the learning algorithms. To identify the most relevant features interviews
were conducted with the domain experts and based on the results a data set was
constructed. Experiment was demonstrated with the following discussed feature
selection technique available in Weka [51].
Choice of Feature Subset Selection Technique
It is not the aim of this study to compare various feature selection techniques but
rather to select one which may validate the previous feature selection approach
(domain experts‟ interviews). Keeping in view the nature of the problem addressed in
this work, widely used techniques were studied and correlation based feature selection
(CFS) was found related to the problem addressed in this work. Hall. M. [64], has
conducted a study and concluded that CFS performs well on regression problems. He
further adds that CFS reduced the data set dimensionality and improved the
performance of learning algorithms. He concluded that CFS is the most suitable
technique for selecting features. According to [65][66], CFS can be used for
improving the accuracy of machine learning algorithms performance. It uses
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correlation based heuristics evaluation function to examine the worth of features in a
data set and ignores those features having low correlation with resultant class [67]. It
is based on the hypothesis that “Good feature subsets contain features highly
correlated with the class, yet uncorrelated with each other”[65]. It measures the inter
correlation between the features along with individual feature for predicting the class
label by this way it determines the goodness of a subset [66].
CFS searches the state space for calculating the correlation and adding or
eliminating features. There are various search methods discussed in articles
[50,61,66].The search method used in this experiment is Best first search (BFS). BFS
searches the feature subset space and includes only those features that give best results
[69]. It is robust as compared to other searching algorithm and follows the systematic
approach for feature selection [70]. Each time BFS calculates the predictive accuracy
of a classifier in each iteration. The BFS stops the searching when it finds the best
subset with the best accuracy estimation [70]. Best first search method searches the
space of features similar to greedy search and generates new subset of all possible
features by adding or removing the features from current subset with back tracking
facility. It may follow three approaches for searching the relevant features. First, it
may start with empty set of features and search in forward direction, second it takes
the full set of features and search in backward direction or it select the features from
any point and search in both directions. Regarding the search direction backward
direction has been used. Backward direction method greedily removes the features that
decrease or degrade the performance of model [71][72]. It produces more accurate
models than other feature selection algorithms when compared on several real datasets
[73]. This approach begins by adding all features in the subset. The features are then
removed from the subset one at a time [54]. The feature is removed from the subset in
every step on behalf of the minimum value of PRESS (predictive residual sum of
squares.). The minimize PRESS value shows that the current feature is not suitable for
the predictive performance of the model [74]. According to [51], result shows that
backward elimination is better than forward elimination because it produces larger
subset of features and better classification accuracy. To evaluate the CFS based feature
selection results, k-fold cross validation [51] was used. It will be discussed in more
detail in section 5.1.3.
Data Preparation for the Experiment
The original data set consisted of 128 features and 176 instances. It contained
features related to post surgical procedures and instances to acute surgeries. It was
filtered manually using Microsoft Excel computer application to remove the acute
surgery related instances and 57 features were selected out of 128 because the
remaining features were related to post surgical procedures.
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Experimental Results
After the experiment demonstration a ranking of features was received. Out of 57
features, 15 were filtered by the above selected technique. The following is the list of
the features:
Features
Diabetes
Other operation than isolated coronary surgery
Surgery on thoracic Aorta
Surgeon
Number of previous heart Operations
Anticoagulants
Carotisstenos
Hyperlipidaemia
Steroids
NYHA
Platelet Inhibitors
Hypertension
Previous CABG
BSA
Smoking

Best in 10 Fold Cross
Validation %
100
100
100
100
90
90
90
90
90
70
60
40
30
10
10

Table 4.13: Feature selection based on Percentages
The above table 4.13 shows the ranking of the features which correlate to the
output. The CFS with best first and backward elimination technique for feature
selection and for evaluation10 fold cross validation was used. The above ranking is
based on the selection of a feature in each fold of cross validation e.g. if a feature was
not eliminated in the fold 1, so its ranking would be 10% and will proceed to fold 2. If
any of the features succeeds in the fold 2 its rank would 20% and so on till kth fold. A
feature with 100% means that it is highly correlated or influential on the resultant
prediction and must be considered while estimating the surgery duration.
All the features having 0% rank are eliminated and not shown in the above table
4.13. To further reduce the size of the data set all the features less than 50% rank were
not included in the final data set as they were tested and had negative effect on the
learning algorithms performance. The following table shows the selected features and
its properties.
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Features

Range/Values
Diabetes
Tablet Treated, Insulin
treated, No, Diet
treated
Other operation than isolated coronary Yes, No
surgery
Surgery on thoracic Aorta
Yes, No
Surgeon
A,B,C,D,E
Number of previous heart Operations
0,1
Anticoagulants
No, Heparin/Fragmin,
Waran
Carotisstenos
No, Unknown, Non
symptomatic
Hyperlipidaemia
Yes, Unknown, No
Steroids
Yes, No
NYHA (New York Heart Association I,II,III,IV
Assessment) classification
Platelet Inhibitors
ASA, NO,
ASA+Plavix
Surgery Duration
78-584

Missing Values
%
0

0
0
1
0
0
16
0
1
17
0
0

Table 4.14: Data set with help of machine learning techniques
After applying the selected techniques for feature selection a list of 11 features was
received. The above table 4.14 shows the selected features and their properties.
The features, common with experts opinion based dataset are already explained in
section 4.2.1 (The domain experts‟ opinion based selected features) and the remaining
are explained here. Hypertension, is the term used to describe high blood pressure. It
occurs when too much pressure is placed on the wall of arteries. Hypertension is
categorized as normal, high normal, mild moderate, severs and very severs [75]. This
feature indicates whether the patient is suffering from this disease or not. It has two
possible values “Yes” or “NO”.
Hyperlipidaemia is a condition of abnormally increase of fat and other waxes in
blood. The main cause of hyperlipidaemia is smoking and diabetes. This feature
indicates whether the patient is suffering from hyperlipidaemia or not. It has two
possible values “Yes” or “NO” [76]. Carotid arteries supply blood to the brain.
(Carotidstenosis) is a disease which narrows inside wall of carotid arteries. This
narrowing leads to the blockage of carotid arteries which causes stroke . This feature
indicates whether the patient is suffering from Carotid stenosis or not. It has two
possible values “Yes” or “NO”.
Discussion on the results
Based on the features selected through the expert‟s opinion and CFS, 15 features
were extracted with the help of expert‟s opinion and 11 with the help of CFS. There
were 6 features commonly selected by both i.e. NYHA, Platelet Inhibitors, surgery on
thoracic aorta, other operation than isolated coronary surgery, Anticoagulants and
surgeon. Hence it could be concluded that among other factors, these 6 factors should
be considered while estimating surgery duration.
The CFS based techniques uses the data and relates the features with output, those
features having high correlation with the output and can increase the performance of
the learning algorithm are included in the subset. The other approach (domain experts‟
opinion based) is based on the human‟s past experiences in the same field. They
selected those factors which they believed are the causes of extended surgery delay. In
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the CFS based ranking, anticoagulants were ranked as 90% dependent on the resultant
output and in the domain experts‟ category it succeeded with 83.33% response.
Surgery on thoracic aorta was ranked 100% by CFS and the domain experts rated it as
83.33% through their response. The vessels disease received 83.33% response from
the domain experts on the other hand it was not selected by CFS. As discussed above
that vessels disease may possibly extend the surgery duration. During CABG an artery
is taken from another part of the body and used for bypassing the blocked heart arty. A
patient with poor vessels may have increased probability of extended operating time.
The CFS selected diabetes as a factor influencing the surgery duration and was ranked
100%, in the domain experts opinion it was not influential on the surgery duration.
Previous CABG was selected by 83.33% domain experts and CFS ranked it 30%.
The domain experts (100% responded) believe that chronic obstructive pulmonary
disease has a strong influence on the surgery duration while CFS ranked it 0%. The
CFS based technique ranked obesity as 10% while 50% responses were received from
the domain experts. Carotisstenos, hyperlipidaemia and steroids were ranked 90% by
CFS and in the other approach they could not receive proper response so they were
eliminated from the other data set. NYHA was ranked 70% by the CFS technique
while 50% domain experts responded to it. Domain experts believe (50%) that
previous cardiac surgery with extra corporal circulation is an important factor for
consideration while surgery estimation on the other hand CFS based technique ranked
at 0%. Cerebral Vascular disease received 66.66% response from domain experts and
CFS ranked it 0%.
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5

SURGERY DURATION PREDICTION
After data set construction and data preparation, next step is to build a model. It is
very important to consider appropriate modeling approach. Then the next critical thing
is model evaluation. Training data is used to build a model for predicting the output of
a future unseen data. It (training data) consists of input features and its resultant output
feature. Generally it is understood that if a model performs well on test data then it is
considered that it can also perform well on the future unseen data. But it is not
sufficient proof that a predictor preformed well on the test data and it will also perform
good on the future unseen data. So it is important to evaluate carefully that how well
the predictor will perform on the future unseen data [51]. The following section
describes the experimentation process which further elaborates the modeling
approaches and evaluation methods.

5.1

The Experimental Setup
The main objective of these experimentations is to determine the feasibility of
machine learning techniques for surgery duration prediction. The possible outcome of
these experiments would be to evaluate the above described data sets i.e. data set with
features selected with help of domain experts and the data set containing the features
selected through machine learning techniques. Eventually these experiments will
enable us to identify the best performing algorithm for surgery duration model
construction. The experiment has been conducted using an open source data mining
tool „Weka‟[51].

5.1.1

The Data sets

One of the prerequisites of this experiment is a data set containing all the possible
features, its inputs and outputs in the form of labeled instances. It will be used for
building the model. Data set construction is a critical work and involves various steps
[52]. Therefore the data set construction has been treated in chapter 3 of this thesis
work. After passing through all the described steps data sets were constructed and
included in the experiment.

5.1.2

Algorithms

The problem addressed in this work is predicting duration of surgery, a continuous
value. In machine learning context the prediction of continues value is called
regression problem. There are few algorithms dealing with regression problem [77].
The criterion of algorithm selection is based on the data and problem at hand. There
are various perspectives while selecting an algorithm. Usually not all algorithms fit to
all kind of problems; some are good in one context while others are good in others.
Familiarity is necessary with the available data mining techniques for determining best
suitable technique.
Regression problem in data mining is the process of building a functional model
with values of variables
which relates the value of a target continuous variable
and
[78]. The aim of this work is not to compare algorithms but to
investigate whether the problem of surgery duration prediction is possible through
machine learning or not. In this work Weka [51], application software is used for
modeling purposes. Weka tool is the collection of machine learning algorithms for
solving data mining problems. The tool is written in java.All the algorithms discussed
in the following sections are available in Weka 3.6.4.
There are well known regression techniques i.e. linear regression, SMOreg,
Additive Regression, M5P, M5rules, multilayer perceptron, Kstar, , IBK, decision
table and REPTree [76-84]. These techniques have been widely tested and evaluated
by researchers in past. As shown in the past studies they have performed well. This
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work will also try to utilize these algorithms and will try to further explore them in the
context of our problem domain.
Weka Title
Linear Regression
Multilayer
Perceptron
SMOreg
Kstar
IBK
M5P
M5Rules
Decision Table
REPTree
Additive Regression

Algorithm
Linear Regression [85]
Back propagation neural network [87]
Support Vector Regression [88]
Instance based learner using entropic measure function [89]
k-Nearest Neighbor Algorithm [87]
M5 Model tree for continuous classes [90]
M5 Model tree for continuous classes [90]
Decision Table [91]
Decision Tree using Reduced Error Pruning [82]
Additive Regression [51]

Table 5.1: Learning Algorithms
All the above listed algorithms will be used with its default configuration as they
are tested and found well in most cases .In order to avoid the over fitting the default
configuration of IBK algorithm was changed to k=10 instead of k=1[87].
Linear Regression
According to [92], “Linear regression uses the fact that there is a statistically
significant correlation between two variables to allow you to make predictions about
one variable based on your knowledge of the other”. There are two types of variables;
independent variable (predictor variable) and dependent variable (outcome variable).
The main purpose of regression is to forecast the unknown effect of changing one
variable over another [93]. To implement regression on any problem we assume that
there is a linear relationship between the two variables and this relation is also additive
[94]. The accuracy of prediction depends on relationship between the two variables.
Correlation coefficient measure the association between two variables. Its values lies
between 1 and -1 which indicated the strength of association of observed data for two
variables [95].
Multilayer Perceptron (MLP)
MLP consists of input layers, output nodes and one or more intermediate layer that
is known as hidden nodes. Each node on a layer is connected to the node in the next
layer. MLPs are feed forward neural networks trained with the standard back
propagation algorithms. Back propagation algorithm is most famous learning
algorithm in neural networks. This algorithm is based on the error-correction learning
rule. The error back propagation process composed of both forward pass and backward
pass. During forward pass synaptic weights (strength or amplitude of a connection
between two nodes) are fixed. Input vector or signals are passed through sensory node
of the network and output is calculated layer by layer. In backward pass error
correction rule is used for adjusting synaptic weight of the network. The error
propagates backwards through network starting at output unit. The error signal
computed by subtracting actual output with desired output. This error signal
propagates backward through the network[96].
Support Vector Regression
Support vector machine is learning machine which is used for solving pattern
recognition and regression problems. SVM is mostly used to solve quadratic
programming problem with linear constraints. The solution of quadratic programming
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gives us necessary information for selecting relevant support vectors among the data.
These support vectors are used for defining the predicting function. The most common
application of SVM is Support Vector Regression (SVR). SVR is used for predictive
data analysis. SVR achieve generalize performance by minimizing the generalized
error bound. It produces a model that can be used to solve the non linear problem
using kernel function with few support vectors. A model produced by SVR depends on
a subset of training data point [88].
IBk
It is a K-nearest neighbors classifier [97][87]. It measures the closeness of
neighboring input (x) observations in the training data, and their associated output (y)
values are used to predict the output values. In simple words it works under the belief
that two data points (query data and training data) are closer to each other if they have
a maximum number of neighbors. It can work with output variables i.e. categorical,
nominal or ordinal and numeric [98]. Like all other instance based learning, it stores
the training data in memory and when a new query instance is encountered, a set of
similar instances is retrieved for classification of the new query instance [99][100].
Success of kNN depends on selection of suitable distance function and the value of
k. Distance function is a key to this algorithm; there are various distance functions for
example Euclidean distance for numerical data, edit distance for sequences, Hamming
distance for categorical data and maximal sub graph for graphs. The k value
determines the number of data points used for neighborhood [99].
Euclidean Distance a commonly used distance calculation function, probably used
in every distance based algorithm. Euclidean distance function can described as,
suppose we to have two input vectors and with features (variables), so the
distance between the vectors can be calculated through the following function:

Equation 5.1: Euclidean Distance [99]
The k value determines the number of the neighborhood to the query instance.
According to [100] authors has demonstrated different effects of k value e.g. It has
been shown that some data having two possible classification categories i.e. one is
positive (+) and the other is negative (-). In one case if the k value is 1 so the new
instance will be classified as positive (+) and if the k value is changed to 5 it is
classified as negative (-). So here we can conclude that the k value has a strong
influence of the resultant classification. The distance function‟s performance cannot be
predicted, which makes it highly experience dependent. No distance function is known
to perform consistently well, even under some conditions, and no k value to be known
as consistently good even under some circumstances [99].
M5P
M5P is an algorithm used for generating M5 model trees. The M5 model trees
were discovered by Quinlan [101]. M5 is a numeric prediction algorithm that deals
with continues class and provides a structural representation of data [102]. It generates
a conventional binary decision tree structure and uses a linear regression models at
terminal nodes instead of discrete class labels. It predicts continues features
[102][103]. The algorithm requires the output feature to be continuous while the input
can be either continuous or discrete. They deliver better compactness and accuracy as
compared to classical regression trees such as CART [104]. It works in a way that it
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accesses the tree to classify the given instance from top to bottom until the leaf node is
encountered. It makes decision on each node for following a specific branch. The
decision is based on a test condition and the test is associated with feature associated
with the testing node. Each leaf node has a regression model [85]. Once the tree
construction is completed a linear model is built at all the leaf nodes and the model is a
regression equation [101].
M5Rules
M5Rules generates rules from a model tree. M5Rules uses divide and conquer
approach to generate a decision list for regression problems. It builds a model tree and
iterates accessing the nodes, in each iteration it makes the best leaf into a rule. It works
as follow: a tree learner (model tree) is applied to a full training data set and a pruned
tree is learned. Then, the best branch is converted into a rule and the tree is discarded.
When an instance is converted into a rule it is removed from the dataset. This process
of converting into rules and deleting it from the dataset continues recursively till the
end of the data set [77][101]. The leaf which covers the most examples in the tree
would be the best candidate for addition to the rule set [105]. The first rule is always
map to one branch of tree. To identify the accurate rule and coverage, percent root
mean squared error is calculated[77].
Decision Table
A decision table stores the input data of selected features in reduced form and use
the same table for making prediction. Induction algorithm builds a decision table on a
given training set of labeled instance. It selects a subset of highly discriminative
features for learning. Subsets of features are selected on the basis of cross validation
performance. Two approaches of decision table classifier were described i.e. Decision
table majority (DTMaj) and decision table local (DTLoc). DTMaj returns the majority
of the training set if the decision table cell matching the new instance is empty i.e. it
does not contain any training instances. If the matching cell is empty then DTLoc
searches entry in a decision table with fewer matching feature [91].
Additive Regression
Additive regression is non parametric regression method. In high dimensional
data, additive regression is used to unhide complex data structure. It is also used to
locate, variable transformation and interaction in high dimensional data. Additive
regression uses a specific class of basis function as predictors in place of the original
data. The AR basis function clears some region of variable which allow additive
regression to focus on specific sub region of data [84].
Rep Tree
Reduced Error Pruning (REP) tree was first introduced by Quinlan. It is a method
used to prune decision tree. It is used to analyze the strength and weakness of the two
phase decision tree learning. REP splits data into training and validation set. It
evaluates the impact on validation set by pruning each possible node. It greedily
removes the one that most improves validation set‟s accuracy. REP method is used to
compare the performance of other pruning algorithms. It produces smallest version of
accurate sub tree. REP tree shows high performance when combined with boosting and
when used with large datasets [85][106].

5.1.3

Evaluation Method

How different methods perform on training data is not a good performance
indicator for an independent test set or future unseen data. It is difficult to judge the
performance of a model on training set and assume that it will perform the same on the
future unseen data. There are various ways, which can be used to assure the
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performance to some level. For example the model is built on one set of data and
tested on another independent data set (holdout method). The amount of data to have
an independent training and testing set is usually not available [51]. This work is
facing a problem of the same nature. Data is limited therefore independent training and
test sets could not be built. In such situations cross validation (CV) is used [51].
Therefore k-fold cross validation is used to measure the performance of the algorithms.
K-Fold Cross Validation
Cross validation is a statistical method of evaluating and comparing learning
algorithms. In this method data set is divided into two segments. One segment is used
to train a model and the other is used to validate the model [107].In this study, to
estimate the performance of the prediction models a 10-fold cross-validation approach
was use.The training set is partitioned into “K” sets of approximately equal size. The
learner trains “k” times and each time one set is used for validation and the remaining
sets are used for training. It uses “K-1” folds for training and the remaining for testing.
The K-fold cross validation uses all examples in the dataset for both training and
testing. The main problem associated with K-fold cross validation is related to the
choice of “K” that is number of folds. There is no fixed procedure for selecting “K”.
Many researchers suggest the value for K=10 [51][108]. Clark [109], suggests the
choice of K=4 to be suitable for all type of data. Daun et al [110], for instance used
K=5 for number of folds. But mostly researcher consider K=10 as a suitable number
of folds but the value may differ for each algorithm and for each dataset [51][111].

5.1.4

Performance Criteria

There are several measures which can be used to evaluate the performance of numeric
prediction i.e. correlation coefficient, mean absolute error, relative absolute error, root
mean squared error and root relative squared error [51]. To compare the above
mentioned algorithms three performance criteria are considered: correlation coefficient
[112][113], mean absolute error [9][11] and relative absolute error[112]. According
to [9][11], MAE is an important indicator for evaluating the surgery duration
prediction. The measurement techniques used in this study are discussed briefly under
the following subsections.
Correlation Coefficient
Correlation is a technique for investigating the relation between two quantitative
variables. It measures the strength of linear relation between the two variables. The
first step for investigating the relation between two variables is to plot the data values
graphically on scatter diagram. On scatter diagram, the point which is closer to straight
line shows stronger relationship between two variables. Coefficient correlation is used
to quantify the strength of the relationship.

Equation 5.2: Pearson's Correlation Coefficient [51]
Where
and
are two variables,
and
are mean values of
and
respectively. The value of always lies between -1 to +1. A value close to +1
indicates strong linear relationship and a value of “r” close to -1 indicates weak or
negative relationship between the two variables. If a value is close to 0, it means there
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is no linear relationship however there could be non-linear relationship between the
variables.
Mean Absolute Error (MAE)
It averages the magnitude of all the individual errors without caring for their sign.
MAE treats all error sizes evenly according to their magnitude. It helps to measure
how close the predictions are to the actual outcome. The smaller the value the better
the model has performed

Equation 5.3: Mean absolute error [51]
Where “p” is predicted value and “a” is the actual value. We can see in the above
formula first it subtracts the predicted vale from the actual one and then calculates its
absolute value. After adding all it divides the sum on the total number of instances to
calculate the mean value.
Relative Absolute Error (RAE)
“Relative absolute errors total the absolute error with the same kind of
normalization. The errors are normalized by the error of the simple predictor that
predicts average value” [114].

Equation 5.4: Relative absolute Error [114]
Where “p” is predicted value, “a” is the actual value, “n” is the number of
observations and

=

.
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5.2

Experiments Results and Analysis
The algorithms shown in the table 5.1 were included in the experiments. As
discussed above, the experimentation has two outcomes one is to evaluate the machine
learning techniques and the other is to validate the human experts‟ opinion based
feature selection approach through the results of CFS based data set.
During the first experiment the selected machine learning (ML) techniques were
applied on the data set containing the correlation based features. The following results
shown in table 5.2 were recorded during the experiment:

Techniques
Linear Regression
SMOReg
Additive Regression
M5P
M5Rules
KStar
REPTree
Multilayer Perceptron
IBk
Decision Table

Correlation
Coefficient
0.911
0.9156
0.8915
0.7264
0.7166
0.6827
0.572
0.7967
0.6892
0.4149

Evaluation Criteria
Mean Absolute
Error (MAE) in
Relative Absolute
Minutes
Error (RAE) %
25.0534
43.63
25.3052
44.07
28.3473
49.37
35.8405
62.42
36.2154
63.07
36.4086
63.41
38.9719
67.87
39.7628
69.25
45.1556
78.64
50.1205
87.29

Table 5.2: Comparison among ML techniques on the CFS based data set
As discussed above that mean absolute error is an important measure for
evaluating the results of a machine learning techniques for surgery duration prediction.
It shows the averaged magnitude of errors between the actual and the prediction (MAE
is discussed in section 5.1). The table 5.2 depicts the results of different techniques in
ascending (MAE) order. In this experimental the linear regression algorithm over
performed with lowest MAE and RAE. The second best performed is SMOReg.
This work has formalized the opinion of the domain experts regarding the factors
to consider while estimating the surgery duration. Based on the majority agreement a
data set was constructed. That data set was included in the second set of the
experiments with the same machine learning algorithms and applications. The only
difference between the previous experimental setup and this one was the difference of
data set. Experiments were demonstrated and the following results were drawn:
Evaluation Criteria
Techniques
Linear regression
SMOReg
Additive Regression
M5P
M5Rules
REPTree
Multilayer Perceptron
IBK
KStar
Decision Table

Correlation
Coefficient
0.9424
0.9404
0.8863
0.7613
0.7593
0.5934
0.8323
0.6614
0.5707
0.5153

Mean Absolute
Error (MAE) in
Minutes
20.3144
20.5254
26.2125
34.2753
34.5229
36.9626
37.812
40.8837
42.7825
44.8577

Relative Absolute
Error (RAE) %
35.29
35.65
45.53
59.54
59.97
64.21
65.68
71.02
74.31
77.92

Table 5.3: Comparison among different techniques on the domain experts‟
opinion based data set
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The comparison‟s table 5.3 shows that linear regression has advantage in all the
performance measurement categories. It has a high correlation (0.9424), low mean
absolute error (20.3144) and low relative absolute error (35.2866 %). Among others,
SMOReg results stands very near to the linear regression. SMOReg and linear
regression have achieved more than 0.9 correlation coefficient. Multilayer perceptron
stands high on correlation than M5P but M5P has low relative absolute error than
multilayer perceptron. The third good candidate is additive regression.
The issue of proving our assumption about the better approach of feature selection
and best algorithm for model building can be easily proved with help of the above
experiments‟ results. Specifically in the case of surgery duration prediction, accuracy
can be measured by the difference or magnitude of difference between the actual
surgery duration and the prediction. Therefore MAE is a good measure for comparing
the magnitude of error between predictors. The following table lists the algorithms
results on both data sets in terms of MAE:

Techniques
Linear Regression
SMOReg
Additive Regression
M5P
M5Rules
REPTree
Multilayer Perceptron
IBk
KStar
Decision Table

CFS Based Data
set (MAE) in
Minutes
25.0534
25.3052
28.3473
35.8405
36.2154
38.9719
39.7628
45.1556
36.4086
50.1205

Domain Experts’ opinion
based data set (MAE) in
Minutes
20.3144
20.5254
26.2125
34.2753
34.5229
36.9626
37.812
40.8837
42.7825
44.8577

Table 5.4: Comparison of different techniques based on MAE on the data sets
As shown in the table 5.4, in this case most of the learning techniques performed
well on the domain experts‟ opinion based data set. The lazy learner (KStar)
comparatively performed well on the machine based selected features data set. Hence
it is proved that on the basis of the above results that domain experts are comparatively
good in selecting the relevant features. So a model build on the experts‟ opinion data
set will perform better than the model build on the correlation based feature selection.

Figure 5.1: Comparison of different techniques based on MAE on the data sets
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To select a model for future surgery duration prediction, the technique having
lowest mean absolute error (one from each data set) was selected. In this case linear
regression with 20.3144 MAE on the human domain experts‟ opinion based data set
and linear regression with 25.0534 MAE on the CFS based data set. The linear
regression has advantage in this specific case so linear regression on the human
expert‟s opinion based data set is a good candidate for model building.

5.3

Validity Threats

Validity is defined as “an indication of how well an assessment actually measures
what it is supposed to measure” [115]. In our study we discuss internal, external and
conclusion validity. We have designed our experiment in such a way that it reduces the
validity threat associated with it. The details of the threats are as follow.

5.3.1

Internal Validity

The ultimate goal of our experiment was to build a data mining model for
predicting CABG surgery duration. In order to build a reliable model, a careful
selection of relevant features was crucial. We conducted structured interviews with the
domain experts but this method was prone to potential internal validity threat. The
potential validity threat was that the features we selected with the help of domain
experts were really the features which could better contribute in predicting accurate
surgery duration. We tried to minimize this validity threat by using machine learning
based techniques for feature selection. These techniques statistically evaluated each
feature‟s correlation with the resultant output and selected the highly correlated
features. The data sets (domain experts‟ opinion based and CFS based) were included
in the experiments. Results of the two sets of experiments were compared for
investigating the validity of our features‟ selection approach. The results showed that
the features selected with help of domain‟s experts opinion were more worthy in terms
of better surgery duration prediction than the other method.

5.3.2

External Validity

External validity is concerned with generalization of experimental result, therefore
external validity threats are conditions that minimize the generalization of outcome of
a study [116]. Vetter and potter [116], discussed important characteristics that would
be considered for empirical studies (1) developed by group rather than individual; (2)
developed by professionals rather than student; (3) developed in an industrial
environment rather than an artificial setting. The problem investigated in this study i.e.
relevant feature selection meets all these requirements.
In this thesis, we have assumed that the data collected from two different
geographic locations usually consider or apply the same process for performing CABG
surgery. We have conducted structured interviews with domain experts from Sweden
and Pakistan for the identification and selection of features. Results from questionnaire
and interview were helpful in the prediction of features that can influence the CABG
surgery duration prediction. This will help in the getting the opinion from domain
experts two different region and majority of the feature selections from the domain
experts were complementing each other. The model is built based on these features
using machine learning techniques. This model will help design an intelligent system
that will facilitate the OR manager in making reliable estimation.
Despite our best efforts there are still validity threats to our study which need to be
addressed. In our experiment we have only included the record of elective surgeries.
There were only 83 instances retrieved from the data set. The size of the data set in our
work was very small; there is a need for experimentation on big data sets. It will make
the may increase the prediction quality and will also help to find out better features sub
set. The tool, Weka was use in our experiment for the feature selection and for model
construction. Using different tool may have effects the final result.
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5.3.3

Conclusion Validity

In our study conclusion validity refers to trustworthiness of results. In order to
obtain results from our experiment, we collected the real world historical data of
CABG from Blekinge Hospital, Karlskrona, Sweden that makes our results
trustworthy. Furthermore, it is to be noticed that we conducted structured interviews
with domain experts for selecting relevant features subset and validated this subset
with the help of machine learning algorithms.
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6

MACHINE LEARNING IN SURGERY DURATION
PREDICTION
Prediction of surgery duration using historical data is most accurate when the
historical cases with the same combination e.g. procedure type, medical staff (surgeon
and assistants) etc are averaged and these averaged values are used for the prediction
of new case duration [117]. Dexter F. et al. [11], have worked on Bayesian prediction
for surgery duration prediction. This is always accepted by researchers that the
predictions of new surgical durations based on the relevant historical data is an
effective way. In this thesis the authors have used the historical data for knowing the
possibility of machine learning techniques applicability in the area. The results of these
techniques were discussed in the previous chapter, which shows the possibility of
machine learning techniques‟ implementation in the area. As discussed, that mean
absolute error is a good indicator for evaluating the performance of surgery duration
prediction.
Dexter. F et al. [9], conducted a study in which they analyzed the actual and
estimated surgery durations and found that there was substantial bias between
scheduled and actual case durations. There was even larger imprecision between
scheduled and actual case durations, with a mean absolute error of 49 minutes per case
or 125 minutes for each 8 hours of used OR time. It is not a comparison of our results
but generally speaking that in [9], the surgeons‟ estimations absolute error was 49
minutes. In our study the machine learning has less mean absolute error i.e. the linear
regression (discussed in chapter 5 under heading „experiment results and conclusions‟)
with MAE 20.3144 minutes per surgical case. Based on this evidence a strong
assumption could be made that if machine learning techniques were used it could
improve the estimation accuracy. Therefore there is a need that how machine learning
techniques could be used to solve surgery estimation problem. The proceeding sections
are dedicated for discussing these issues and solutions.

6.1

The Proposed Model
Different machine learning techniques for predicting surgery duration were
discussed in the previous chapter. Two sets of experiments were demonstrated and
results were drawn that the linear regression is comparatively good than the other
techniques (included in the experiment). The next step is to generate a model through
best preformed technique using the training data set (the data set containing features
selected with the help of domain experts). This model may be used for future CABG
duration prediction. Surgery duration estimation can be improved using prediction
model [12]. According to Marinus et al. [12], prediction model can predict best OR
time by combining these factors i.e. surgeon‟s surgery time estimation and
characteristics of surgeons, operation and the patient.
The following is a regression model generated from the training data using linear
regression algorithm that predicts coronary artery bypass grafting duration:
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Equation 6.1: Linear regression model for CABG duration prediction
Framework for Utilizing Machine Learning Technique in Operating Room
Planning. The ultimate aim of this work is to present an approach to solve (at least
partly) the problem of surgery duration prediction. The proposed approach will not be
an alternate to surgeon‟s prediction but it will facilitate in estimating surgery duration.

Patient

Operating Room
Manager

Request for duration
prediction
Predicted duration

Surgeon

Operating Room
Schedule

Model based Decision
Support Tool

Figure 6.1: Proposed frame work for utilizing ML techniques in OR planning
The above framework demonstrates the possible application of machine learning
techniques for predicting surgery duration. It has been discussed earlier that the
proposed approach is not a substitute of human experts in the domain but it can be
used as a decision support tool for OR managers‟ facilitation [87].The proposed
framework is elaborated as:
Step 1: A patient (identified with need for surgery) has been examined by the
surgeon
Step 2: Based on the examination he/she makes an estimation of surgery duration
Step 3: the estimated duration and patient information is sent to OR manager
Step 4: OR manager use the decision support tool based on the proposed model
Step 5: Decision support tool returns surgery duration prediction
Step 6: OR manager compares the surgeon‟s prediction and the model based tool
prediction
Step 7: OR manager reserves time slot on the operating room schedule.
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6.2

Prediction Uncertainty
The proposed framework may suffer from prediction uncertainty. The framework
consists of two tiers of predictions i.e. the human expert and the machine prediction.
As we discussed, the tool may not be able to replace human experts but it may
facilitate through decision support. There is a reasonable possibility that both (surgeon
and machine) have different predictions on the same surgical case. If this situation
arises then both the machine and human prediction should be taken into account. It is
difficult to decide because there are evidence available in the operating room planning
literature that prediction of new cases duration based on historical data has more
accuracy [11][117].
During surgery duration estimation patient‟s personal properties, previous
surgeries, drugs intake and etc are considered. The influence of such factors brings
variability in the estimation of surgery duration. During construction of a data set for
model building it is usually not possible to have an ideal data which represents every
possible state of real world e.g. in surgical duration case: there are some surgeries
which are performed so frequent while others are very rare. According to [118], more
than 75% of surgeries are performed once or twice a year. It is very important to
consider this issue while proposing a model and also consider some alternatives to
cope with these uncertainties. In such situations [24][10] have concluded that the
cases with short predictable OR times should be performed before cases that are longer
or have large uncertainty in OR times. So in case of uncertainties regarding the new
surgical case i.e. surgeon‟s and machine prediction has a large difference then this
situation could be treated via sequencing e.g. the cases having small prediction
difference should be performed first and those having large difference should be
performed last. In this situation the surgeons and OR idle time could be reduced but
there is a possibility of OR over utilization or underutilization. This solution may
possibly solve the problem of OR and medical staff idle time, patient waiting time but
may create the problem of overutilization or underutilization.

37

7

CONCLUSION AND FUTURE WORK
The problem targeted in this thesis was to investigate the potential for using
machine learning techniques to predict CABG surgery duration. The work was started
with the assumption that if the OR manager could obtain a good estimate of surgery
duration, the problem of OR and medical staff idle time and patient waiting time could
be reduced, which would ultimately improve the OR planning.
This study has identified factors that can help in the coronary artery bypass graft
(CABG) surgery duration estimation. These factors may then be used to estimate the
duration of future CABG surgical cases. Results derived from the above demonstrated
experiments, we have shown that patterns exist in the relationship between surgery
duration and a number of available patient related features. Consequently, machine
learning techniques could be used to predict surgery duration. Based on this idea, a
model was built using the best performed machine learning technique (Linear
regression).
For this specific case we may conclude that the features selected with the help of
the domain experts‟ opinion have performed better than the features selected with the
help of machine learning based techniques i.e. Correlation based feature Selection.
Based on the experimental results we have presented a framework for possible
implementation of a machine learning-based decision support tool. Observe that this
tool is not proposed as an alternate to human experts but it may be used as decision
support for facilitation in predicting surgery duration. Some researchers have presented
evidence that surgery duration prediction based on historical data may be more correct
than the surgeons‟ own prediction. However, duration estimation based on the
historical data cannot be totally relied upon. Therefore we have presented a framework
that includes both human and machine prediction. It has some merits and demerits.
Merits are e.g. it will provide a double check on the prediction made by the surgeon. If
both (surgeon and machine) estimates the same duration for a surgery then it means
that the estimation is more reliable and correct. The proposed framework may also
have drawbacks e.g. it may create an uncertain situation if a surgeon and machine
reaches to different conclusions and the difference is very large. In past researchers
have addressed issues of the uncertainty in surgery duration and they have proposed
that the surgeries for which there are less prediction difference (between surgeon and
statistical techniques) should be treated first and those with large difference should be
performed last [11].
The proposed solution may possibly solve the problem of OR, medical staff idle
time and patient waiting time but may cause some other issues e.g. overutilization and
underutilization. For example, when the OR manager reserves a time slot according to
the maximum predicted time and the surgery is performed in the minimum predicted
time, in this case the OR remains idle till next scheduled surgery. If a slot is reserved
based on the minimum predicated time and the surgery prolongs then other surgeries
will be delayed.
This research has identified several areas which could be further explored for
contributing to the solution of this problem. There is a need for development of a
computer software system based on the proposed model that should be further tested
and validated in a real-world setting.
The issues related to uncertainties in the surgery duration prediction should be
further explored. Computer based simulation should be performed that if in case two
predictors have difference in prediction what should be the best case sequencing
strategy to reduce the possible OR underutilization and overutilization.
We have selected the features subset using the CFS with best first search in
backward direction but there is a need to apply more feature selection techniques on
large data sets which may help in identifying more relevant features that will
ultimately increase prediction performance.
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APPENDIX

9.1

Table of acronyms
CABG
WEKA
RQ
CV
SML
COPD
BMI
OR
CAD
OT
OPD
ML
SML
NYHA
ECC
CFS
PRESS
MLP
SVR
SVM
REP
MAE
RAE
PIMS

Coronary Artery Bypass Grafting
Environment for Knowledge Analysis
Research Question
Cross Validation
Supervise Machine Learning
Chronic Obstructive Pulmonary Disease
Body Mass Index
Operating Room
Coronary Artery Disease
Operation Theater
Outpatient Department
Machine Learning
Supervised Machine Learning
New York Heart Association Assessment
Classification
Extra Corporal Circulation
Correlation Based Feature Selection
Predictive Residual Sum of Square
Multilayer Perceptron
Support Vector Regression
Support Vector Machine
Reduced Error Pruning
Mean Absolute Error
Relative Absolute Error
Pakistan Institute of Medical Sciences
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9.2

Structured Interview Schedule for feature selection
The role of Machine Learning in Predicting CABG Surgery Duration

Note: This structured interview aims to identify the most relevant features which can cause
delay in surgery duration (by surgery duration the authors mean knife time). You are given
the choice to select one or more than one in each category, if you do not agree with any of
them please choose “None of them”. Those features should be selected which have more
influence in delay of surgery duration. Your contribution is very valuable and we are very
thankful for your cooperation and help.
Date………………
Name (optional)………………………..……. Specialised field………………………
Designation ………………………………….. Professional Experience ……………

Q1. Which of the following personal properties can cause surgery duration delay?
1. Age
2. Weight
3. Height
4. BMI (Body Mass Index)
5. Obesity (BSA – body surface area)
6. None of them
Q2. Which of the following laboratory can lead to possible delays in surgery duration?
1. B-Hemoglobin
2. P- Creatinine
3. None of them
Q3. Which of the followings Risk factors can be cause (s) for delay in surgery duration?
1. Heredity
2. Hypertension
3. Hyperlipidemia
4. Smoking
5. Diabetes
6. Chronic obstructive pulmonary disease
7. Dialysis
8. Cerebral Vascular disease
9. Neurological dysfunction
10. Carotisstenosis/plaque
11. Other arterial disease
12. Previous vascular surgery
13. None of them
Q4. Which of the following Cardiac diseases if exist in a patient can lead to delay in
surgery duration?
1.
2.
3.
4.
5.
6.

Angina
Vessel disease
Left main stenosis
NYHA (New York Heart Association Assessment) classification
Previous Myocardial infarction
Congestive heart failure
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7. Endocarditis
8. None of them
Q5. Which of the Drugs preoperative can cause the delay?
1.
2.
3.
4.
5.
6.
7.

Nitroglycerin
Platelet inhibitors
Anticoagulants
Inotropi
Steroids
Thrombolysis
None of them

Q6. Which of the following risks can also cause the delay of surgery duration?
1. Acute operation (Euroscore)
2. Which Euroscore
3. Other operation than CABG
4. Surgery on thoracic aorta
5. Critical preoperative condition
6. Post infarct VSD
7. None of them
Q7. Which of the following previous conditions can cause delay in surgery duration?
1.
2.
3.
4.
5.
6.
7.
8.
9.

Ultrasound of heart - EF
Ultrasound of heart - Movement
Previous cardiac surgery with extra corporal circulation
Previous cardiac surgery without extra corporal circulation
Previous CABG
Previous valve replacement
Other cardiac surgery
Previous PCI
None of the above
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