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ABSTRACT

The goal of this master’s thesis is to identify and
evaluate data mining algorithms which are commonly
implemented in modern Medical Decision Support
Systems (MDSS). They are used in various healthcare
units all over the world. These institutions store large
amounts of medical data. This data may contain
relevant medical information hidden in various patterns
buried among the records.
Within the research several popular MDSS’s are
analyzed in order to determine the most common data
mining algorithms utilized by them. Three algorithms
have been identified: Naïve Bayes, Multilayer
Perceptron and C4.5. Prior to the very analyses the
algorithms are calibrated. Several testing configurations
are tested in order to determine the best setting for the
algorithms. Afterwards, an ultimate comparison of the
algorithms orders them with respect to their
performance. The evaluation is based on a set of
performance metrics. The analyses are conducted in
WEKA on five UCI medical datasets: breast cancer,
hepatitis, heart disease, dermatology disease, diabetes.
The analyses have shown that it is very difficult to
name a single data mining algorithm to be the most
suitable for the medical data. The results gained for the
algorithms were very similar. However, the final
evaluation of the outcomes allowed singling out the
Naïve Bayes to be the best classifier for the given
domain. It was followed by the Multilayer Perceptron
and the C4.5.
Keywords: Naïve Bayes, Multilayer Perceptron, C4.5,
medical data mining, medical decision support
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1

INTRODUCTION

1.1

Focus area and motivation

Modern health centers comprise not only doctors, patients and medical staff but also various
processes, including the patient’s treatment. In recent years modern systems and techniques have
been introduced in health-care institutions to facilitate their operations [25]. A huge amount of
medical records are stored in databases and data warehouses. Such databases and applications
differ from one another. The basic ones store only primary information about patients such as
name, age, address, blood type, etc. The more advanced ones let the medical staff record patients'
visits and store detailed information concerning their health condition. Some systems also
facilitate patients' registration, units' finances and scheduling of visits. Recently a new type of a
medical system has emerged [24], [25]: medical decision support system. It originates in the
business intelligence and is to support medical decisions. The data which is stored in such a
system may contain valuable knowledge hidden in medical records [10]. Appropriate processing
of this information has potential of enriching every medical unit by providing it with experience
of many specialists who contributed their knowledge to building the system.
The situation described above is the reason for a close collaboration between computer
scientists and medical staff [63], [67]. It aims at development of the most suitable method of data
processing which would enable discovering nontrivial rules and dependencies in data. The results
may improve the process of diagnosing and treatment as well as reduce the risk of a medical
mistake or the time of a diagnosis delivery. This may turn out to be critical especially in
emergency incidents. The research area which seeks for methods of knowledge extraction from
data is called knowledge discovery or data mining [71]. It utilizes various data mining algorithms
to analyze databases.
This research aims at identifying and evaluating the most common data mining algorithms
implemented in modern Medical Decision Support Systems (MDSS’s) [23]. Evaluation of various
data mining methods has been already presented in a number of research papers [30], [38], [14],
[27]. However, they focus on a small number of medical datasets [30],[38], the algorithms used
are not calibrated (tested only on one parameters’ settings) [38] or the algorithms compared are
not common in the MDSS’s [14]. Also, even though a large number of methods have been taken
into consideration they were assessed with the use of different metrics on different datasets [30],
[38], [14], [27]. This makes the collective evaluation of the algorithms impossible. This thesis
compares and contrasts three the most common data mining algorithms (determined after an indepth literature study) which are implemented in modern MDSS’s. The analyses of particular
algorithms are conducted under the same conditions.

1.2

Aim and objectives of the master’s thesis

The aim of the thesis is to evaluate three selected data mining algorithms, which are
commonly implemented in the modern MDSS’s, with regard to their performance. The evaluation
is performed on five medical data sets obtained from the UCI Repository [47].
In order to reach the main goal of the research the following objectives are to be fulfilled:
• Analysis of the uniqueness of medical data mining.
• Overview of Medical Decision Support Systems currently used in medicine.
• Identification and selection of the most common data mining algorithms
implemented in the modern MDSS.
7

•

Evaluation of the selected algorithms (for alternative parameters settings) on several
real-world publicly available datasets to determine their performance.

The credibility of the analyses is assured by the fact that they are conducted on datasets from
real sources: hospitals, clinics and other health-care institutions from all over the world.

1.3

Research questions

The main research question of this study is:
Research Question 1 (RQ1)
Which data mining algorithms implemented in popular medical decision support systems give the
most accurate results in supporting medical diagnosis?
In order to answer the main question, the following sub-questions should be considered:
 Research Question 2 (RQ2)
What is peculiar about medical data mining?
 Research Question 3 (RQ3)
What medical decision support systems are currently used in medicine?
 Research Question 4 (RQ4)
Which data mining algorithms are used in medical decision support systems identified in RQ3?

1.4

Methodology

According to Creswell [16] there are three types of research: quantitative, qualitative and
mixed. Following this categorization this research can be classified as a qualitative one. This is
because the analyses are focused on the qualitative aspects of medical data mining. This means
that the performance of the data mining algorithms is the driver of the evaluation.
There are also other categorizations of research: for instance Dawson in [18] describes an
evaluation project, i.e. a study which involves evaluation. Thus the research conducted within this
thesis can be classified as such.
To conduct the master’s thesis a comprehensive literature review is done. Afterwards, the
uniqueness of medical data mining is analyzed. Next, an overview of existing medical decision
support system is conducted and the most common data mining algorithms are identified. Finally,
the evaluation of the performance of the selected algorithms is conducted. The work flow of the
master’s thesis is presented in the Table 1.1.
The expected outcome of the thesis is the evaluation of several data mining algorithms
commonly implemented in modern medical decision support systems.

8

Table 1.1 Master's thesis work flow
Research
Question

Work flow

RQ2

Research
methodology
Literature
survey

RQ3
Analysis

RQ4

RQ1
Experiment

1.5

Definitions

1.5.1

Data Mining Process

The data mining is defined as identifying “valid, novel, potentially useful, and ultimately
understandable patterns in data” [26]. In order to uncover these regularities several techniques can
be used. For instance machine learning, statistical analysis, modeling techniques, database
technology or human computer interaction [26]. These data mining methods originate in the AI
(artificial intelligence) and the machine learning [2].
Although the data mining is a quite young discipline (about 25 years old) it is popular due to
successful applications in telecommunication, marketing and tourism [65]. In recent years the
usefulness of the methods has been proven also in medicine [23]. Data mining aims at describing
specific patterns (dependencies, interrelations, various regularities) which may be present in data.
These patterns, discovered in historical data, may be used to support future decisions concerning
diagnosing of new cases [65]. Such knowledge may also have an enormous value for decision
making in treatment planning, risk analysis and other predictions.
Prior to the mining process it is essential to gain sufficient amount of data [43]. This may
require integrating data from multiple heterogeneous information sources and transforming it into
a form specific to a target decision support application [68]. Afterwards the data has to be
prepared for knowledge extraction (e.g. by selecting proper records and attributes). The next step
comprises induction of rules which may be supportive in the diagnosing. The Figure 1.1 shows
the process of discovering knowledge from medical data.
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Records and
attributes
chosen for
analysis
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rules and
dependencies

Database

Supporting
medical decision

Verification of system
decision based on
expertise knowledge

Medical Decision Support System

Figure 1.1 Process of discovering knowledge in a medical DSS

The data mining process may be complex and can be divided into the following steps (Figure
1.2):
• Domain analysis and data understanding
• Data selection
• Data analysis and preprocessing
• Data reduction and transformation
• Important attributes selection
• Reduction of the number of dimensions
• Normalization
• Aggregation
• Selection of data mining method
• Data mining process
• Visualization
• Evaluation
• Knowledge utilization and evaluation of the results to an appropriate target.

Figure 1.2 Data mining process with interdependences

The master’s thesis focuses on the fifth (Figure 1.2) – the selection of data mining methods.
This selection is based on an in-depth analysis of the methods’ performance measured with the
use of several metrics, like ROC curves, true/false positive/negative rates, F-measure, recall,
precision and others. They are described in the Chapter 7.
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1.5.2

Diagnosing vs. Data Mining

It is very difficult to measure the state of human health. There are many dependencies among
symptoms, lifestyle or even weather and atmospheric pressure. Many of the attributes are too
complex to be measured (for example strength of pain or level of bad mood).
A diagnosis has been defined in [12]. In the article K. J. Cios and G. W. Moore introduce a
distinction between medical test and medical diagnoses.
Definition 1
“A test is one of many values used to characterize the medical condition of a patient”[12].
Definition 2
“A diagnosis is the synthesis of many tests and observations, which describes a
pathophysiologic process in that patient” [12].
A diagnosis is always based on symptoms identified in a patient’s body. During an
appointment in a health centre these symptoms are analyzed by a physician in order to deliver a
diagnosis. There are four possible situations during this process [12]. First is the case when
basing on the symptoms the patient (an instance) is correctly diagnosed (classified) as ill (True
Positive, TP). The other case is called True Negative (TN) when basing on symptoms the instance
is correctly classified as healthy. These two situations are desired because they deliver correct
predictions. On the other hand there are situations when an ill patient is diagnosed as healthy
(False Negative, FN). Conversely, a healthy patient can be classified as ill (False Positive, FP).
These four situations have been presented in the Table 1.2. This concerns only two-class (binary)
problems: sick-healthy, deceased-alive, etc. In real world this may not always apply. Often a
physician has to decide which of many diseases a patient suffers from. The situation can get even
more complicated if the patient suffers from more illnesses at once.
Table 1.2 Different outcomes of a two-class problem
The figure has been based on Cios K., Moore G., Uniqueness of Medical Data Mining. Artificial
Intelligence in Medicine, 2002, vol. 26, 1-24
.

Actual class

Predicted class
Yes

No

Yes

True Positive (TP)

False Negative (FN)

No

False Positive (TP)

True Negative (TN)

The costs of FP and FN differ especially in medicine. When an ill patient is classified as
healthy she would not undergo treatment. This may have unpredictable effects, including
deterioration of the illness or even death. On the contrary, when a healthy patient is classified as
ill she would be treated in a wrong, inadequate way. This may cause health problems. Thus it is
important to reflect the real-world diagnosing process in the data mining in the most appropriate
way.

1.6

Outline

The structure of the document is as follows:
• The Chapter 1 provides an introduction to the area of research of this master’s thesis.
• The Chapter 2 presents scientific literature on topic. It gives a general overview of the
problem and proposed up-to-date solutions.
• The Chapter 3 focuses on uniqueness of the medical data. It is essential to understand
11
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that medical databases should be treated in a specific way because of their nature. The
chapter delivers reasons for this fact by discussing heterogeneity, confidentiality and
other issues concerning of medical data.
Subsequently, in the Chapter 4 there are medical support systems presented with respect
to solutions and data mining methods that they make use of. This chapter is very
important because it shows which algorithms are useful in case of medical records. The
methods that are distinguished during this phase are taken into consideration and used in
the further analyses. Furthermore, the steps of diagnostic process in Medical Decision
Support Systems (MDSS’s) are presented. This helps the reader to situate a decision
supporting component of the system in the diagnostic process. Moreover, on the basis of
the overview of several systems of this kind, the chapter concludes with a list of benefits
of usage of such systems.
In the Chapter 5 data mining algorithms, which are useful in medicine, are described.
Examples are: C4.5 and Naïve Bayes.
In the next, Chapter 6, the training datasets are described. It presents the sources of the
data, the attributes that are taken into consideration and methods of data preprocessing
before the analyses.
The Chapter 7 describes the methods of evaluation of the effectiveness and the accuracy
of the data mining methods. The measures taken into consideration are also presented.
The Chapter 8 presents the WEKA, an analytical environment. The details of the
implementation of each of the data mining algorithms are also presented.
In the Chapter 9 the results of the analyses of the medical records are described. This
chapter presents the effectiveness of the data mining methods that have been tested.
Basing on the outcomes of the analyses a ranking list of the methods is created.
Last but most important, is the Chapter 10 where answers to the research questions and
conclusions are drawn summarizing the results of the research.

2

RELATED WORK

2.1

Applications of data mining methods for medical
diagnosis

During an appointment in a health-care unit a physician evaluates a patient’s condition.
Symptoms are the basis for a diagnosis. This information may be stored either in a medical unit’s
system or in patient’s files. This data may contain nontrivial dependencies [71], which may turn
out to be valuable. There are many methods and algorithms used to mine data for hidden
information. They include: artificial neural networks, decision trees, association rules and Naïve
Bayes, support vector machines, clusterization, logistic regression to name just a few.
Studying the literature it turns out that the most frequent choices for the Medical Decision
Support Systems are the decisions trees (C4.5 algorithm), Multilayer Perceptron and the Naïve
Bayes [27], [59], [69]. These algorithms are very useful in medicine because they can decrease
the time spent for processing symptoms and producing diagnoses, making them more precise at
the same time [27], [59], [69]. Despite their popularity no scientific paper has been found which
would compare the three of them under the same conditions. Also, many of the research assessed
the algorithms on a narrow set of medical databases (no more than three) [30],[38]. Furthermore
the metrics used varied from one paper to another what makes the comparison of the algorithms’
performance impossible [14], [29] ,[30], [38]. This thesis aims at filling in this gap in the body of
knowledge.
The authors of [15], [22] and [50] work on medical rules induction. The article [15] presents a
study on unsupervised fuzzy clustering algorithms and rule based systems, which are useful in
labeling of tomography images. The presented methods turn out to be computationally efficient
for one class of problems, what was proven by the results of the studies. However in other
applications their effectiveness is much lower. In some applications the generated rules are
claimed to be easy to construct and modify. Furthermore, their independency allows for changing
one rule not affecting the others.
In the paper [22] the rules extraction is achieved with the use of a Multilayer Perceptron. The
authors propose an algorithm C-MLP2LN. It generates additional nodes, deletes the connections
among them, and optimizes the rules. Such solution leads to simpler and more accurate rules. The
authors of [50] present a study on generation of rules which describe associations among
attributes. The experiments are conducted on real medical data and their correctness is verified
with the use of statistical measures and physicians evaluations. This article presents an analysis of
real data from St. Thomas’ Hospital in London. It also provides a description of all the steps
performed: from preprocessing, through data mining experiments to verification of accuracy of
the results.
Another way to classify instances is with the use of an artificial neural network. The article
[14] introduces artificial neural networks with backpropagation for classification of heart disease
cases. This solution is implemented in a medical system to support the classification of the
Doppler signals in cardiology. The predictions yielded by the method were more accurate than
similar presented in [67]. The authors of the article [70] claim that Multilayer Perceptron is one of
the most frequently employed neural network algorithms in modern MDSS’s. They discuss
applications of this algorithm to classification of different cancers (hepatic, lung and breast
cancers) and other diseases. The popularity of the algorithm is the reason for choosing it for the
evaluation within the thesis.
A common problem with datasets results from their small cardinality [43]. Studies describing
ways to overcome this problem in case of medical data has been presented in [4]. The authors
make use of an artificial neural network. The experiment revealed poor performance of the
method which yielded low-accuracy models. After the method has been improved by enhancing
13

the perceptron the authors managed to achieve much better results. Another interesting study has
been described in [29] where two different neural network techniques are presented. NeuroRule
and NeuroLinear are applied to diagnosis of hepatobiliary disorders. The neural networks’ major
disadvantage is complexity [29], which makes classification process difficult to interpret.
Nevertheless, the authors prove that they produce effective classifications in case of medical data.
The medical application of neural networks is also presented in [17], [57] and [74]. This is the
reason why this method may turn out to be helpful in supporting medical diagnoses.
Besides the neural network also decision trees are utilized in medical knowledge extraction
[23], [69]. Their main advantage is simplicity and easy-to-comprehend structure of generated
models [71]. There exist several algorithms which generate trees. Vlahou et al. [69] and Duch et
al. [23] have applied decision trees classification for diagnosis of an ovarian cancer and a
Melanoma skin cancer, respectively. The decision trees prove to be applicable also in other fields
of medicine. The authors of [32] compare the accuracy of the method with a Bayesian network in
diagnosis of female urinary incontinence. The obtained classifications were better in case of the
decision tree, however the difference was small.
An application of Bayes’ law in medical analyses was first proposed in 1959 [27] in an article
about theoretical possibilities of applying this solution in physicians’ everyday work. This idea
was realized in 1972 by an implementation of a medical system to support diagnosing abdominal
pain. The system used the Naïve Bayes algorithm. This classifier assumes that all attributes are
independent. Throughout many years, scientists in collaboration with medical staff have tried to
develop suitable diagnosis system with the use of the Bayesian theorem. Several studies on this
problem are presented in [59] and [63]. The requirement of the attributes to be independent was
regarded as a problem. The in-depth analyses of this classification method have shown that this
requirement is not essential for correct classifications. Simplicity, learning speed and
classification speed are the main advantages of the Bayesian classifier [21]. On the other hand
one of the most serious drawbacks is its ad-hoc restrictions placed on the graph. They make the
classifications hard to understand [27]. This is the reason why the method has to be implemented
in medicine with care as diagnoses have to be thoroughly understandable. The present studies
described in the master’s thesis verify the effectiveness of the Naïve Bayes classifier in case of
medical data taking the above problem into consideration.

2.2

Methods of evaluation of effectiveness and accuracy of
data mining methods

Nowadays scientists devote much time and effort to empirical studies which aim at
determining performance of data mining solutions. Some methods may yield better results for one
type of problems while others may be suitable for different ones. That is why it is important to
find pros and cons of each of them. This may help to avoid making a mistake resulting from
application of an unsuitable algorithm. The systems which implement data mining solutions may
be usable in miscellaneous areas of life, such as: banking, medicine or telecommunication, to
name just a few. Such systems are expected to support decision making in a very reliable way.
Any mistake may cause irreversible consequences or even lead to someone’s death (as it may be
the case in medical systems).
While estimating the performance of a method one can come across different problems like:
limited sample of data, difficulty in evaluating hypothesis’s performance for unseen instances and
finally how to use an available dataset both for training and testing. It is important to realize that
there are two issues that need to be considered when estimating performance of an algorithm: bias
and variance of an estimate [43]. The statistical comparison of the methods is based on a sample
error [43]. The true error errorD(h) is estimated with the use of the sample error errorS(h), where
h is the hypothesis, D is a probability distribution and S is the sample data set. The accuracy of
the estimation is often represented by means of confidence intervals [43].
To compare various data mining solutions different notions from statistics and sampling
theory are utilized [43]. The most popular include: the probability distributions, expected values,
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variances and one- or two-sided intervals. The other important measure of method’s performance
is variance of a random variable that is based on an expected value.
The problem of statistical estimation of algorithm’s performance is frequently brought up in
professional literature. The authors of [6] discuss the difficulties that accompany comparative
classification studies. They attempt to find a solution of how to choose the best machine learning
method to reduce the bias while classifying different types of cancer. The statistical comparisons
of various classifiers of multiclass data are conducted. The authors of [39] and [55] decided to use
k-fold cross-validation [39] and repeated random sampling [55].
Mitchell in [43] claims that it is important to consider confidence intervals especially
comparing small datasets like for instance microarray or other biological data. He also says that
differentiation of data processing and sampling strategy may cause discrepancy in understanding
of classifications. It is difficult to objectively assess results obtained in different studies. This
results from various pre-processing techniques, sampling strategies or learning methods that are
applied prior to the actual analyses. This can make a comparison difficult. Finally, yet
importantly, inadequate testing strategy also leads to false conclusions about selected methods
[43]. This thesis evaluates data mining algorithms under the same conditions on the same
databases. This is to enable comparison of the algorithms.
For assessing learning method’s performance, various strategies are selected [6]: leave-oneout cross-validation (LOOCV), k-fold cross-validation [39], repeated random subsampling
(repeated hold-out method) and bootstrapping [55]. The authors of the papers reckon that k-fold
cross-validation in small-sample datasets (less than 100) is very useful. Furthermore, in the
authors’ opinion the derived intervals may be too narrow if they are based on a textbook formula
that has not got continuity correlation. Their advice is to balance class distribution and to
carefully consider performance measures.
In [5] the authors utilize statistical tests to measure performance of a decision tree. The
chosen method is the k-fold cross-validation. Two types of tests were conducted: 10-fold crossvalidation and 5x2-cross-validation to compare different trees creation techniques: boosting,
random forests, randomized trees and bagging. Comparing two data mining solutions it must be
ensured that there are identical strategies, training and test sets for each classifier used [5]. This
thesis follows this notion evaluating the algorithms under identical conditions on several
databases.
While comparing solutions it is crucial to consider also costs of misclassifications. Making a
correct decision is very important, thus the costs should be calculated [71]. One way to show the
errors of classification is to introduce a confusion matrix [71]. Such a matrix, for a Boolean
problem, consists of four fields (numbers): true positives, true negatives, false positive and false
negative (Table 1.2). They all show the dependencies between the actual classes of instances and
those delivered by a model. In other words these numbers show the distribution of classification
with respect to each of the classes. Basing on these values the overall success rate can be
calculated. This method may be improved by introducing Kappa statistic that is a measure of
agreement between predicted and observed classifications. However, it neglects the costs. It is
necessary to compute cost-sensitive classifications [71]. It may happen (and usually does) that the
costs of a false positive and a false negative differ from each other. The medical diagnosis serves
as a good example of such a situation. Wrongly treating a healthy patient as a sick one (false
positive) has completely different consequences than trivializing the symptoms and taking a sick
patient as a healthy one (false negative). The other approach to the costs of the classification is to
consider cost-sensitive learning [71]. Here the costs are taken into consideration during the
training process, on the contrary to the cost-sensitive classification.
Besides the classification matrix there are other techniques of evaluation of performance of
data mining methods. Various analyses may be presented with the use of lift charts [71] which are
often applied for instance in marketing [7]. The comparison of different machine learning
solutions may also be done with the use of the ROC (Receiver Operating Characteristic) curves
that are a graphical method for evaluating classifiers [71]. Based on the ROC curves and lifts
charts it is possible to introduce two parameters: recall and precision. They are commonly used in
information retrieval [71]. The recall is understood as a number of retrieved relevant documents
to the total number of relevant documents. Precision is defined similarly however; the total
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number of documents that are retrieved divides the number of documents retrieved that are
relevant.
The author of [19] applies the ROC curves to evaluation of performance of a data mining
model. The model was used to predict the cases of the corpus luteum deficiency in women with
recurrent miscarriage. The classification tended to yield a significant number of false-positive and
false-negative diagnoses in the experiment. The ROC curves turned out to be valuable in
comparing two or more data mining methods.
The [73] describes the ROC curves as a metric that measures the method’s performance in a
more generic way than the error rate. The authors prove that it is possible to obtain very little bias
even for small-sample estimates. The AUC (Area Under the Curve) has been proven to be a good
evaluator of the methods’ performance.
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3

PECULIARITY OF MEDICAL DATA

This chapter focuses on describing the unique nature of medical data. Medical records often
encompass information concerning patient’s age, diseases they suffer or suffered from, whether
they smoke cigarettes or not, etc. Prior to a launch of a medical examination these values have to
be known [12]. Information about blood pressure fluctuations, pain, fever, etc. is referred to as
symptoms in this paper. They are the basis for a diagnosis. Often it may be the case that in order
to discover all the symptoms it is necessary for a patient to undergo some additional tests.
The following sections have been devoted to the description of the nature of the medical data.

3.1

Different types of medical data

Medical information may come from various sources. They include interviews with patients,
medical images, ECG, EEG and RTG signals and other screening results. The symptoms gathered
are used to produce diagnoses which are also stored in patients’ files. The constant progress of the
medicine entails an increase of size of medical databases [12]. Some of the types of medical data
are presented in the Table 3.1.
Table 3.1 Different types of medical data

EEG

RTG

ECG

Text
Large bowel adenocarcinoma,
metastatic to liver [21]

In the past, the dominant form of storing medical data were paper-based files. Nowadays,
such a means would not be sufficient for the increasing amount of data. That is why the digital
databases have been introduced and are still improved [12]. The benefits from using them include
storing the data in a more structured way. This increases the quality of the data [12] as the digital
systems are capable of controlling the data while feeding it into a database. Both symptoms and
diagnoses are entered in a concise form. This may turn out crucial during the data mining.

3.2

Doctor's interpretations

An important aspect of medicine is a physician's interpretation of screening results [12]. It
may happen that the same set of symptoms and diagnoses is interpreted differently by different
doctors. Furthermore, physicians often tend to use different words and expressions to express the
same thing. It is essential to highlight this problem because it may deform outcomes of the data
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mining algorithms. Detailed information about this problem is presented in the following paper:.
J. Cios and G. W. Moore, 2002 [12]. They write about machine translations from a natural
language to a structured, canonical form. They notice a very interesting dependency: such
translation is possible in case of sentences not longer than 10 words.

3.3

Nature of medical data

The medical data is very specific [12]. To mine medical data all information should be
converted into numeric values. The methods for this task are described in medical textbooks [1]
and are beyond the scope of this work. The specificity of the medical data lies in the fact that the
attributes’ (symptoms’) values usually come from certain ranges.
Usually the information about medical appointment is gathered in decision tables. An
example of a decision table applicable in medical treatment support is presented in the Table 3.2
[2]. There are two types of attributes: conditional and decisional. The first of them, the set S =
{s1,s2,...,sI}, represents symptoms, the second, the set D={d1,d2,...,dK}, represents the diseases. Let
P = {p1,p2,...,pN} be the set of patients. Then the decision table is defined as the following
quadruple:
T = (P, S, D, ρ)
(4.1)
where ρ is a function
ρ: P × {S∪D} → {wdk}
(4.2)
The values of symptoms are marked with the symbol vi,n (Table 3.2), which denotes a
symptom’s value for i-th symptom and n-th patient. The values of diseases are marked with the
wk,dk for k-th disease and dk-th value. The values vi,n are usually binary [2], where 1 denotes
occurrence of the symptom and 0 – lack of occurrence. Very often medical data is positive-valued
[2]. Seldom are the values of the symptoms negative (however it may happen in case of medical
signals, like ECG). Furthermore, values of symptoms usually belong to a definite range (for
instance resting blood pressure is no lower than 30 and no higher than 300 [53]).
Table 3.2 Medical decision table

Patient
p1
p2
.
.
.

s1
v1,1
v1,2
.
.
.

s2
v2,1
v2,2
.
.
.

…

.
.
.

sI
vI,1
vI,2
.
.
.

d1
w1,1
w1,2
.
.
.

d2
w2,1
w2,2
.
.
.

…

.
.
.

dK
wK,1
wK,2
.
.
.

It is essential to take the nature of medical records into consideration during mining the data
for hidden knowledge. Its heterogeneity constitutes a challenge to the data mining algorithms
[12].
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4

MEDICAL DECISION SUPPORT SYSTEMS

4.1

Diagnosing process vs. decision making

The structure of the diagnosing process may seem intuitive and easy to understand. However,
it is the very diagnosis what may make it complex. The input for the medical diagnoses are
symptoms [71]. After processing them the process produces an output which classifies a patient
either as having a disease or as belonging to a certain risk group.
Symptoms

Knowledge
base

Diagnoses

Figure 4.1 Process of medical diagnosing

During an appointment a physician decides about patient’s treatment. The process of decision
making is shown by the authors of [44] (Figure 4.2). They claim that this process is continuous
and strongly connected with the following phases: intelligence, design, choice and
implementation. The reality in which the process is settled constantly changes and a decision
maker should take this fact into consideration. This is why after each phase the decisions have to
be reviewed. They propose a consensus while developing different methodologies of designing a
decision support system.

Figure 4.2 Decision making process
The figure has been based on: Alter, S.L. Decision Support System: Current Practice and Continuing
Challenge, Addisson-Wesley, 1980

4.2

Description of Decision Support Systems

The scientific literature [3], [66] and [31] gives several definitions of a Decision Support
System (DSS). All of them, however, emphasize the fact that a DSS is a computerized system
which assists in a decision making process. The decision, in turn, is the choice between several
alternatives. It should be done after estimating each of the decision values. The support of such a
system relies on assisting the human by automatically generating alternatives and suggesting the
best choice. The support is strongly connected with three parts of the support process:
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• alternatives estimation
• alternatives evaluation
• alternatives comparison
All these steps are realized with the help of computer applications. In [66] the role of a DSS
is specified as follows: "an interactive, flexible, and adaptable computer-based information
system, especially developed for supporting the solution of a non-structured management
problem for improved decision making. It utilizes data, provides an easy-to-use interface, and
allows for the decision maker's own insights." The taxonomies of DSS’s are presented in a variety
of ways. In the master’s thesis there is Power’s differentiation used [66] which divides DSS’s int
five groups:
• communication-driven DSS – helps in a group task by supporting communication among
workers;
• data-driven DSS – concentrates on the access and manipulation of both the internal and
external data;
• document-driven DSS – applies to unstructured information that is managed, retrieved
and manipulated with the use of the system into a variety of electronic formats;
• knowledge-driven DSS – specialized in solving problems basing on facts, rules or similar
constructions;
• model-driven DSS – puts emphasis on simulation, financial support and optimization
tools that are based on statistical solutions.
All the decision support systems mentioned above may be helpful in various fields of
everyday life. In the recent years one can notice an increased interest in the usage of knowledgedriven DSS’s in medicine [25].
The aim of the knowledge-driven DSS is to facilitate the structuring of a problem, its
evaluation and finally the selection of the decision from among various alternatives. They are
specialized in uncovering nontrivial relationships in data from large long-term databases. In order
to understand what processes are performed in such a system it is essential to know its
architecture (Figure 4.3). It consists of three main parts: an input component, a processing
component and an output component [44]. The vital element of the system is a Decision Maker
which utilizes computer technology to access domain knowledge. The user has control over
outcomes of the system which is useful in preparing decision alternatives. They are then
evaluated and the most preferable one is chosen. This way new knowledge is created which can
be used as an additional input to the system in the future.

Figure 4.3 Knowledge based DSS
The figure has been based on: Mora M., Forgionne G.A. and Jupta J., Decision Making Support
Systems: achievements, trends and challenges for the next decade. Idea-Group: Hershey, P.A, 2002.
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4.3

Characteristics of Medical Decision Support Systems

The Medical DSS’s are the type of computer programs that assist physicians and medical
staff in medical decision making tasks [13]. Most of the medical decision support systems
(MDSS’s) are equipped with diagnostic assistance module, therapy critiquing and planning
module, medications prescribing module (checking for drug-drug interactions, dosage errors,
allergies, etc.), information retrieval subsystem (for instance formulating accurate clinical
questions) and image recognition and interpretation section (X-rays, CT, MRI scans) [13].
Interesting examples of MDSS’s are machine learning systems which are capable of creating
new clinical knowledge. The intensive studies on developing such systems resulted in a set of
techniques that are successfully applied to creation of medical knowledge [10]. Machine learning
systems look for relationships in raw data [13]. They utilize various data mining and machine
learning algorithms, such as neural networks or decision trees. Machine learning systems are used
to build knowledge bases which are then used by various expert systems. By analyzing clinical
cases a Medical Decision Support System can produce a detailed description of input features
with a unique characteristic of clinical conditions. This support may be priceless in looking for
changes in patient’s health condition.
The benefits of the MDSS’s are described in a scientific literature [20]. Such systems may
improve patients’ safety by reducing errors in diagnosing. They may also improve medications
and test ordering. Furthermore, the quality of care gets better due to the lengthening of the time
clinicians spend with a patient. This may be an effect of application of proper guidelines, up-todate clinical evidence and improved documentation. Moreover, the efficiency of the health care
delivery is improved by reducing costs through faster order processing or eliminated duplication
of tests.

4.4

Examples of Medical Decision Support Systems

There exist several Medical Decision Support Systems (MDSS’s). They help in early
detection of diseases. In the thesis a few of the most important systems are presented. They are
utilized in hospitals. The Table 4.1. presents the MDSS’s which are currently in use. Most of
them have been in use for years.
Table 4.1 Sample Medical Decision Support Systems
The table has been based on Electronic Decision Support for Austraila’s Health Sector, National
electronic decision support taskforce 2002

System
HELP (Health Evaluation Through
Logical Processing)
Electronic Medical Records
ADE (Adverse Drug Event Monitor)

Colorado Medical Utilisation
Review System
GermAlert and GermWatcher
DoseChecker
DXplain (Diagnostic decision support
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Health care unit

Year
of
commission

LDS Hospital, Salt Lake City, Utah, USA

1980

Department of Veteran Affairs Medical
Center, Washington DC, USA
Barnes Hospital, St. Louis, Missouri and
Washington University School of Medicine,
USA
Colorado Health Centre, Denver, USA

1990

1990

Barnes Hospital, St. Louis, Missouri, USA
Barnes Hospital, St. Louis, Missouri, USA

1993
1994

Massachusetts General Hospital, USA

1987

1995

in general medicine)
PRODIGY (PROject prescribing
rationally with Decision-support
In General-practice studY)
ERA (Early Referrals Application)
QMR (QuickMedical Reference)
POEM
(PostOperative
Expert
Medical System)
SETH (Expert System in Clinical
Toxicology)
ACORN (Admit to the Critical care
unit OR Not)
TherapyEdge HIV (Web-enabled
decision support system for the
treatment of HIV infection)
MDDB (Diagnosis of dysmorphic
syndromes)
NeoGanesh
(Management
of
Mechanical Ventilation in Intensive
Care)
VIE-PNN (Vienna Expert System for
Parenteral Nutrition of Neonates)
PUFF (Pulmonary function
test interpretation)

Nation-wide
Britain

implementation

in

Great

1995

GP practices linked to university hospitals
of Leicester NHS Trust, UK
University of Pittsburgh, University of
Alabama at Birmingham
St. James University Hospital, Leeds, UK

2001

Poison Control Centre, Rouen University
Hospital, France
Westminster Hospital, London, UK

1992
1987

Subscription via Internet

2001

Kinderzentrum, Munich, Germany

1995

Hospital Henri Mondor, Créteil, France

1997

Neonatal Intensive Care Unit, Department
of Paediatrics, the University of Vienna,
Austria
Pacific Presbyterian Medical Center, San
Francisco, California

1996

1972
1992

1977

Medical Decision Support Systems are mostly commercial applications. Often a complete
documentation of a system is not publicly available. The information sources may not describe
the system in an enough detailed way. Sometimes the system being still in a test phase may have
limited functionality. Thus it may be difficult to identify data mining algorithms implemented in
it.
To present the idea of Medical Decision Support Systems three sample ones are described:
Help, DXplain and ERA. The selection is motivated by huge influence exerted by these systems
on research concerning decision support and information technologies in medicine [28], [3], [20],
and [24].

4.4.1

HELP

One of the most popular and advanced Medical Decision Support System is called HELP
[28]. It is a knowledge-based hospital information system. The system is equipped with a decision
support component. It helps the clinicians in interpreting medical information, diagnosing
patients, maintaining clinical protocols and other tasks. The evolution of medical information
systems and computing technology resulted in an improvement of the system. In 2003 a new
version was released, called HELP II.
4.4.1.1

Description of the system [28]

The structure of the HELP II system is presented in the Figure 4.4. In the previous version of
the HELP system there was a separate module dedicated specially to the data management. In the
new version the module has been integrated into the system. The system implements data mining
solutions.
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Figure 4.4 Architecture of HELP II
The figure has been based on Haug P. J., Rocha B. H.S.C. and Evans R. S., Decision support in medicine:
lessons from the HELP system. International Journal of Medical Informatics, 2003, vol. 69, 273-284

The system stores medical information in a form of medical records. Quite often it happens
that important knowledge is in a form of a free text document. Although these documents may
contain relevant information it is difficult to extract the knowledge with the use of data mining
methods. To solve this problem the HELP II has been equipped with automatic techniques which
transform such documents into the medical records. The data mining solutions introduced in
HELP II are presented in [3].
4.4.1.2

Data mining solutions

The HELP II system is equipped with a knowledge database (storing about 32000 emergency
cases) and a medical decision support engine. These two components are used while preparing a
medical decision. The system contains two assistants called antibiotic assistant and pneumonia
diagnostic assistant. The purpose of the former is to find the pathogens causing the infection and
to suggest the cheapest therapy for patients with e.g. allergies or renal functions. The latter, the
pneumonia diagnostic assistant, utilizes the Bayesian neural network. A sample outcome of the
system is presented in the Figure 4.5.
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Figure 4.5 Sample network to support medical diagnosis of pneumonia created by HELP II
The figure has been based on Haug P. J., Rocha B. H.S.C. and Evans R. S., Decision support in
medicine: lessons from the HELP system. International Journal of Medical Informatics, 2003, vol. 69, 273284

The accuracy of the support module of the HELP II system is extremely high – sensitivity and
specificity is over 92%. Thus the HELP II is a popular assistant for medical staff in their every
day work.

4.4.2

DXplain

The DXplain is a Medical Decision Support System which was developed in Massachusetts
General Hospital in 1987 [20]. At the beginning the DXplain contained information about 2000
diseases and 4700 symptoms. This information was interconnected by 65000 associations.
Nowadays the system has been improved. Today the DXplain stores information about 4900
symptoms and 2200 unique diseases. The number of associations among them is estimated to be
about 23000.
The system’s operation relies on generating the diagnoses on the basis of symptoms which
are input to the system. Furthermore, the system is equipped with a textbook about the diseases
and symptoms. The medical knowledge is clustered in disease profiles. Each profile is composed
of a disease and its symptoms with the weights concerning the frequency and significance of each
of them.
DXplain supports medical diagnosis by generating a ranking of diseases for some input
symptoms. The system uses pseudo-probabilistic algorithm. The output list of diagnoses is
divided into two groups – common and rare diseases [20]. It is the reason why the system became
a tool of medical support in many institutions. Furthermore the system also served educational
purposes in several medical schools in the USA. The statistical research has shown that until 2005
the system has supported more than 33000 users [24].
The diseases generation module of the system is based on the Bayesian reasoning. DXplain
decision support approach is presented in the Figure 4.7.
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no

yes

Figure 4.6 Process of diagnosing in DXplain system
The figure has been baesd on “DXp HST Lec 05.pdf,” Computer Science and Artificial Intelligence
Laboratory (CSAIL), MIT. 2005.
http://groups.csail.mit.edu/medg/courses/6872/2004/DXp%20HST%20Lec%2005.pdf, retrieved on
1.05.2007)

One of the important features of the system is its user-friendly interface [24]. A demo version
is available on the vendor’s website. The system is also capable of suggesting symptoms which
should be added to the list of observed symptoms with an explanation of their usefulness.
Furthermore, the systems provides information about generated diagnoses. One of the
disadvantages of this system is lack of updates. The system being developed several years ago has
not been upgraded to the newest data mining methods.

4.4.3

ERA (Early Referrals Application)

The Early Referrals Application (ERA) is one of the newest and most promising Medical
Decision Support Systems [75]. This solution is dedicated to detection of different types of
cancers in their early stage. The application has been developed in Great Britain by GP’s
associated with the university hospitals of Leicester NHS Trust since 2001. Professor John Fox of
the Advanced Computation Laboratory of the Imperial Cancer Research Fund (ICRF) is a
supervisor of this project. His ideas in the association with a software development company
InferMed Limited resulted in creation of a modern system which is currently subjected to
analyses. The system is equipped with a decision support engine called AREZZO which provides
a guideline for each observation. The AREZZO is connected with the patient’s details sent in
XML format, national guidelines and hospital outpatient clinic. The idea of the system has it that
during an appointment a physician has access to the ERA system. First, the patient’s details are
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sent to ERA server via a website. Then, a list of possible cancers is displayed along with the
additional information and suggestions concerning each disease. If the physician decides to make
use of the suggestions, he or she has to go through a questionnaire concerning a particular case.
Next the AREZZO processes the information and generates an answer whether the patient should
be referred to a specialist or not. If the answer is positive and the physician agrees with it the
system generates an email containing information about the GP and the patient, which is sent to
the target hospital.
Because ERA is a completely new idea of a Medical Decision Support System it is still being
tested [75]. Details concerning its architecture and design are kept secret. The developers of the
system promise to extend the system with the non-oncological areas of medicine as well.
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5

DATA MINING ALGORITHMS

Data mining also known as Knowledge Discovery in databases is very often utilized in the
field of medicine [36]. The process of supporting medical diagnoses by automatically searching
for valuable patterns undergoes noticeable improvements in terms of precision and response time.
This chapter shortly describes the most common data mining algorithms and explains the use
cases of each of them. The usefulness of the following methods was verified by medical
personnel and confirmed by independent experts [36]. The selection of the data mining
algorithms was made after an in-depth analysis of the scientific articles on topic (see Chapter 2).

5.1

Decision Trees

Decision trees are one of the most frequently used techniques of data analysis [48]. The
advantages of this method are unquestionable. Decision trees are, among other things, easy to
visualize and understand and resistant to noise in data [71]. Commonly, decision trees are used to
classify records to a proper class. Moreover, they are applicable in both regression and
associations tasks.
In the medical field decision trees specify the sequence of attributes’ values and a decision
that is based on these attributes [36]. Such a tree is built of nodes which specify conditional
branches which show the values of
i.e. the h-th
attributes – symptoms
range for i-th symptom and leaves which present decisions
and their binary
values
. A sample decision tree is presented in the Figure 5.1.

Figure 5.1 Sample decision tree applicable in medicine

While building a decision tree it is essential to choose the best attributes to go into each of the
nodes. In order to do that several mathematical formulas apply, like entropy which measures
amount of information an attribute carries.
Definition 5.1
The entropy of attribute

is equal

(5.1)
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where

is the probability of each state on the predictable attribute
is the possible state of attribute
for each attribute.

and

A decision tree may be converted to a set of association rules by writing each of the paths
from a root to leaves in a form of rules. The decisional attribute is the one located in a leaf. For
instance the decision tree from the Figure 5.1 could be presented in the following form:

Another important aspect of decision trees construction is the problem of overtraining [71].
The overtraining is usually observed in cases when the learning phase was performed for too long
or the training examples are rare. Then the learner may adjust to the specific random features of
the training data which may negatively influence its predictive power. This happens when the
performance increases on the training instances but decreases on the unseen instances. The
overtraining may result from a tree being too deep. In order to overcome or avoid this problem
the pruning has been introduced. It relies on removing superfluous parts of a decision tree.
The decision trees are successfully applied in medicine for instance in prostate cancer
classification [62]. Here C4.5 algorithm was used. The article [58] presents a study carried out to
establish a decision tree model to describe how women in Taiwan make a decision whether or not
to have a hysterectomy. The qualitative study was conducted and a tree model was built. This
method, based on the Galwin’s methodology, had accuracy of 90%. The problem of cervical
cancer was described in [33]. It covered women all over the world. The study evaluated
performance of four different decision tree techniques and Bayesian network. 10-fold cross
validation was used for testing. The research with the use of CART for breast cancer analyses was
presented in [35]. The authors took advantage of an Evolutionary Programmed Neural Network
with Adaptive Boosting using a reduced set of discriminators for the Duke University and
University of South Florida (USF) data sets. It confirms that decision trees are a valuable
technique whose results should be compared with other methods.

5.2

Naïve Bayes

The Naïve Bayes is a simple probabilistic classifier [48]. It is based on an assumption about
mutual independency of attributes (independent variable, independent feature model). Usually
this assumption is far from being true and this is the reason for the naivety of the method. The
probabilities applied in the Naïve Bayes algorithm are calculated according to the Bayes’ Rule
[61]: the probability of hypothesis H can be calculated on the basis of the hypothesis H and
evidence about the hypothesis E according to the following formula:

(5.2)
Depending on precision of the probability model, the Naïve Bayes may give a model with
high effectiveness for a supervised learning problem [48]. Frequently the Naïve Bayes uses a
method of maximum likelihood (particularly in practical applications). In practice the Naïve
Bayes method works effectively in various real-world situations.
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The structure of a Naïve Bayes model forms a Bayesian network of nodes with one node for
each attribute. The nodes are interconnected with directed edges and form a directed acyclic
graph. A sample Bayesian network is presented in the Figure 5.2.
One of the main advantages of the method is small amount of data that is required for
estimation of a mean and a variance. The reason for this is the independence of the variables
which is assumed. This implies only the need to determine the variances of the variables for each
class – not the entire covariance matrix. The Naïve Bayes for each class value estimates whether a
given instance belongs to it. The method can only represent simple distributions on the contrary
to other classification methods, for instance decision trees.

Figure 5.2 Simple Bayesian network for medical data with four symptoms and one decision
attribute (the interpretation of symbols is presented in the picture is described in 5.1.

The Bayesian networks were introduced in 1980s. In 1990s their first applications in
medicine was shown. The Bayesian formalism is a way of representation of uncertainties what is
essential during diagnosis, prediction of patients’ prognosis and treatment selection [41]. With the
use of this network it is possible to present the interactions among variables. The Bayesian
networks are often understood as cause-and-effect relationships.
The application of a Bayesian network in medicine was presented for instance in diagnosis
and antibiotic treatment of pneumonia by P. Lucas [41]. Furthermore, the Naïve Bayes method’s
performance was tested against a colorectal cancer in [54] in which the authors improved the
effectiveness of this method.

5.3

Neural networks

Artificial neural networks (ANN’s) are based on observation of a human brain [48]. Human
brain is a very complicated web of neurons. Analogically, the ANN is an interconnected set of
neurons – simple units which are divided into three types: input, hidden and output ones. The
direction of the network symbolizes the data flow during the process of prediction. The attributes
that are passed as input to the net form a first layer. A sample ANN is presented in the Figure 5.3.
In medical diagnosis the input to the artificial neural network are the patient’s symptoms [1]:
the set , and an output is the diagnosis: the set . The hidden neurons process the outcomes of
previous layers. The connections between neurons have weights assigned to them. Their values
are adjusted with the use of appropriate algorithms, like backpropagation. It uses a gradient
descent to tune network’s parameters to best fit the values of the output [43]. The hidden layers
add nonlinear features to the network. The output layer may have more than one output node
(prediction of different diseases). In practice, the purpose of learning of an ANN is to solve a task
, having a set of observations and a class of functions , that is to find
which is the
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optimal solution of the task . To evaluate the optimum the cost function is introduced. Before
the processing the values of the input neurons need to be normalized, i.e. their values are mapped
to some scale (usually a range [-1, 1]).

Figure 5.3 Artificial Neural Network for medical diagnosis case (
example age, blood pressure, etc.
-diagnoses)

-symptoms like for

A type of an Artificial Neural Network depends on the basic unit – perceptron [43]. The
perceptron takes an input value vector and outputs 1 if the results are greater than a predefined
threshold, or -1 otherwise. The calculation is based on a linear combination of the input values. A
single neuron is presented in the Figure 5.4. It has many inputs and one output. Each neuron
combines the input values with the use of a combination function. The output value is issued with
the use of an activation function. The popular method of combination is a weighted sum.

Figure 5.4 Single neuron
The figure has been based on Tang Z. and MacLennan J., Data Mining with SQL Server 2005.
Indianapolis, Indiana, USA, Wiley Publishing Inc., 2005

One of the main advantages of Artificial Neural Networks is their high performance [43]. The
disadvantage of this method is its complexity and difficulty in understanding the predictions. The
first example of an ANN was presented in 1993 by Pomerlau in a driving system ALVINN [71].
The main function of Artificial Neural Networks is prediction. They have been applied in many
fields. Their effectiveness and usefulness was proven also in medicine [65]. The successful
implementation of the neural networks was, for instance, in the development of novel
antidepressants [37]. The noteworthy achievement is the application of a neural network in
coronary artery disease [40] and processing of EEG signals [34].
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5.4

Sample algorithms

In this subchapter sample algorithms applicable in Medical Decision Support Systems are
presented. Understanding of ho they work may be beneficial during the evaluation phase.

5.4.1

ID3

The ID3 algorithm designed by Quinlan is widely used [43]. It belongs to the family of
decision tree learning algorithms. The algorithm is based on Occam’s razor, which means that the
smaller trees are preferred [43]. The Occam’s razor is formalized using information entropy
concept, which was discussed in Definition 5.1. The construction of a tree in this case is topdown and begins with the choice of the appropriate attribute for the root node. The choice is
tested and the procedure is repeated until all attributes are used. The choice is based on
calculating the entropy for each attribute. The entropy is a measure of information impurity. The
ID3 uses an information gain as a measure of information carried by each of the attributes. The
information gain measure is the reduction in entropy caused by the partition of the dataset [43].
Definition 5.2 [43]
The information gain of the attribute
relative to the collection of examples
, where is a given decision table with symptoms and diagnoses, is defined as

where
is a set of possible values for attribute
for which the attribute has a value .

, and

(5.
8)
is a subset of

The
is an information that is provided by the target function value which
is given by another value of attribute .
The ID3 algorithm is presented as follows:
- the set of training examples (
is decision table), - the attribute
which value is to be predicted by the tree,
the set of symptoms
Results: The decision tree
BEGIN
, with label = + END
1. If all examples are positive, Return the single-node tree
2. If all examples are negative, Return the single-node tree
, with label = - END
3. If number of predicting attributes is empty, then Return the single node tree
, with
label = most common value of the target attribute in the examples END
4. Set := the attribute with the highest
5. Set as a
of the decision tree
6. For each
DO 7-10
7. Add a new tree branch below Root, corresponding to the test
8. Let
, be the subset of examples that have the value vi for .
9. If
is empty Then below this new branch add a leaf node with label =
most common target value in the examples END
10. Below this new branch add the subtree ID3 (
, ,
)
END
Return
Given:
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The ID3 searches a complete space of finite discrete-valued functions [43]. This helps to
avoid the risk that the hypothesis space does not contain a target function. It does not backtrack to
reconsider the former choices. It is a greedy algorithm. There is a threat of converging to locally
optimal solutions that are not globally optimal. On the other hand the ID3 algorithm has a very
important advantage: it is less sensitive to errors as the decisions are based on all the instances not
just the current one. It prefers short and small trees which have the attributes with the greatest
information value closer to the root. The ID3 algorithm was successfully applied in supporting
medical diagnosis. The authors of [49] made use of it in case of staging of cervical cancer. The
extension of the ID3 algorithm is C4.5 which is described in the 5.4.2.

5.4.2

C4.5

The C4.5 algorithm is an extension of the well known ID3 algorithm [43]. The extension
includes avoiding data overfitting (see Definition 5.3) by determining how deeply a tree can
grow. The C4.5 algorithm is capable of handling continuous attributes, which are essential in case
of medical data (e.g. blood pressure, temperature, etc.). Other very common aspect – missing
values – was also taken into consideration in C4.5. Moreover the algorithm handles attributes
with differing costs.
Definition 5.3 [43]
“Given a hypothesis space H, a hypothesis h E H is said to overfit the training data if there
exists some alternative hypothesis h' E H, such that h has smaller error than h' over the training
examples, but h' has a smaller error than hover the entire distribution of instances.”
Definition 5.4 [5.19]
The weighted frequency
of the decision attribute
the number of tuples
to attribute dk are simultaneously equal 1 for 1≤ k ≤ K.

in decision table is equal
where values referring

The C4.5 algorithm is presented as follows [53]:
– the set of training examples (
is decision table),
- the
attribute which value is to be predicted by the tree,
the set of
symptoms
Results: The decision tree
BEGIN
1. For 1≤ k ≤ K compute decision frequencies
2. If all cases in
belongs to the same class
set the node is a leaf with associated
class .
3. Else set as a node the most frequent class , and count the classification error a of the
leaf is the weighted sum of the cases in
, whose class is not .
4. For
count
5. Set := the attribute with the highest
6. If
is continuous find
7. For each
in the splitting of
DO 8-9
8. If
set as a child of is a leaf
9. Else below this new branch add the subtree C4.5 for
and
10. Compute errors of
Given:
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The inductive C4.5 algorithm generates rules from a single tree. It can transform multiple
decision trees and create a set of classification rules. Such feature of this algorithm may be used
to scale up the rule generalization, time of learning and size and number of rules.
The usefulness of C4.5 algorithm was widely proven in medicine [62]. This algorithm suits
medical data because it copes with missing values. What is more the algorithm handles
continuous data which are common among medical symptoms. The efficiency of C4.5 was shown
e.g. in breast cancer and prostate cancer classification [62] to generate a decision tree and rules
which may be helpful in medical diagnosing process.
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6

DESCRIPTION OF DATA SETS USED IN EXPERIMENTS

To evaluate the performance of data mining algorithms five medical databases are taken into
consideration. The present chapter describes the source of data and reasons of this choice. Next
each dataset is described in detail.

6.1

Source of data

Prior to the experimental part of the research, the data is gathered. An in-depth analysis of
several scientific articles on topic brought a conclusion that many researches were conducted on
data publicly unavailable, gained from medical units [39], [69]. To obtain the valuable data a lot
time and effort was spent. This phase of research shown that although there is lot data available
e.g. in the internet a lot of them is worthless. Some of the databases contain many missing
attributes impossible to complete what rule out this database from analyses process, other
encloses no documentation of even names of attributes and differentiation into conditional and
decision attributes what also hinder research. The choice of UCI medical data repository is to let
others to conduct similar experiments and compare their results. This was the main reason for
choosing the UCI data repository databases [47]. The chosen databases vary from each other.
They come from five different medical domains. This allows evaluating the algorithms’
performance under various real medical conditions (attributes features).
The UCI Repository of Machine Learning Databases and Domain Theories is a free Internet
repository of analytical datasets from several areas [47]. All datasets are in text files format
provided with a short description. These datasets received recognition from many scientists and
are claimed to be a valuable source of data [71]. For the analyses five medical datasets were
selected. The chosen data concerns five different medical fields.
In the remainder of this chapter each dataset is described.

6.2

Databases details description

The following subsections describe the five datasets in detail. In order to perform data mining
analyses one has to know the nature of a dataset [71]. An important issue is a number of missing
values in the set because it may deform the results of the experiment. Next the conditional and
decisional attributes should be distinguished. All these steps are conducted for each dataset and
presented in sections 6.2.1 to 6.2.5.

6.2.1

Heart disease database

According to statistics heart disease is a leading reason of death in 2007 [9]. The most
common heart diseases are coronary heart disease, ischaemic heart disease, cardiovascular
disease, cor pulmonale, hereditary heart disease, hypertensive heart disease and valvular heart
disease. There may be a number of symptoms of the disease. Finding patterns in heart disease
data may help diagnose future cases of this illness.
The heart disease database was collected by the V.A. Medical Center, Long Beach and
Cleveland Clinic Foundation in 1988. The records in the set belong to one of five angiographic
disease statuses. The status of the disease takes values 0, 1, 2, 3, 4, which stand for how advanced
a disease is. The higher number the more advanced heart failure. The value 0 indicates absence of
the disease.
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Table 6.1 Heart-disease database from Cleveland Clinic Foundation
The table has been based on Newman, D.J., Hettich, S., Blake, C.L. and Merz, C.J., UCI Repository
of machine learning databases. 1998 [http://www.ics.uci.edu/~mlearn/MLRepository.html]. Irvine, CA:
University of California, Department of Information and Computer Science (retrieved on 2.05.2007)
Name of the decision table
Number of attributes
Number of symptoms
Symptoms
name
and
values

Heart-disease database Cleveland Clinic Foundation
17
13
age in years

29,…,77

sex
chest pain type

resting blood pressure in mm/Hg
serum cholestoral in mg/dl
fasting blood sugar > 120 mg/dl
Resting electrocardiographic results

maximum heart rate achieved
exercise induced angina
ST depression induced by exercise relative
to rest
the slope of the peak exercise ST segment

number of major vessels
flourosopy
Thal

Number of diagnoses
Diagnosis name and values
Number of instances
Missing attribute values

4
angiographic disease status
303
6

colored by

1 = male; 0 = female
1 = typical angina
2 = atypical angina
3 = non-anginal pain
4 = asymptomatic
94,…,200
126,…,654
1 = true; 0 = false
0 = normal
1 = having ST-T wave
abnormality
2 = showing probable or
definite
left
ventricular
hypertrophy by Estes' criteria
71,…,202
1 = yes; 0 = no
(0,6.2)
1 = upsloping
2 = flat
3 = downsloping
1,2,3
3 = normal
6 = fixed defect
7 = reversable defect
0,1,2,3,4

The database consists of 17 attributes – 13 conditional and 4 decisional. There are four
conditional attributes, which are discrete natural number values from defined ranges. Two
conditional attributes are binomial, one is positive real valued.

6.2.2
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Hepatitis database

The Hepatitis database comes from Jozef Stefan Institute in Yugoslavia. The data was
gathered in 1988 [46]. The hepatitis is induced by a dangerous virus called hepatitis B virus
(HBV). If the disease is not eliminated in its initial infection it in 15% cases it cause chronic
hepatitis. The disease has many symptoms [53]. The detailed information about the dataset is
presented in the Table 6.2. The most of the attributes are binary, where “1” means the presence of
a symptom and “0” – the opposite situation. The Bilirubin and Albumin are continuous attribute.
Age, Alk phosphate, Sgot and Protime have been discretized by the issuers of the set. Sex and
Histology are zero-one values. The decisional attribute denotes whether a patient lived or died.
There are a lot missing attributes values but they concern only few records, which were removed
in a preprocessing phase. The recreation of these values was not possible.
Table 6.2 Hepatitis Domain database
The table has been based on Newman, D.J., Hettich, S., Blake, C.L. and Merz, C.J., UCI Repository
of machine learning databases. 1998 [http://www.ics.uci.edu/~mlearn/MLRepository.html]. Irvine, CA:
University of California, Department of Information and Computer Science (retrieved on 2.05.2007)
Name of the decision table
Number of attributes
Number of symptoms
Symptoms name and values

Number of diagnoses
Diagnosis name and values
Number of instances
Single missing attribute values

6.2.3

Hepatitis Domain
20
19
Age
Sex
Steroid
Antivirals
Fatigue
Malaise
Anorexia
Liver big
Liver firm
Spleen palpable
Spiders
Ascites
Varices
Bilirubin
Alk phosphate
Sgot
Albumin
Protime
Histology
1
Class
155
167

10, 20, 30, 40, 50, 60, 70, 80
1 = Male; 0 = female
0 = no; 1 = yes
0 = no; 1 = yes
0 = no; 1 = yes
0 = no; 1 = yes
0 = no; 1 = yes
0 = no; 1 = yes
0 = no; 1 = yes
0 = no; 1 = yes
0 = no; 1 = yes
0 = no; 1 = yes
0 = no; 1 = yes
(0.39,4)
33, 80, 120, 160, 200, 250
13, 100, 200, 300, 400, 500
(2.1,6)
10, 20, 30, 40, 50, 60, 70, 80, 90
0 = no; 1 = yes
1=live; 0= die

Diabetes database

The diabetes disease also can have a large number of symptoms [45]. While diagnosing a
plasma glucose level is measured. Such examination shows whether patient is in risk of diabetes
or not. It is extremely important to diagnose diabetics as quickly as possible. Unrecognized
disease may lead to hypertension, shock, amputation or even death.
The Pima Indians Diabetes Database was created in National Institute of Diabetes and
Digestive and Kidney Diseases and shared in 1990 in [46]. The database contains information
about diabetes among adult women (the youngest one is 21 years old, the oldest one 81 years
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old). The data was gathered with the use of unique algorithm called ADAP [60]. Detailed
description of the database is described in Table 6.3.

Table 6.3 Pima Indians Diabetes Database
The table has been based on Newman, D.J., Hettich, S., Blake, C.L. and Merz, C.J., UCI Repository
of machine learning databases. 1998 [http://www.ics.uci.edu/~mlearn/MLRepository.html]. Irvine, CA:
University of California, Department of Information and Computer Science (retrieved on 2.05.2007)
Name of the decision
table
Number of attributes
Number of symptoms
Symptoms name, values,
mean,
standard
deviation

Number of diagnoses
Diagnosis name and
values
Number of instances
Single missing attribute
values

Pima Indians Diabetes Database
9
8
Number of times pregnant

Plasma glucose concentration a 2 hours in an
oral glucose tolerance test
Diastolic blood pressure (mm Hg)
Triceps skin fold thickness (mm)
2-Hour serum insulin (mu U/ml)
Body mass index
Diabetes pedigree function
age in years
1
Diabetes

0,...,17

3

3

0,…,199

121

32

24,…,122
7,…,99
14,…,846
(18.2, 67.1)
(0.078,2.42)
21,…,81

69
21
80
32
0.47
33

19
16
115
8
0.33
12

0 = no; 1 = yes

768
0

In the Pima Indians Diabetes Database one can find 9 attributes: 8 conditional and one
decisional. All conditional attributes are numeric-valued. Six of them are natural numbers and
two are real positive numbers from defined ranges. The decisional attribute is binominal. Value 1
for this attribute means that the patient was tested positive for diabetes while value 0 otherwise.
The database contains complete 768 instances what makes the analysis very precise.

6.2.4

Dermatology database

The original owner of the dermatology database is M.D., Ph.D. Nilsel Ilter [46]. The dataset
was gathered at Gazi University, the School of Medicine in Turkey. The database was created
while diagnosing six dermatologic diseases: soriasis, seboreic dermatitis, lichen planus, pityriasis
rosea, cronic dermatitis, and pityriasis rubra pilaris. The most part of the features concerns the
biopsy examinations. At the beginning only twelve clinically symptoms were specified. On the
basis of various analyses of skin samples another twenty two observations are added.
Furthermore, there are features called scaling and erythema whose values do not differ
fundamentally, however these symptoms are important while diagnosing some diseases. The
characteristics of the dataset are presented in the Table 6.4.
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Table 6.4 Dermatology Database
The table has been based on Newman, D.J., Hettich, S., Blake, C.L. and Merz, C.J., UCI Repository
of machine learning databases. 1998 [http://www.ics.uci.edu/~mlearn/MLRepository.html]. Irvine, CA:
University of California, Department of Information and Computer Science (retrieved on 2.05.2007)
Name of the decision table
Number of attributes
Number of symptoms
Symptoms name and values

Number of diagnoses
Diagnosis name and values
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Dermatology Database
39
33
Erytema
Saling
definite borders
Itching
koebner phenomenon
polygonal papu les
follicular papu les
oral mucosal involvement
knee and elbow involvement
scalp involvement
family history
Age
melanin incontinence
eosinophils in the infiltrate
PNL infiltrate
fibrosis of the papillary dermis
Exocytosis
Acanthosis
Hyperkeratosis
Parakeratosis
clubbing of the rete ridges
elongation of the rete ridges
thinning of the suprapapillary epidermis
spongiform Pastule
munro microabcess
focal hypergranulosis
disappearance of the granular layer
vacuolisation and damage of basal layer
Spongiosis
saw-tooth appearance of retes
follicular horn plug
perifollicular parakeratosis
inflammatory monoluclear inflitrate
band-like infiltrate
6
psoriasis
seboreic dermatitis

0, 1, 2, 3
0, 1, 2, 3
0, 1, 2, 3
0, 1, 2, 3
0, 1, 2, 3
0, 1, 2, 3
0, 1, 2, 3
0, 1, 2, 3
0, 1, 2, 3
0, 1, 2, 3
0 = no; 1 = yes
7,…,75
0, 1, 2, 3
0, 1, 2, 3
0, 1, 2, 3
0, 1, 2, 3
0, 1, 2, 3
0, 1, 2, 3
0, 1, 2, 3
0, 1, 2, 3
0, 1, 2, 3
0, 1, 2, 3
0, 1, 2, 3
0, 1, 2, 3
0, 1, 2, 3
0, 1, 2, 3
0, 1, 2, 3
0, 1, 2, 3
0, 1, 2, 3
0, 1, 2, 3
0, 1, 2, 3
0, 1, 2, 3
0, 1, 2, 3
0, 1, 2, 3
Class code = 1
Class code = 2

Number of instances
Single missing attribute values

lichen planus
pityriasis rosea
cronic dermatitis
pityriasis rubra pilaris
366
8

Class code = 3
Class code = 4
Class code = 5
Class code = 6

The most attributes take values 0,1,2,3. The 0 value indicates that the clinical or
histopathological feature was not present in this case, values 1 and 2 are intermediate for each
feature while value 3 means that the feature was the strongest. In case of the family history
feature value 0 means that symptoms were not observed in the family, value 1 otherwise.

6.2.5

Breast cancer database

Breast cancer is an another fatal disease. According to WHO in 2005 it was the reason of
about 500.000 deaths [72]. It is estimated that in 2007 this type of cancer will cause about 40.000
deaths only in the USA [9]. As for women this disease is the most dangerous one. This is the
reason to strive for increasing the rate of early detections.
The breast cancer database comes from the University of Wisconsin [46] and contains real
observations of 569 oncological instances gathered in 1995. The conditional attributes describe
information gained from the digitalized images of the breast mass. Each examination is
characterized by nine attributes whose values are between 1 and 10. The decision attribute
denotes malignancy of the disease (malignant or benign).
Table 6.5 Wisconsin Diagnostic Breast Cancer (WDBC)

The table has been based on Newman, D.J., Hettich, S., Blake, C.L. and Merz, C.J., UCI
Repository of machine learning databases. 1998
[http://www.ics.uci.edu/~mlearn/MLRepository.html]. Irvine, CA: University of California,
Department of Information and Computer Science (retrieved on 2.05.2007)
Name of the decision table
Number of attributes
Number of symptoms
Symptoms name and values

Number of diagnoses
Diagnosis name and values
Number of instances
Single
missing
attribute
values

Wisconsin Diagnostic Breast Cancer (WDBC)
11
9
Clump Thickness
1 – 10
Uniformity of Cell Size
1 – 10
Uniformity of Cell Shape
1 – 10
Marginal Adhesion
1 – 10
Single Epithelial Cell Size
1 – 10
Bare Nuclei
1 – 10
Bland Chromatin
1 – 10
Normal Nucleoli
1 – 10
Mitoses
1 – 10
2
malignant
4
benign
2
699
16

It is a specific database. The conditional attributes have similar value ranges (1-10). The
decision attribute is binominal.
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7

METHODS OF EVALUATION OF DATA MINING
ALGORITHMS

As mentioned before there are many methods of automated knowledge extraction from data.
Their application may vary as some may yield excellent results in domains where others fail.
Thus it is important to evaluate their performance in a domain of interest (medicine in this case).
Especially in Medical Decision Support Systems (MDSS’s) the rate of correct and incorrect
diagnoses must be analyzed. It is important to know what part of cases was classified correctly.
Medical diagnosing is a particularly responsible task and consequently the costs of mistaken
diagnosis may be extremely high. The cost of a missed diagnosis may be higher than prolonged
testing. Of course there exist various methods for evaluation of performance of data mining
methods. In this chapter these issues are presented. In order to assess the significance of a mining
method it is necessary to view the data mining as a process of examining data, learning solutions
and then evaluating them.
A very important aspect in method’s performance evaluation is sample data, in case of this
research - the medical data records. If the sample data contained all possible combinations of
attributes’ values there would be no need for mining the data as one could only compose a table
and take answer (decision) from it. However, such situation almost never happens. That is why
classification of medical records to appropriate classes (diagnosis) is usually prediction (not
certainty). A method of evaluating data mining method relies on dividing the sample data set into
two subsets: training data and testing data (see Figure 7.1).

Training Set
Medical Data Set
(Decision Table
with symptoms and
diagnoses)

Testing Set

Figure 7.1 Data organized for empirical evaluation
The figure has been based on Nong Y., The Handbook of Data Mining. Lawrence Earlbaum
Associates, 2003

The researchers are still improving methods that reduce the probability of overfitting the
training data (the problem described in Chapter 5), simultaneously trying not to allow the data for
underfitting. The undefitting phenomenon relies on not using all potential of the training set.
This chapter describes techniques of evaluating performance of data mining methods with the
special consideration of medical data and diagnosis.
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7.1

Estimating hypothesis accuracy

To evaluate the accuracy of the data mining method it is essential to start with assessment of
the made by this method hypotheses (assumption) accuracy. To achieve this goal the statistical
methods are used. The hypothesis accuracy is taken into consideration while learning from
limited-size databases. When the hypothesis about medical treatment is prepared one must
estimate the effectiveness of different learned solutions. What is more the evaluation is an integral
component of data mining methods, for instance the impact of possible pruning steps that let
avoid overfitting on the results given by decision tree [21]. Estimating accuracy is trouble-free in
case of plentiful data but in real-case situation one have only limited-size database. In such
situation there arise bias in estimate that is the difference between mean value and real value of
the hypothesis. Moreover there is a variance in the estimation which measure statistical
dispersion, indicating how far from the expected value the random variables values typically are.
It is a reason why it is impossible to estimate extract accuracy of the method and statistical
solutions must be applied.
The accuracy of the hypothesis concerns the correctness of classification of future instances.
To achieve this true and sample errors are introduced. The following interpretation of the
estimation process is based on [21]. The estimation of hypothesis accuracy requires the
considering of space of possible instances X over which one define the target function. Let be
the unknown probability distribution that describes the probability of encountering each instance
in X. The learning process relies on learning the target concept or unction f (target function) by
considering a space of H of possible hypothesis. The two step learning process consist on
providing training examples of the function f by the trainer to a learner and next the trainer draws
each instances independently according to . Next the trainer forwards to the learner the instance
x with the correct target function f(x). The medical diagnosis process is described by the target
function
, which classifiers each case (patient with the symptoms) to whether or not
she suffer from the disease.

7.1.1

Sample error and true error

As noted above there exist two types of hypothesis errors rates: true error and sample error.
The most important is true error which concern expectation when applying the hypothesis to
future examples. However it is hardly possible to know true error. That is why it is estimated by
sample error.
Below the definitions of true and sample error are presented. They concern the error rate over
the entire unknown distribution . In sample error case let be the set of sample instances drawn
from .
Definition 7.1[21]
be the sample error of hypothesis
Let
sample data set , than

with respect to the target function
,

where

and
(7.1)

is a number of examples in , and the quantity
(7.2)

Definition 7.2[21]
Let
be the true error of hypothesis h with the respect to the target function
distribution . The probability that h misclassify an instance drawn at random according to is
equal
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(7.3)
where

is the probability that denotes the instance distribution

.

One wish to know true error
of the hypothesis however it is possible
. To estimate the
of discrete-valued
only to estimate it by sample error
hypothesis on the observed sample set it is essential that set contains independently one
from another drawn examples, that are independent of , according to distribution . The author
of [21] claims that there at least 30 examples , and one knows that hypothesis commits
errors over examples
(
).
Definition 7.3 [21]
An
confidence interval for some parameter
to contain p.
probability

is an interval that is expected with the

With the usage of statistical theory it is possible to assert that
probability
lies in the confidence interval presented in (7.4)

with the
(7.4)

The percentages of confidence level
presented in the Table 7.1.
Table 7.1 Values of

and corresponding with them values

are

confidence intervals with the probability

The figure has been based on Domingos P. and Pazzani M., On the Optimality of the Simple
Bayesian Classifier under Zero-One Loss. Machine Learning, 1997, vol. 29, no. 2-3, 103-130
Confidence

level

Constant

%
50
68
80
90
95
98
99

0.67
1
1.28
1.64
1.96
2.33
2.58

The approximation (7.4) works well in case when following dependency is satisfied [21]:
(7.5)

7.1.2

Difference in error of two hypothesis

It is possible to estimate the difference between two hypothesis
and
which have the
same target function and were tested on the training sets
(with
randomly drown examples)
and
(with
randomly drown examples) respectively, drawn from the same distribution.
Definition 7.4 [21]
The difference between two hypothesis
true errors
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and

is defined by the difference between their

(7.6)
has to be estimated by the sample error. It is necessary to define the
The parameter
estimator with the usage of sample error.
Definition 7.5 [21]
The estimator of the difference
between the sample errors

of two hypothesis

and

is defined by the difference

(7.7)
T.M. Mitchell in [21] proved that the confidence interval estimate for

with probability

is
(7.8)
The value
is a constant parameter given in Table 7.1.
It is possible to consider the equation (7.5) for the same testing set (

)
(7.9)

In above equation the training set

7.2

is sill independent of

and

.

Comparing learning algorithms

To compare two data mining algorithms the statistical approach is applied. It is based on the
comparison of the true errors of the algorithms. To achieve this estimation the sample error of
each method is used. What is more it is possible to compare algorithms by counting the costs that
they brings. Both classification and learning costs should be taken into consideration. The
subsection 7.4.4 and 7.4.5 describes lift charts and ROC curves respectively, the statistical,
advanced methods, whose usability was proven by many scientists.

7.2.1

Difference in algorithms’ errors

and
with the target function
To compare the performance of two learning algorithms
with the training set size
and instance distribution
the expected value from difference
between their errors is estimated [21]. The expected value of difference between true errors of
two algorithms is given with the expression (7.10).
,
(7.10)
where
is an output hypothesis by learning method
is sample training data and
. The expression (7.9) describes expected value of difference in errors of two algorithms
that is a basis to algorithm comparison. As it was noted before the estimation of true error is
possible only with sample error. That is why the difference between
and
has to be measured and estimated in limited sample data
. In such situation
sample data set
is divided into separated test sets
and expression (7.10) is estimated by
(7.11):
(7.11)
To improve the estimation given by (7.10) the partitioning of sample data
into separated
sets is repeated several times. It is possible to estimate the quantity of the procedure of estimating
(7.10) presented in (7.12) may be structured in (7.13).
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(7.12)
In (7.12)

is a set with random sample size

taken from

.

To estimation of the difference in error may be approximated by the confidence intervals and
their quantity (7.13)[21]:
Step 1 Divide available data
into disjoint subsets
of equal size, where this
size is at least 30.
Step 2 For
do Step 2.1- Step 2.5
Step 2.1 use for the test set, and the remaining data for training set
Step 2.2
Step 2.3
Step 2.4
Step 2.5
Step 3 Return
The confidence interval for the following estimation of the difference between

and

equal

is

(7.13),

Where

is a constant variable with the value that are presented in Table 7.2[21]
Table 7.2 The values of constant

, as v

,

approximates

The figure has been based on Domingos P. and Pazzani M., On the Optimality of the Simple
Bayesian Classifier under Zero-One Loss. Machine Learning, 1997, vol. 29, no. 2-3, 103-130

V
2
5
10
20
30
120
∞

7.2.2

90
2,92
2,02
1,81
1,72
1,70
1,66
1,64

Confidence level N%
95
98
4,30
6,96
2,57
3,36
2,23
2,76
2,09
2,53
2,04
2,46
1,98
2,36
1,96
2,33

99
9,92
4,03
3,17
2,84
2,75
2,62
2,58

Counting the costs

To check what is the quality of the method the accuracy of the test is measured. The accuracy
of the test shows how precisely the test set were classified with the method. The results of the
classification are being compared with the real (if it is possible) classification made by the
physician. The accuracy of the test is ratio of true positive test examples to all test examples
(7.14). This measure is very common in science however it cannot be applied in medical cases
because it deform the medical reality perception – it does not take False Negative (FN) case into
consideration. That is why in medicine there must be the other measure of training set accuracy
applied.
(7.14)
The formula (7.14) is incorrect in medical databases. With medical data when only
two possible answers are taken into consideration (yes/no) the other measures of accuracy should
be applied [12].
The sensitivity measures the possibility of positive classification the patient as an
ill to the amount of positive hypothesis. It presents how often one finds what is she looking for.
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The sensitivity is a percentage proportion of True Positive cases to the sum of all positive
hypotheses (True Positive and False Negative). The sensitivity is presented by the formula (7.15).
(7.15)
The specificity, the next measure, shows the possibility of correct, negative
classification of the patient to as an healthy to all negative hypothesis. It measure how often this
what one finds is this what is she looking for. The specificity is a percentage proportion of True
Negative cases to the sum of all negative hypotheses (False Positive and True Negative). The
specificity is presented by the formula (7.16). For instance the diagnostic test may be given to the
patients with the sensitivity of 85% . It means that 85% of the healthy people are correctly
identified[48].
(7.16)
The third measure of accuracy is called predictive accuracy. This measure shows
the ratio of correctly classified cases to all cases in the set. The larger predictive accuracy the
better situation. The predictive accuracy is presented by the formula (7.17)
(7.17)

The formulas (7.15-7.17) are applicable also in many-class prediction accuracy
measure.

7.2.3

ROC curves

While estimating the effectiveness and accuracy of data mining technique it is essential to
measure the error rate of each method. In the case of binary classification tasks the error rate
takes
and
components under consideration (see Table 7.1).
The ROC analysis which stands for Receiver Operating Characteristics is applied. Nowadays the
ROC curves are used especially in medicine where the distinction between the classification the
healthy patient as ill and reverse needs to be done [4].
Additionally the AUC (Area Under ROC Curve) is taken under consideration. It measures the
model’s ability to find the difference between two outcomes [7]. The AUC method is called
discrimination. In the perfect case the discrimination is equal 1, however in two outcomes has
discrimination rate equal 0.5 because the area under diagonal axis (when no model applied).
The sample ROC curve is presented in the Figure 7.3. The closer the ROC curve is to the topleft corner of the ROC chart the better the performance of the classifier.

Figure 7.2 Sample ROC curve (squares with the usage of the model, triangles without). The line
connecting the square with triage is the benefit from the usage of the model.
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The idea of Receiver Operating Characteristic curve originally comes from signal detection
theory [48]. It plots the curve which consists of x-axis presenting false positive rate and y-axis
which plots the true positive rate. This curve model selects the optimal model on the basis on
assumed class distribution. The ROC curves are applicable e.g. in decision tree models or rule
sets. The modification of each classification method may leads to better prediction performance
and what consequently better medical decision supporting process.

7.2.4

Recall, precision and F-measure

Usually medical diagnosis is a binary classification problem. One has to conclude whether the
patient is ill or not. As presented in the Table 7.1 there are four possible results of classification.
Different combination of these four error and correct situations are presented in the scientific
literature on topic. Here three popular notions are presented. The introduction of these classifiers
is explained by the possibility of high accuracy by negative type of data. To avoid such situation
recall and precision of the classification are introduced. The F measure is the harmonic mean of
precision and recall. The formal definitions of these measures are as follow [48]:
(7.19)
(7.20)

(7.21)
These measures are introduced especially in information retrieval application. In medicine
more important are sensitivity and specificity (see 7.4.2). Sensitivity is identical to recall while
specificity is reverse of sensitivity[48]. The precision, recall and F measures existence in
scientific literature was only noted in the master’s thesis document. All further analyses will be
conducted with the usage of sensitivity and specificity.

7.3

Algorithms’ performance evaluation measures used in
the thesis

Evaluation of data mining algorithms can be performed according to a number of measures
[71]. Witten and Frank claim that it is difficult to decide which metric to use for different
problems. Each of them has specific features which stress various aspects of the evaluated
algorithms. Some weigh large discrepancies between the predicted and actual values more heavily
than small ones. Other metrics do otherwise. Also, some metrics (e.g. true positive rate) take
higher values if the algorithm gives better results while others (e.g. errors) take lower values. This
is why it is very difficult to say which of the metrics is the most suitable to evaluate algorithms in
the medical field. Thus in the thesis the metrics are weighted equally.
To evaluate algorithms’ performance several measures have been employed in the thesis.
They are listed below (in the equations p stands for a predicted value while a stands for an actual
value) [71]:
• Correctly Classified Instances – the percentage of instances whose predicted value agrees
with actual value.
• Mean absolute error
– averages the magnitude of individual errors
neglecting their sign (takes the absolute values to diminish the negative effect of outliers).
•

Root mean squared error
used in various mathematical computations.
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– easy to calculate error commonly

•

, where

Relative absolute error

– denotes a total absolute

error normalized by the error of a predictor which uses an average of the actual values
from a dataset.
•

Root relative squared error

•

divided by the total squared error of a predictor which uses an average of the actual
values from the dataset. The square root is taken to give the values of the error the same
dimension as the predicted value.
True positive rate
.

•

True negative rate

•
•
•
•

F-measure – previously described.
Recall – previously described.
Precision – previously described.
Area Under Curve (AUC) – previously described.
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– denotes a total squared error

.

8

DATA MINING IN WAIKATO ENVIRONMENT FOR
KNOWLEDGE ANALYSIS (WEKA)

The chapter presents WEKA (Waikato Environment for Knowledge Analysis) version 3.4.8,
the tool which is chosen in experiment to analyze medical data sets and evaluate the performance
of data mining techniques applied to these sets. The selected data mining methods are presented
with detailed description of parameters they use for analyses. Furthermore the measures of model
performance are presented which are the bases for the comparison of methods’ effectiveness and
accuracy. Finally the visualization of each algorithm’s performance is shown for medical data
sets. The chapter is based on own experience with WEKA environment supported with
information included in [71].

8.1

Waikato Environment for Knowledge Analysis (WEKA)

Waikato Environment for Knowledge Analysis, called shortly WEKA, is a set of state-of-theart data mining algorithms and tools to in-depth analyses. The author of this environment is
University of Waikato in New Zealand. The programming language of WEKA is Java and its
distribution is based on GNU General Public License [71]. These complex algorithms may be
applied to data set in the aim of detailed analyses and evaluation of data mining examination.
There are three main ways of WEKA use. First is analyzing data mining methods’ outputs to
learn more about the data; next is generation of model for prediction of new instances and finally
the last but most important for this master’s thesis feature, comparison of data mining methods in
order to chose the best one as a predictor e.g. in Medical Decision Support System.
WEKA consists of four user interfaces out of which three are graphical and one commandline. The main interface is called Explorer. It is graphical interface built of menu section and six
panels connected to various data mining methods. It enables data preprocessing, classification,
clusterization, and mining associations among attributes. Furthermore there is a possibility to
select attributes with the attribute evaluator and search method. The last option is visualization
plotting the dependencies among attributes.
The next graphical interface, Knowledge Flow is dedicated to selecting components from the
tool bar and placing them on the special canvas, connecting them into directed graph than
processing and analyzing. Furthermore the data stream data processing can be designed and
executed with the usage of this interface.
To compare performance of data mining algorithms it is useful to chose third graphical
interface called Experimenter. This module allows one to evaluate how well various data mining
methods perform for given datasets. This process is automated and statistics can be saved. This
module is a most important part of the experiment. It makes in-depth statistics which are useful in
case of medical datasets. After the selection of various methods, their parameters and datasets, it
is possible to prepare statistic which are priceless in case of medical diagnosis support.
Experimenter and Explorer are two mainly used interfaces during master’s thesis
experiments. WEKA allows analyzing the data sets saved in the .arff files what can be easily
achieved by converting .txt files in the way presented in Figure 8.1. The file with data has a
structure of decision table, it begins with the name of the table, than names and types of attributes
are declared, finally observed attributes’ values are typed. This uncomplicated document structure
allows one to upload to the environment prepared in this way own dataset and analyze it.
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Figure 8.1 Sample .arff file for WEKA

The comprehensive and deep analysis is possible with the use of WEKA environment. It is
the purpose of selection it to analyze medical data sets. The availability of WEKA and its
documentation allows one to conduct similar studies to presented in the master’s thesis and
compare her results with presented in this document. The state-of-art techniques implementations
make analyses accurate and precise.

8.2

Selected WEKA’s Data Mining algorithms

Data mining algorithms which are indentified to be very common in MDSS are implemented
in WEKA environment. The aim of this chapter is to familiarize one with the WEKA algorithms’
implementation details, describe important parameters and show the ways of the result
presentation.

8.2.1

C4.5 algorithm

In WEKA environment the algorithm C4.5 is called J46 and it is the newest version of this
algorithm’s implementation [71]. The parameters of C4.5 algorithm allows changing confidence
threshold responsible for tree pruning, minimum number of instances which are permitted at a
leaf. It is also possible to set the size of pruning set which is the number of data parts from which
the last is used for tree pruning. Furthermore, WEKA’s C4.5 decision tree may be pruned with the
reduced error pruning. To achieve this it is essential to turn on reducedErrorPruning (set True
instead default False). The other option is saveInstanceData which is helpful while visualizing
the tree. It is also possible to use unpruned tree or even make use of Laplace smoothing.
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The generated decision tree may be presented in the text form. It is also possible to see
graphical (more intuitive) form of the tree. The decision tree leafs have values in brackets like for
instance (15.0/1.0) what means that 15 instances followed this formula correctly and 1 was
misclassified.

Figure 8.2 Graphical form of the C4.5 tree in WEKA

8.2.2

Naïve Bayes

Naïve Bayes classifier has quite simple interface in WEKA environment [71]. It allows one to
select the kernel estimator for numeric attributes rather than a normal distribution and used
Supervised Discretization while converting numeric attributes to normal ones.
The output of Naïve Bayes classifier has text form. Following the algorithm the dependences
between each conditional attribute and decision attribute are verified and full statistics are
presented. The sample algorithm output is shown in the Figure 8.3.

Figure 8.3 Dependences between conditional attributes and decisional attribute generated by
WEKA’s Naïve Bayes algorithm
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8.2.3

Multilayer Perceptron

In WEKA environment Multilayer Perceptron is equipped with additional graphical interface
which allows modification of the network [71]. It is possible to add nodes and connections among
them. The user may decide how long the net should be trained with the parameter number of
epoch and continue the training by denying the obtained results or break the training by accepting
the presented error per epoch. WEKA’s Multilayer Perceptron algorithm has several parameters
which can influence its performance. The hiddenLayers parameter sets if the hidden layers are
present in the network and, if yes, how many hidden nodes each layer contains. The hiddenLayers
value is a list of integers separated with commas. The hiddenLayer equals 0 means that the hidden
layer is absent. Moreover, there are four predefined values of this parameter: o - number of
hidden layers equals number of class values, i – number of hidden layers equals number of
attributes, a – number of hidden layers equals average of i and o, and t number of hidden layers
equals sum of i and o. The next option autoBild lets to add hidden layers and their connections.
With this option off there would be no hidden layer in the net. The other parameters are
learningRate and Momentum available also in graphical presentation of neural networks. The
decay is a ratio of starting value to epoch number. In the text interface reset option let one to
begin re-training of the network with lower learning rate. The other parameter trainingTime
corresponds to a number of epochs. The alternative to this parameter is validationSetSize which
allows stopping the training phase. The phase is stopped while performance of this set starts to
worsen. The ValidationThreshold sets the number of times when validation set error performance
is worsen before the end of the training phase. There are also filters to improve neural network’s
performance like normalizeNumericClass and normalizeAttributes useful in case of numeric
values.

8.3

ROC curve and AUC

The WEKA environment allows graphically evaluating of data mining algorithms’
performance [71]. To do so one should select the WEKA Classifier Visualize option. This module
draws detailed graphs presenting algorithm’s performance (Figure 8.4). These graphs can be used
to show a ROC (Receiver Operating Characteristics) curve. The ROC curve is the ratio of False
Positive Rate (axis x) and True Positive Rate (axis y) [71]. The area under the ROC curve (AUC)
is a metric of algorithms’ performance [71].

Figure 8.4 WEKA’s ROC curve and AUC indicator

The WEKA environment is used in the thesis to analyze the medical data sets. The results
and detailed information about experiments are presented in the Chapter 9.

51

9

EXPERIMENTS’ RESULTS AND DISCUSSION

The chapter presents the results of several experiments conducted with the use of the three
data mining algorithms identified in the Chapter 2: Naïve Bayes, C4.5 and Multilayer Perceptron.
The algorithms have been applied to the medical datasets described in the Chapter 6. The
experiments are conducted in WEKA (Waikato Environment for Knowledge Analysis) version
3.4.8, the environment described in the Chapter 8.
The analyses are performed as follows:
• Each of the algorithms is calibrates with the use of several parameters available in the
WEKA.
• For each of the parameter settings of individual algorithm analyses are performed on
each of the datasets.
• The outcomes are measured with the use of the metrics described in the Chapter 7.
The results are presented in a form of tables and graphs.
• The ultimate step encompasses the comparison of the performance of each of the data
mining models.

9.1

Algorithms calibration

This section is dedicated to the analyses of calibration of individual algorithms. The purpose
of these analyses is to determine what parameters settings yield the best models. The experiments
are conducted with the use of all of the databases described in the Chapter 6. Records with
missing values were removed because, in case of medical records, it is difficult to recreate their
values [12].
The calibration aims at finding optimal settings which maximize the performance of each of
the algorithms. The tests are done with the use of various dataset splits and n-fold crossvalidations (for several n’s) – testing configuration. For comparative purposes also the entire
training set is used for testing. These results are skipped while commenting the results of the
analyses, though. The reader is advised to compare these results by her- or himself.
Making the decision about the split of the available data one must think about the quality of
the generated model and the quality of this model’s tests [71]. The more data is used in a training
phase the better the generated model may be. On the other hand, the more data is taken for testing
the more accurate the output model may be. One has to decide about the split of the available data
to reach a compromise. The authors of [71] claim that the most accurate results are obtained for
the 66% split of the dataset. The 66% of the data should be taken to build the model and the rest
to test it. The authors also say that in order to improve the training phase the n-fold crossvalidation should be applied. Their experiments have shown that the best performance is achieved
when n equals 10.

9.1.1

Diabetes database

The diabetes database consists of eight conditional attributes. The decisional attribute takes
the values 0 or 1 (binary). As presented in the Figure 9.1 the attributes’ values have different
distributions. Distribution of the attributes pregnant, pedigree and age falls with the increase of
the values of these attributes. The distribution of values of the attributes: plasma, diastolic,
triceps and mass is of a bell-shape. The ranges with the highest cardinality are in the middle
decreasing towards the ends of the graphs. All conditional attributes are multi-valued.
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Figure 9.1 Distributions of the attributes of the diabetes data

9.1.1.1

C4.5 algorithm for diabetes database

The experiment with the use of the C4.5 for diabetes database generated a pruned tree which
consisted of 20 leaves, what corresponds to 20 decision rules. The size of the tree equals 39
nodes.
Once the tree has been generated its performance is verified. The verification is done with the
use of various testing configurations (see Table 9.1). The experiment showed that the highest
number of True Positives is achieved for the 66% split (over 24%). The worst testing
configuration with respect to the True/False Positives/Negatives is the 50% split because it has
the lowest number of True Positives. This is also confirmed by the highest number of False
Negatives gained by this split. This split is only effective in correct diagnosing of healthy people
(True Negatives). All of the tests which utilized the n-fold cross-validation yielded similar results
with respect to the True/False Positives/Negatives. The rest of the metrics have been presented in
the Figure 9.2 for better visualization.
Table 9.1 Performance of the C4.5 with respect to a testing configuration for the diabetes
database
training
set

10-fold
crossvalidation

5-fold
crossvalidation

15-fold
crossvalidation

Correctly Classified
Instances

84,1%

73,8%

71,2%

76,1%

73,4%

74,2%

78,2%

Mean absolute error

23,8%

31,5%

32,1%

29,8%

32,3%

31,0%

29,3%

Root mean squared
error

34,5%

44,6%

46,4%

43,5%

44,2%

46,1%

39,9%

Relative absolute error

52,4%

69,4%

70,8%

65,5%

70,5%

68,1%

64,9%

testing method 

53

30% split

50% split

66% split

Root relative squared
error

72,4%

93,6%

97,4%

91,3%

93,2%

68,1%

85,1%

TP

23,2%
11,7%
4,2%
60,9%
66,4%
64,0%
84,8%
66,4%
74,5%
88,8%

20,8%
14,1%
12,1%
53,0%
59,7%
18,6%
63,2%
59,7%
61,4%
75,1%

21,1%
13,8%
15,0%
50,1%
60,4%
23,0%
58,5%
60,4%
59,4%
72,9%

21,9%
13,0%
10,8%
54,3%
62,7%
16,6%
66,9%
62,7%
64,7%
72,3%

22,9%
11,2%
15,4%
50,6%
67,2%
23,4%
59,7%
67,2%
63,2%
74,8%

16,1%
17,4%
8,3%
58,1%
48,1%
12,5%
66,0%
48,1%
55,6%
69,7%

24,8%
7,3%
14,5%
53,4%
77,4%
21,3%
63,1%
77,4%
69,5%
81,3%

FN
FP
TN
TP rate
FP rate
Precision
Recall
F-measure
AUC

The Figure 9.2 shows that the values of metrics were very similar in case of all of the testing
configurations. The errors (especially Root Relative Squared Error and Relative Absolute Error)
were very high (more than 50% for all of the testing configurations). On the other hand the rate of
correctly classified instances was also high for all of the configurations (more than 70%). Good
results were gained for the Precision and the F-measure as all of the configurations had these
values greater than 55%. All of the configurations yielded high AUC as only the 50% split falls
below the level of 70%. When it comes to the Recall significantly worse results were gained for
the 50% split. All configurations (except for the 50% split) delivered good results in terms of the
True Positive and False Positive rates. The True Positive rates were greater than 60% except for
the said 50% split and the 10-fold cross-validation. The False Positive rate, in turn, was small for
all of the testing configurations.

Figure 9.2 Relation between the performance measures and the testing configurations of the C4.5
for the diabetes database

9.1.1.2

Multilayer Perceptron for the diabetes database

The next algorithm used in the evaluation of data mining methods’ performance is the
Multilayer Perceptron.
The Multilayer Perceptron is tested with the use of the same testing configurations as in case
of the C4.5 presented previously (Table 9.2). The number of hidden layers equals the average of
the number of class values and attributes. All of the models gave good results in terms of the
number of correctly classified instances (about 75%). However, the errors had considerable
values in all of the cases. When it comes to the True Positive rate the 50% split gives the worst
results (about 49%, while the rest of the models reach a level of 60% in this regard). Good results
are gained with the use of 66% split of the dataset (Figure 9.3). This configuration gave a model
which had smaller errors in comparison with the rest of the configurations. Also it had high
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values of the F-measure, Precision and AUC. All of the cross-validations gave similar results to
one another in terms of all of the metrics.
Table 9.2 Performance of the Multilayer Perceptron with respect to a testing configuration for
the diabetes database
testing method 

training
set

10-fold
crossvalidation

Correctly Classified
Instances

80,8%

75,1%

74,3%

75,6%

73,2%

75,0%

77,8%

Mean absolute error

27,4%

29,3%

29,3%

29,4%

28,6%

27,6%

28,6%

Root mean squared
error
Relative absolute
error
Root relative squared
error

37,3%

42,3%

41,5%

42,1%

47,1%

44,0%

40,2%

60,4%

64,6%

64,5%

64,7%

62,3%

60,8%

63,4%

78,3%

88,8%

87,2%

88,5%

99,1%

93,1%

85,8%

TP

28,3%
6,5%
12,6%
52,4%
81,3%
19,4%
69,2%
81,3%
74,8%
87,4%

21,3%
13,5%
11,3%
53,7%
61,2%
17,4%
65,3%
61,2%
63,2%
79,8%

21,0%
13,8%
11,8%
53,2%
60,4%
18,2%
64,0%
60,4%
62,2%
81,4%

22,2%
12,6%
11,7%
53,3%
63,8%
18,0%
65,5%
63,8%
64,7%
79,7%

21,3%
12,6%
14,1%
51,8%
62,8%
21,4%
60,2%
62,8%
61,5%
78,4%

16,4%
17,1%
7,8%
58,5%
48,8%
11,8%
67,7%
48,8%
56,8%
78,0%

19,4%
12,5%
9,5%
58,3%
60,7%
14,0%
67,1%
60,7%
63,7%
81,1%

9,8s

9,5s

9,7s

9,6s

9,8s

10,6s

9,8s

FN
FP
TN
TP rate
FP rate
Precision
Recall
F-measure
AUC
Time of building
model

5-fold
crossvalidation

15-fold
crossvalidation

30% split

50% split

66% split

The results from the Table 9.2 have been also presented in the Figure 9.3. It shows that the
best results were gained for the 66% split and all of the cross-validations.

Figure 9.3 Relation between the performance measures and the testing configurations of the alayered Multilayer Perceptron (a denotes the number of hidden layers equal to the average of the
number of class values and attributes) for the diabetes database
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9.1.1.3

Naïve Bayes for the diabetes database

The next algorithm used for the diabetes database is Naïve Bayes. Similarly to the previous
algorithms also the Naïve Bayes is tested with the use of the same metrics. The results were very
similar to what the previous ones delivered. The percent of correctly classified instances was also
about 75% (Table 9.3). The same goes for each of the errors. The highest of them was the Root
Relative Squared Error (approximately 85%). When it comes to the Precision, F-meaure, Recall
and AUC the results are also very similar for all of the testing configurations. The True Positive
rate is high, but the False Positive rate is also high (lower than in the previous algorithms,
though). This explains high errors.
Table 9.3 Performance of the Naïve Bayes with respect to a testing configuration for the diabetes
database
10-fold
crossvalidation

5-fold
crossvalidation

15-fold
crossvalidation

76,3%

76,3%

76,4%

76,0%

74,2%

75,5%

77,5%

Mean absolute error
Root mean squared
error

28,1%

28,4%

28,4%

28,5%

30,3%

29,1%

26,6%

41,3%

41,7%

41,7%

41,8%

41,7%

40,6%

38,2%

Relative absolute error
Root relative squared
error

61,8%

62,5%

62,5%

62,7%

66,0%

63,9%

58,9%

86,7%

87,4%

87,5%

87,7%

87,7%

85,9%

81,4%

TP

21,5%

21,4%

21,4%

21,2%

20,4%

20,1%

19,8%

FN

13,4%

13,5%

13,5%

13,7%

13,6%

13,5%

12,2%

FP

10,3%

10,2%

10,0%

10,3%

12,3%

10,9%

10,3%

TN

54,8%

54,9%

55,1%

54,8%

53,7%

55,5%

57,6%

TP rate

61,6%

61,2%

61,2%

60,8%

60,1%

59,7%

61,9%

FP rate

15,8%

15,6%

15,4%

15,8%

18,6%

16,5%

15,2%

Precision

67,6%

67,8%

68,0%

67,4%

62,5%

64,7%

65,8%

Recall

61,6%

61,2%

61,2%

60,8%

60,1%

59,7%

61,9%

F-measure

64,5%

64,3%

64,4%

63,9%

61,3%

62,1%

63,8%

AUC

82,5%

81,9%

81,8%

81,8%

80,5%

82,5%

85,5%

testing method 
Correctly Classified
Instances

training
set

30% split

50% split

66% split

The results obtained with the use of the Naïve Bayes are also shown in the Figure 9.4. It
shows that the results were quite similar for all of the testing configurations in case of all of the
metrics.
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Figure 9.4 Relation between the performance measures and the testing configuration of the
Naïve Bayes for the diabetes database

9.1.2

Breast cancer database

The breast cancer database consists of nine conditional attributes. The decisional attribute
takes the values 0 or 1. As presented in the Figure 9.5 the distributions of almost all values of
attributes are even. In case of almost all of the attributes the number of instances in which the
attributes take the lowest values is the greatest. All conditional attributes are multi-valued.

Figure 9.5 Distribution of the attributes of the breast cancer data

9.1.2.1

C4.5 algorithm for the breast cancer database

The experiment with the use of C4.5 for the breast cancer database generated a pruned tree
which consisted of 11 leaves what corresponds to 11 decision rules. The size of the tree equals 21.
The generated C4.5 decision tree is presented in the Figure 9.6.
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Figure 9.6 Decision tree generated with the use of the C4.5 for the breast cancer database

The verification of the performance of the tree is conducted in the same manner as in case of
the diabetes database (Table 9.4). The experiment showed that the highest number of True
Positives is gained for 66% split of dataset (over 68,6%). The worst True Positive value is
obtained for 30% split of dataset. The True Positives values gained for the rest of the
configurations were similar, equal to approximately 62%. When it comes to the True Negatives
the best results were obtained for the 10-fold cross-validation. However, its advantage over the
other configurations was small (about 1% – 5%). The values for False Negatives and False
Positives are also small denoting small number of misclassifications.
All testing configurations delivered models which correctly classified more than 90% of
instances. Most of the errors were small (less than 20%, except for the Root Mean Squared Error
and Root Relative Squared Error). All of the configurations had very high True Positive rate
(over 90%) with very small False Positive rate (less than 8%). Also excellent results were gained
in terms of Precision, Recall, F-measure and AUC. All of the configurations yielded models
which have high values (greater than 90%) for these metrics. Excellent results make it difficult to
definitely name the best configuration for the C4.5 algorithm. However, the worst results were
gained for the 30% split. This configuration had the highest errors and one of the worst
classification quality (low Precision, F-measure, Recall, AUC and TP rate).
Table 9.4 Performance of the C4.5 with the respect to a testing configuration for the breast
cancer database
training
set

10-fold
crossvalidation

5-fold
crossvalidation

15-fold
crossvalidation

Correctly Classified
Instances

97,9%

96,0%

95,4%

95,3%

93,3%

93,8%

95,7%

Mean absolute error

3,7%

5,5%

5,7%

5,9%

8,1%

7,3%

4,8%

Root mean squared
error
Relative absolute
error
Root relative
squared error

13,7%

19,2%

20,4%

20,6%

25,2%

24,1%

19,2%

8,2%

12,2%

12,6%

13,0%

17,6%

16,0%

10,7%

28,8%

40,4%

42,8%

43,3%

53,1%

51,2%

41,5%

testing method 

30% split

50% split

66% split

TP

63,5%

62,6%

62,8%

62,8%

61,5%

62,5%

68,6%

FN

1,4%

2,3%

2,1%

2,1%

4,3%

5,5%

3,0%

FP

0,5%

1,6%

2,3%

2,4%

2,2%

0,5%

1,2%

TN

34,4%

33,3%

32,6%

32,5%

31,7%

31,2%

27,0%

TP rate

97,7%

96,4%

96,6%

96,6%

93,4%

91,8%

95,8%
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FP rate

1,7%

4,6%

3,7%

7,1%

6,7%

1,8%

4,5%

Precision

99,1%

97,5%

96,4%

96,2%

96,4%

99,1%

98,2%

Recall

97,7%

96,4%

96,6%

96,6%

93,4%

99,8%

95,8%

F-measure

98,4%

96,9%

96,5%

96,4%

94,9%

95,3%

97,0%

AUC

98,9%

96,8%

96,8%

96,1%

92,9%

94,7%

97,7%

The results from the Table 9.4 have also been presented in the Figure 9.7. The figure shows
that, on the contrary to the diabetes database, the classification errors are much smaller for the
breast cancer database.

Figure 9.7 Relation between the performance measures and the testing configurations of the C4.5
for the breast cancer database

9.1.2.2

Naïve Bayes for breast cancer database

The next algorithm used for the breast cancer database is Naïve Bayes. Similarly to the
previous experiments the same testing configurations are used (Table 9.5). The results, in terms of
True Positives, True Negatives, False Positives and False Negatives are very similar for all of the
configurations. High similarity of values can also be noted in case of the errors, which are mostly
small (less than 20%, except for the Root Relative Squared Error). Excellent results were also
gained for the Precision, F-measure, Recall and AUC. All of the configurations had these values
greater than 95%. Also, good outcomes were delivered by the True Positive and False Positive
rates. The former was high and the latter was small, which means high number of correct
classifications.
Table 9.5 Performance of the Naïve Bayes with respect to a testing configuration for the the
breast cancer database
training
set

10-fold
crossvalidation

5-fold
crossvalidation

15-fold
crossvalidation

Correctly Classified
Instances

96,1%

96,3%

96,3%

96,2%

96,2%

96,2%

96,1%

Mean absolute error

3,6%

3,6%

3,6%

3,7%

4,0%

4,1%

3,8%

Root mean squared
error

18,8%

18,8%

18,8%

18,9%

19,3%

19,6%

19,1%

Relative absolute error

8,1%

7,9%

8,0%

8,2%

8,7%

8,9%

8,5%

Root relative squared
error

39,4%

39,4%

39,4%

39,7%

40,8%

41,7%

41,3%

TP

62,2%

62,2%

62,2%

62,2%

63,2%

65,2%

69,0%

FN

2,7%

2,7%

2,7%

2,7%

2,7%

2,9%

2,5%

FP

1,0%

0,8%

0,8%

1,0%

1,0%

0,8%

1,2%

testing method 
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30%
split

50%
split

66% split

TN

33,9%

34,1%

34,1%

33,9%

32,9%

30,9%

27,0%

TP rate

95,7%

95,7%

95,7%

95,7%

95,9%

95,7%

96,4%

FP rate

2,9%

2,5%

2,5%

2,9%

3,1%

2,8%

4,5%

Precision

98,4%

98,6%

98,6%

98,4%

98,4%

98,7%

98,2%

Recall

95,7%

95,7%

95,7%

95,7%

95,9%

95,7%

96,4%

F-measure

97,0%

97,1%

97,1%

97,0%

97,1%

97,2%

97,3%

AUC

99,1%

99,1%

99,0%

99,1%

99,0%

98,9%

98,9%

The results obtained with the use of the Naïve Bayes are also shown in the Figure 9.8. The
figure clearly shows that the values are very similar in case of all of the configurations and for all
the metrics.

Figure 9.8 Relation between the performance measures and the testing configurations of the
Naïve Bayes for the breast cancer database

9.1.2.3

Multilayer Perceptron for the breast cancer database

The next algorithm used in evaluation of effectiveness and accuracy of data mining methods
is the Multilayer Perceptron. Similarly to the previous experiments also in case of the Multilayer
Perceptron the different testing configurations are tested (Table 9.6). The number of hidden layers
equals the average of the number of class values and attributes. The best performance in terms of
the Precision, F-measure and AUC is achieved for the 66% split testing configuration. Also this
model had the most correct classifications. When the True Positive rate is considered the results
are comparable for all of the configurations. However, the False Positive rate was the best for the
10-fold cross-validation and the 66% split. Good results were gained in case of the errors. All of
the configurations delivered models which had very small errors (less than 20%, except for the
Root Relative Squared Error).
Table 9.6 Performance of the Multilayer Perceptron with respect to a testing configuration for
the breast cancer database
training
set

10-fold
crossvalidation

5-fold
crossvalidation

15-fold
crossvalidation

Correctly Classified
Instances

98,9%

96,0%

95,3%

95,9%

96,0%

95,6%

96,1%

Mean absolute error

1,7%

4,0%

5,1%

4,2%

4,0%

4,3%

3,9%

Root mean squared
error
Relative absolute
error
Root relative
squared error

10,2%

17,9%

19,8%

18,6%

18,7%

20,1%

19,0%

3,9%

8,8 %

11,1%

9,3%

8,7 %

9,4%

8,7%

21,2%

37,5%

41,5%

39,1%

39,4%

42,8%

41,1%

testing method 
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30% split

50% split

66% split

TP

64,1%

62,2%

62,5%

62,6%

63,6%

65,2%

68,6%

FN

0,8%

2,7%

2,4%

2,3%

2,2%

3,2%

3,0%

FP

0,1%

1,1%

2,1%

1,7%

1,6%

0,5%

0,8%

TN

34,8%

33,8%

32,7%

33,2%

32,3%

30,8%

27,4%

TP rate

98,6%

95,7%

96,2%

96,4%

96,5%

95,3%

95,8%

FP rate

0,4%

3,3%

6,3%

5,0%

4,9%

3,7%

3,0%

Precision

99,8%

98,2%

96,6%

97,3%

97,4%

98,2%

98,8%

Recall

98,6%

95,7%

96,2%

96,4%

96,5%

95,3%

95,8%

F-measure

99,2%

96,9%

96,4%

96,8%

97,0%

96,7%

97,3%

AUC

99,5%

98,7%

98,6%

98,6%

99,2%

99,4%

99,5%

9,9s

9,6s

9,8s

9,7s

9,7s

9,6s

10,0s

Time of building
model

The results from the Table 9.6 have also been presented in the Figure 9.9. It shows that the
values of the metrics are similar for each of the testing configurations.

Figure 9.9 Relation between the performance measures and the testing configurations of the
Multilayer Perceptron for the breast cancer database

9.1.3

Hepatitis database

The hepatitis database consists of seventeen conditional attributes. The four of them are
multi-valued, the rest is binary. The decisional attribute die takes values 0 or 1. As presented in
the Figure 9.10 the distributions of values of the attributes. The distributions of the attributes:
bilirubin, and sgot decrease with the increase of the values. The distribution of values of the
attributes: age and albumin is of bell-shape.

61

Figure 9.10 Distribution of the attributes of the hepatitis data

9.1.3.1

C4.5 algorithm for hepatitis database

The experiment with the use of C4.5 for the hepatitis database generated a pruned tree which
consisted of 11 leaves what corresponds to 11 decision rules. The size of the tree equals 21. The
generated C4.5 decision tree is presented in the Figure 9.11.

Figure 9.11 Decision tree generated with the use of the C4.5 for the hepatitis database

After the generation of the decision tree its accuracy is verified similarly to the previous
databases. The experiment gave poorer results than in the case of the breast cancer database. The
average number of correctly classified instances does not exceed 82% (Table 9.7). The best in this
regard is the 50% split. The errors were high for all of the configurations. The highest was the
Root Relative Squared Error which reaches nearly 100%. When it comes to the True Positive rate
the best results were gained for the 10-fold cross-validation with decent False Positive rate. The
rest of the configurations had the True Positive rates very low. Poor results were gained for the
Precision, Recall, F-measure and AUC. The worst configurations in terms of the Precision are
the 30% and 66% splits. However, in terms of the Recall these two configurations give the best
results.
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Table 9.7 Performance of the C4.5 with respect to a testing configuration for the hepatitis
database
testing method 

training
set

10-fold
crossvalidation

5-fold
crossvalidation

15-fold
crossvalidation

30% split

50% split

66% split

Correctly Classified
Instances

96,8 %

79,1%

79,8%

80,6%

69,2%

81,5%

75,0%

Mean absolute error

5,8%

24,4%

23,9%

21,6%

29,8%

23,4%

23,6%

Root mean squared
error
Relative absolute
error
Root relative
squared error

17,1%

44,4%

42,7%

41,1%

46,9%

41,6%

44,6%

19,1%

79,7%

78,1%

70,7 %

89,6%

75,6%

80,0%

44,0%

99,9%

99,7%

99,5%

99,4%

99,2%

99,5%

TP

7,7%

15,5%

6,9%

7,7%

9,8%

6,1%

9,0%

FN

10,8%

3,1%

11,6%

10,8%

6,5%

10,7%

4,5%

FP

10,0%

1,3%

8,5%

8,5%

24,1%

7,6%

20,4%

TN

71,3%

81,3%

72,8%

72,8%

59,3%

75,3%

65,9%

TP rate

41,7%

83,3%

37,5%

41,7%

60,0%

36,4%

66,7%

FP rate

16,7%

12,4%

10,5%

10,5%

28,9%

9,3%

23,7%

Precision

83,3%

43,5%

45,0%

47,6%

29,0%

44,4%

30,8%

Recall

90,9%

41,7%

37,5%

41,7%

60,0%

36,4%

66,7%

F-measure

98,1%

42,6%

40,9%

44,4%

39,1%

40,0%

42,1%

AUC

93,9%

63,5%

65,7%

68,3%

65,5%

63,5%

71,4%

The results have also been presented in the Figure 9.12 for better visualization. The figure
shows that there are considerable differences among the values of the metrics. An interesting
observation is the fact that the difference between the results gained by the training set used as a
testing set and the rest of the configurations is very significant. This can be caused by uneven
distributions of attributes’ values (see Figure 9.10). Splitting the set makes the distributions
significantly different. The metrics’ values are sensitive to the testing configuration.

Figure 9.12 Relation between the performance measures and the testing configurations of the
C4.5 for the hepatitis database

9.1.3.2

Naïve Bayes for hepatitis database

The next algorithm used for the diabetes database is Naïve Bayes. The results have been
presented in the Table 9.8. The average number of correct classifications is about 72. The best
results in this regard were gained for the 66% split (more than 80%). Poor results in terms of the
errors were gained for all of the testing configurations. The worst results were gained for the Root
Relative Squared Error. Good results were gained by all of the testing configurations for the True
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Positive rate. The best results in this respect were gained by the 66% split (96%), the worst, in
turn, by the 50% split. On the other hand, poor results were gained in terms of the False Positive
rate. Most of the configurations have this metric set at the level of about 45%. The worst results
were gained by the 66% split (about 36%). Good results were gained in terms of the Precision, Fmeasure, Recall and AUC. All of the testing configurations have these values at least at about
70%. The best in this regard is the 66% split.
Table 9.8 Performance of the Naïve Bayes with respect to a testing configuration for the hepatitis
database
testing method 

training
set

10-fold
crossvalidation

5-fold
crossvalidation

15-fold
crossvalidation

30% split

50% split

66% split

Correctly Classified
Instances

75,2%

71,3%

69,8%

71,3%

73,6%

64,6%

81,8%

Mean absolute error

27,1%

40,2%

30,6%

30,3%

29,3%

30,7%

23,1%

Root mean squared
error
Relative absolute
error
Root relative
squared error

45,6%

30,4%

49,7%

49,0%

45,5%

47,7%

41,1%

54,9%

61,5%

60,2%

61,4%

59,0%

62,2%

46,8%

91,9%

98,9%

99,9%

98,6%

91,5%

96,2%

88,0%

TP

13,9%

12,4%

13,1%

13,1%

10,9%

9,2%

9,1%

FN

4,6%

6,2%

5,4%

5,4%

5,4%

7,6%

4,5%

FP

7,7%

8,5%

8,5%

8,5%

9,8%

12,3%

13,6%

TN

73,6%

72,9%

72,8%

72,8%

73,6%

70,8%

72,7%

TP rate

87,5%

84,7%

84,7%

84,7%

88,5%

70,3%

96,0%

FP rate

40,4%

45,6%

45,6%

45,6%

46,2%

42,9%

36,8%

Precision

73,3%

70,1%

70,1%

70,1%

71,9%

68,4%

77,4%

Recall

87,5%

84,7%

84,7%

84,7%

88,5%

70,3%

96,0%

F-measure

79,7%

76,7%

76,7%

76,7%

79,3%

69,3%

85,7%

AUC

80,3%

73,4%

72,9%

73,6%

77,0%

75,9%

81,5%

The results from the Table 9.8 have been also presented in the Figure 9.13. The values of the
metrics for particular testing configurations differ, but the differences are much smaller
comparing to the C4.5 for the hepatitis database (described previously).

Figure 9.13 Relation between the performance measures and the testing configurations of the
C4.5 for the hepatitis database
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9.1.3.3

Multilayer Perceptron for hepatitis database

The Table 9.11 shows the results gained for the Multilayer Perceptron for the hepatitis
database. The number of hidden layers equals the average of the number of class values and
attributes.The results in terms of the percent of correct classifications are worse than in case of the
Naïve Bayes. None of the models exceeded the level of 70% of correct classifications (Table 9.9).
Slightly worse results were also gained in terms of the errors. In this respect the best testing
configuration the 66% split turned out to be. Poor results were also gained with regard to the True
Positive rate (TP rate). The best results were obtained for the 30% split. However, when it comes
to the False Positive rate (FP rate) the 66% split gave the best classifier. Finally, in terms of the
Precision, Recall, F-measure and AUC the results varied considerably. When the Precision is
considered the average value is about 73%, with the 66% split being the best, reaching 80%. The
Recall and the F-measure metrics had the greatest values for the 10-fold cross-validation (about
98%, while the rest do not exceed 70%). Varying values were also gained for the AUC, where the
best classifier was the one built with the 66% split testing configuration. The rest configurations
delivered models whose AUC was less than or equal about 75%.
Table 9.9 Performance of the Multilayer Perceptron with respect to a testing configuration for
the hepatitis database
training
set

10-fold
crossvalidation

5-fold
crossvalidation

15-fold
crossvalidation

Correctly Classified
Instances

96,9%

65,1%

63,6%

65,1%

65,9%

66,2%

63,5%

Mean absolute error

5,6%

35,8%

37,7%

35,8%

34,9%

35,3%

33,7%

Root mean squared
error
Relative absolute
error
Root relative
squared error

14,0%

55,6%

56,3%

54,4%

53,1%

55,4%

53,8%

11,3%

72,5%

76,4%

72,5%

70,2%

71,4%

66,2%

28,2%

99,8%

99,8%

99,9%

99,8%

99,9%

51,6%

testing method 

30%
split

50% split

66% split

TP

55,0%

36,4%

34,9%

37,2%

38,5%

33,8%

34,1%

FN

0,8%

19,4%

20,9%

18,6%

18,7%

23,1%

22,7%

FP

2,3%

15,5%

15,5%

16,3%

15,4%

10,8%

15,9%

TN

41,9%

28,7%

28,7%

27,9%

27,5%

32,3%

27,3%

TP rate

98,6%

65,3%

65,5%

66,7%

67,3%

59,5%

51,6%

FP rate

55,0%

35,1%

35,1%

36,8%

35,9%

25,0%

19,0%

Precision

5,3%

70,1%

69,2%

69,6%

71,4%

75,9%

80,0%

Recall

95,9%

98,6%

62,5%

66,7%

67,3%

59,5%

51,6%

F-measure

97,3%

97,3%

65,7%

68,1%

69,3%

66,7%

62,7%

AUC

99,6%

69,0%

69,8%

70,6%

72,3%

75,1%

79,3%

4,7s

4,7s

4,7s

4,7s

4,7s

4,9s

4,7s

Time of building
model

The results from the Table 9.9 have been also displayed in the Figure 9.14. The figure clearly
shows the diversity of values of particular metrics for different testing configurations.
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Figure 9.14 Relation between the performance measures and the testing configurations of the
Multilayer Perceptron for the hepatitis database

9.1.4

Heart diseases database

The heart diseases database consists of thirteen conditional attributes. The decisional attribute
takes the values 0, 1, 2, 3, 4 or 5. As presented in the Figure 9.15 the distribution of values of the
attribute oldpeak, decreases with the increase of the values. The distribution of values of the
attribute chestpaintype, increases with the increase of the values. The distribution of values of the
attributes: age, trestbps, cholesteral and maxheartrate is of a bell-shape. The distribution of the
decisional attribute diagnosis also decreases with the increase of the values. The attributes sex,
fastingbloodsugarlessthan120, exercisedinductedangina are binominal. Restingecq, slope and
thal have three values.

Figure 9.15 Distribution of the attributes of the heart diseases data

9.1.4.1

C4.5 algorithm for the heart diseases database

The experiment with the use of C4.5 for the heart disease database generated a pruned tree
which consisted of 57 leaves, what corresponds to 57 decision rules. The size of the tree equals
92. The generated C4.5 decision tree is presented in the Figure 9.16.
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Figure 9.16 Decision tree generated with the use of the C4.5 for the heart diseases database

The Table 9.10 presents the results of the evaluation of the C4.5 with respect to different
testing configurations and performance metrics. Due to the fact that the class is not binary the
values for the TP and FP rates, Recall, Precision, F-measure and AUC have been averaged for all
of the class values. All of the configurations delivered models which misclassified nearly half of
the instances. There is a significant difference in this regard between the model tested on the
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training set and the rest of the models. Very high errors were obtained for all of the configurations
as well. The worst results, though, were gained for the Root Relative Squared Error (more than
99%). Poor results were gained for the True Positive rate. All of the configurations did not reach a
level of 35% in this regard with the 10-fold cross-validation being the best (90,4%). Poor results
were also gained for the Precision, Recall and F-measure metrics. All of the configurations
reached only about 30%. Poor results were also gained for the AUC. Only the 10-fold crossvalidation exceeded 60% in this regard.
Table 9.10 Performance of the C4.5 with respect to a testing configuration for the heart disease
database
testing methods 

training
set

10-fold
crossvalidation

5-fold
crossvalidation

15-fold
crossvalidation

30% split

50% split

66% split

Correctly Classified
Instances

82,9%

54,5 %

53,1%

53,5%

57,2%

54,3%

56,4%

Mean absolute error

10,1%

20,0%

20,7%

20,5%

20,3%

20,9%

18,6%

Root mean squared
error
Relative absolute
error
Root relative
squared error

22,5%

38,5%

38,5%

39,0%

37,4%

39,1%

37,5%

39,1%

77,2%

79,6%

79,1%

76,5%

79,9%

71,8%

62,6%

99,2%

99,0%

99,4%

99,9%

99,0%

99,9%

Average TP rate

68,5%

31,6%

30,3%

30,9%

29,5%

29,4%

21,1%

Average FP rate

6,0%

13,6%

14,4%

14,3%

13,5%

14,2%

13,6%

Average Precision

80,4%

32,6%

33,8%

30,3%

30,3%

27,8%

28,5%

Average Recall

68,5%

31,6%

30,3%

30,9%

29,5%

29,4%

28,1%

Average F-measure

71,6%

31,6%

30,3%

30,4%

28,5%

27,8%

27,1%

Average AUC

94,8%

60,4%

55,7%

59,3%

55,7%

55,5%

54,9%

The results from the Table 9.10 have been also presented in the Figure 9.17. The figure shows
that values of individual metrics in case of the testing configurations are varying, nevertheless the
differences are small (only the training set has outstanding outcomes).

Figure 9.17 Relation between the performance measures and the testing configurations of the
C4.5 for the heart diseases database

9.1.4.2

Naïve Bayes for heart diseases database

The next algorithm used for the heart disease database is Naïve Bayes. Its evaluation is
presented in the Table 9.11. Similarly to the C4.5 the rate of correctly classified instances is very
low. All of the testing configurations reached about 45% of misclassifications. However, in this
case the errors are much lower than in case of the C4.5. This especially concerns the Root
Relative Squared Error whose values do not exceed 10%. Better results than for the C4.5 are
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gained in terms of the True Positive rate. The ratio between the TP rate and the FP rate is more
beneficial than in case of the C4.5. Poor results were gained for the Precision, F-measure and
Recall. All of the testing configurations reached the level of 80% in this regard. The AUC had
high values for all of the testing configurations (about 77%).
Table 9.11 Performance of the Naïve Bayes with respect to a testing configuration for the heart
disease database
testing method 

training set

10-fold
crossvalidation

5-fold
crossvalidation

15-fold
crossvalidation

30% split

50% split

66% split

Correctly Classified
Instances

64,9%

55,5%

55,5%

55,2%

53,3%

55,0%

61,3%

Mean absolute error

16,2%

18,4%

18,4%

18,3%

18,7%

18,7%

17,0%

Root mean squared
error
Relative absolute
error
Root relative
squared error

30,3%

33,8%

33,8%

33,5%

36,0%

34,5%

31,9%

62,3%

70,9%

70,7%

70,6%

70,8%

71,7%

65,8%

8,4%

9,3%

9,41%

9,3%

9,9%

9,5%

9,0%

Average TP rate

46,4%

30,8%

31,24%

29,5%

32,2%

32,5%

31,2%

Average FP rate

9,8%

12,2%

12,2%

12,4%

12,2%

11,9%

12,2%

Average Precision

47,9%

31,3%

31,6%

29,1%

33,0%

33,2%

31,8%

Average Recall

46,4%

30,8%

31,2%

29,5%

32,2%

32,5%

31,2%

Average F-measure

46,9%

30,9%

31,3%

29,3%

32,5%

33,7%

31,4%

Averaged AUC

87,0%

77,5%

77,2%

78,2%

77,8%

78,0%

77,5%

The results from the Table 9.11 have been also presented in the Figure 9.18. The figure shows
that the values of the individual metrics are very similar for particular testing configurations.

Figure 9.18 Relation between the performance measures and the testing configurations of the
Naïve Bayes for the heart diseases database

9.1.4.3

Multilayer Perceptron for heart diseases database

The next algorithm used in evaluation of effectiveness and accuracy of data mining methods
is the Multilayer Perceptron. The results of the experiments are shown in the Table 9.12. It shows
that all of the models had low quality of predictions (significant number of mispredictions –
nearly 50%). Comparable results (to the results of the Naïve Bayes) were gained in terms of the
errors. True Positive rates were very low for all of the testing configurations. The same goes for
the Precision, F-measure and Recall. Here none of the models exceeded 36%. Conversely the
results for the AUC were good. This metric reached a level of about 70% for all of the
configurations.
Table 9.12 Performance of the Multilayer Perceptron with respect to a testing configuration for
the heart disease database
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testing method

Correctly Classified
Instances

training
set
93,9%

10-fold
crossvalidation

5-fold
crossvalidation

15-fold
crossvalidation

54,5%

57,9%

53,5%

30% split
46,6%

50% split
56,3%

66% split
53,4%

Mean absolute error

3,8%

18,3%

17,4%

18,9%

20,9%

18,0%

18,4%

Root mean squared error

14,9%

38,4%

37,8%

38,9%

41,7%

39,1%

39,3%

Relative absolute error

14,5%

70,5%

67,2%

72,9%

79,0%

68,9%

71,2%

Root relative squared
error

40,3%

10,0%

10,0%

10,0%

10,0%

10,0%

10,0%

Averaged TP rate

88,1%

32,4%

34,3%

32,3%

25,9%

31,9%

28,7%

Averaged FP rate

1,9%

12,1%

12,1%

13,0%

14,5%

12,5%

12,5%

Averaged Precision

91,4%

33,3%

35,7%

32,7%

24,1%

34,0%

27,9%

Averaged Recall

88,1%

32,4%

34,3%

32,3%

25,9%

31,9%

28,7%

Averaged F-measure

89,6%

32,6%

34,6%

32,3%

24,6%

32,1%

27,7%

95,7%

72,4%

72,3%

74,3%

68,2%

75,7%

74,1%

28,3s

27,4s

39,7s

39,7s

33,2s

35,8s

43,1s

Averaged AUC
Time of building model

The results from the Table 9.12 have been also presented in the Figure 9.19. Unlike the
previous algorithms, here the differences among the values of the metrics are greater.

Figure 9.19 Relation between the performance measures and the testing configurations of the
Naïve Bayes for the heart diseases database

9.1.5

Dermatology diseases database

The dermatology database consists of thirty four conditional attributes. The decisional
attribute diagnosis takes the values 1, 2, 3, 4, 5 or 6. As presented in the Figure 9.20 almost all
attributes takes 4 values. The attribute family_history is binominal. Age is the only continuous
attribute.
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Figure 9.20 Distribution of the attributes of the dermatology data

9.1.5.1

C4.5 algorithm for the dermatology database

The experiment with the use of C4.5 for dermatology database generated a pruned tree which
consisted of 25 leaves. The size of the tree equals 33, what corresponds to 33 decision rules. The
most important attribute is vacuolization_and_damage_of_basal_layer (set as the tree’s root)
followed by fibrosis_of_the_papillary_dermis and perifollicular_parakeratosis. The generated
C4.5 decision tree is presented in the Figure 9.21.

Figure 9.21 Decision tree generated with the use of the C4.5 for the dermatology database
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The results of the analyses of the C4.5 are presented in the Table 9.13. The table shows
excellent outcomes in terms of the number of correctly classified instances for all of the testing
configurations. Very low errors confirm the high quality of predictions of the models. All of the
configurations had very high True Positive rate (about 90%) and very low False Positive rate
(less than 3%). Excellent results were gained in terms of the Precision, F-measure, Recall and
AUC (most of the values were over 90%).
Table 9.13 Performance of the C4.5 with respect to a testing configuration for the dermatology
database
training
set

10-fold
crossvalidation

5-fold
crossvalidation

15-fold
crossvalidation

Correctly Classified
Instances

96,9%

93,%

93,8%

93,8%

87,2%

95,5%

95,082%

Mean absolute error

1,8%

2,9%

2,7%

2,8%

5,2%

2,15%

2,2%

Root mean squared
error
Relative absolute
error
Root relative squared
error

9,63%

13,0%

13,6%

13,7%

17,1%

12,1%

11,8%

6,9%

10,0%

10,4%

10,5%

19,5%

8,1 %

8,3%

26,4%

38,0%

37,5%

37,7%

46,8 %

33,2%

32,8%

Average TP rate

96,8%

93,4%

93,0%

93,2%

87,0%

94,3%

93,3%

Average FP rate

0,6%

1,37%

1,28%

1,3%

2,7%

1,0%

0,9%

Average Precision

96,8%

93,9%

93,2%

93,2%

88,7%

94,8%

90,5%

Average Recall

96,9%

93,4%

93,0%

93,2%

87,0%

94,3%

93,3%

Average F-measure

96,8%

93,6%

93,0%

93,3%

87,4%

94,5%

91,6%

AUC

100,0%

97,0%

96,7%

96,8%

95,6%

96,8%

98,8%

testing method 

30% split

50% split

66% split

The results presented in the Table 9.13 have been also presented in a form of a graph in the
Figure 9.22. It shows that all of the testing configurations gained very good results. The worst
configuration is the 30% split whose values for metrics are slightly worse than of the others.

Figure 9.22 Relation between the performance measures and the testing configurations of the
C4.5 for the dermatology database

9.1.5.2

Naïve Bayes for the dermatology database

The next algorithm used for the diabetes database is Naïve Bayes. The results are presented in
the Table 9.14. The results are excellent. All of the models (for all of the testing configurations)
had very high number of correctly classified instances (more than 95%). Very good results were
gained in terms of the errors. Only the value of the Root Relative Squared Error reached slightly
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above the level of 20%. Excellent results were gained for the True Positive rate. All of the models
reached above 95% in the regard with negligible False Positive rate. Excellent results were also
gained in terms of the Precision, Recall, F-measure (more than 95%). All of the models reached
100% for the AUC measure.
Table 9.14 Performance of the Naïve Bayes with respect to a testing configuration for the
diabetes database
training
set

10-fold
crossvalidation

5-fold
crossvalidation

15-fold
crossvalidation

Correctly Classified
Instances

98,8 %

97,4%

97,4%

97,7%

96,8%

98,3%

99,1%

Mean absolute error

0,5%

1,1%

1,0%

0,95%

1,6%

0,9%

0,5%

Root mean squared
error

4,7%

7,4%

7,1%

6,6%

9,1%

6,3%

3,75%

Relative absolute error

2,2%

4,0%

3,9%

3,5%

6,1%

3,7%

2,1%

Root relative squared
error

13,1%

20,4%

19,4%

18,2 %

24,8%

17,5%

10,3%

Average TP rate

98,8%

96,8%

96,8%

97,2%

95,7%

97,3%

99,2%

testing method 

30% split

50% split

66% split

Average FP rate

0,2%

0,5%

0,5%

0,4%

0,6%

0,3%

0,2%

Average Precision

98,7%

97,2%

97,2%

97,5%

96,7%

98,0%

98,9%

Average Recall

98,8%

96,8%

96,8%

97,2%

95,7%

97,3%

99,2%

Average F-measure

98,8%

96,9%

96,9%

97,3%

96,1%

97,5%

99,0%

Average AUC

100,0%

100,0%

100,0%

100,0%

100,0%

100,0%

100,0%

The results from the 9.14 have been also presented in the Figure 9.23. The graph clearly
shows the excellent results gained by the Naïve Bayes regardless of a testing configuration: low
errors and FP rate and high values for the rest of the measures.

Figure 9.23 Relation between the performance measures and the testing configurations of the
Naïve Bayes for the dermatology database

9.1.5.3

Multilayer Perceptron for the dermatology database

The next algorithm used in evaluation of effectiveness and accuracy of data mining methods
is the Multilayer Perceptron. The results are presented in the Table 9.15. Excellent results were
gained for all of the models except for the one generated with the use of the 66% split. In terms of
the number of correctly classified instances the rate are greater than 95% (about 56 for the 66%
split). Very low errors for all of the models confirm this fact. Only the Root Relative Squared
Error reached values above 20% for most of them. Excellent results were also gained in terms of
the average True Positive rate. All of the testing configurations delivered models with high value
for this metric (above 95%) and the average False Positive rate was negligible. Also all of the
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models had very high values for the Precision, F-measure, Recall and AUC. These numbers
reached nearly 100% in almost all of the cases.
Table 9.15 Performance of the Multilayer Perceptron with respect to a testing configuration for
the dermatology database
training
set

10-fold
crossvalidation

5-fold
crossvalidation

15-fold
crossvalidation

Correctly Classified Instances

99,0%

96,6%

96,3%

96,6%

97,6%

98,8%

56,4%

testing method 

30%
split

50%
split

66%
split

Mean absolute error

0,1%

1,4%

1,3%

1,3%

1,7%

0,96%

0,1%

Root mean squared error

0,3%

9,8%

9,2%

9,6%

8,1%

6,3%

0,3%

Relative absolute error

5,9%

5,2%

4,9%

5,0%

6,5%

3,5%

7,1 %

0,1%

26,9%

25,4%

26,3%

22,2%

17,4%

30,7%

Average TP rate

100,0%

96,4%

96,3%

96,4%

97,6%

98,7%

98,0%

Average FP rate

0,0%

0,7%

0,7%

0,7%

0,5%

0,2%

0,3%

100,0%

96,4%

96,1%

96,4%

97,4%

98,7%

98,0%

Root relative squared error

Average Precision
Average Recall

100,0%

96,4%

96,3%

96,4%

97,6%

98,7%

98,0%

Average F-measure

100,0%

96,4%

96,2%

96,4%

97,5%

98,7%

98,0%

Average AUC

100,0%

99,8%

99,8%

99,7%

99,8%

100,0%

100,0%

The results from the Table 9.15 have been also depicted in the Figure 9.24. The figure shows
that the worst results were gained by the 66% split (the lowest number of correct classifications
and the highest Root Relative Squared Error). The rest of the models had results similar to one
another.

Figure 9.24 Relation between the performance measures and the testing configurations of the
Multilayer Perceptron for the heart diseases database

9.2

Evaluation
algorithms

and comparison

of the data

mining

This section is dedicated to analysis of the results obtained during the calibration of the
algorithms (Section 9.1). Here the comparison of the algorithms in terms of performance is also
done. This part of the examinations was conducted in the Experimenter graphical interface of the
WEKA environment.
The results obtained for the individual testing configuration (see Section 9.1) do not make it
possible to select the best one. The outcomes for individual metrics were very similar for all of
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the configurations in most of the cases. However, the results show that the 10-fold crossvalidation and the 66% split have a slight advantage over the rest of the testing configurations.
However, there are cases where they yield one of the worst results. On the other hand, very often
50% split turned out to give bad results. Nevertheless, it is impossible to say which of the testing
configurations gives the best results. Thus for the final evaluation of the algorithms the 10-fold
cross-validation has been chosen. The reason for this is high popularity of this configuration [71].
Witten and Frank [71] claim that such a cross-validation very often gives very good results and is
better than any split.
The results of the comparison of the algorithms are presented in the Table 9.16. The table
shows (with different colors) the ranking of the algorithm in case of each of the performance
measures and databases. The unquestionable leader in majority of cases is the Naïve Bayes. The
worst results this algorithm gained for the hepatitis and heart disease databases. Nevertheless,
overall performance was always better in comparison to other algorithms. When it comes to the
Multilayer Perceptron, it wins the second place in terms of the performance. For most of the
databases and metrics the results gained by this algorithm were slightly worse than for the Naïve
Bayes in most of the cases. The worst results this algorithm delivered for the hepatitis data.
Finally, the worst results were yielded by the C4.5 decision tree. Its results were the worst in
terms of both errors and AUC in comparison to all of the algorithms. The reason for this may the
nature of medical data. Its complexity and heterogeneity of values of attributes can hinder data
mining. In this case the Multilayer Perceptron and the C4.5 may be overtrained.
Surprisingly, the decision tree gave good results for the hepatitis database, for which the
Naïve Bayes and the Multilayer Perceptron gave the worst. This could be caused by the
uniqueness of the hepatitis data among other datasets. Most of its attributes are binominal. This
could make a good source of training data for a tree.

Table 9.16 Performance of the algorithms with respect to the measures and databases with the
use of 10-fold cross-validation
(

– the best algorithm,

-the second-place algorithm,

-the worst algorithm)

Database

Diabetes
Breast cancer
Hepatitis
Heart disease
Dermatology
Diabetes
Breast cancer
Hepatitis
Heart disease
Dermatology
Diabetes
Breast cancer
Hepatitis
Heart disease
Dermatology
Diabetes
Breast cancer
Hepatitis
Heart disease
Dermatology

Relative absolute
error

Root mean
squared error

Mean absolute
error

Measure
Percent correct

Algorithm
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76,3%
96,3%
71,3%
55,5%
97,4%

73,8%
96,0%
79,1%
54,5 %
93,0%

Multilayer
Perceptron
75,1%
96,0%
65,1%
54,5%
96,6%

28,4%
3,6%
40,2%
18,4%
1,1%

31,5%
5,5%
24,4%
20,0%
2,9%

29,3%
4,0%
35,8%
18,3%
1,4%

41,7%
18,8%
30,4%
33,8%
7,4%

44,6%
19,2%
44,4%
38,5%
13,0%

42,3%
17,9%
55,6%
38,4%
9,8%

62,5%
7,9%
61,5%
70,9%
4,0%

69,4%
12,2%
79,7%
77,2%
10,0%

64,6%
8,8 %
72,5%
70,5%
5,2%

Naïve Bayes

C4.5

Root relative
squared error
True positive
rate
False positive
rate
Precision
Recall
F-measure
AUC

Ranking

Diabetes
Breast cancer
Hepatitis
Heart disease
Dermatology
Diabetes
Breast cancer
Hepatitis
Heart disease
Dermatology
Diabetes
Breast cancer
Hepatitis
Heart disease
Dermatology
Diabetes
Breast cancer
Hepatitis
Heart disease
Dermatology
Diabetes
Breast cancer
Hepatitis
Heart disease
Dermatology
Diabetes
Breast cancer
Hepatitis
Heart disease
Dermatology
Diabetes
Breast cancer
Hepatitis
Heart disease
Dermatology
(first/second/third)

87,4%
39,4%
98,9%
9,3%
20,4%

93,6%
40,4%
99,9%
9,2%
38,0%

88,8%
37,5%
99,8%
10,0%
26,9%

61,2%
95,7%
84,7%
30,8%
96,8%

59,7%
96,4%
83,3%
31,6%
93,4%

61,2%
98,7%
65,3%
32,4%
96,4%

15,6%
2,5%
45,6%
12,2%
0,5%

18,6%
4,6%
12,4%
13,6%
1,37%

17,4%
3,3%
35,1%
12,1%
0,7%

67,8%
98,6%
70,1%
31,3%
97,2%

63,2%
97,5%
43,5%
32,6%
93,9%

65,3%
98,2%
70,1%
33,3%
96,4%

61,2%
95,7%
84,7%
30,8%
96,8%

59,7%
96,4%
41,7%
31,6%
93,4%

61,2%
95,7%
98,6%
32,4%
96,4%

64,3%
97,1%
76,7%
30,9%
96,9%

61,4%
96,9%
42,6%
31,6%
93,6%

63,2%
96,9%
97,3%
32,6%
96,4%

81,9%
99,1%
73,4%
77,5%
100,0%

75,1%
96,8%
63,5%
60,4%
97,0%

79,8%
98,7%
69,0%
72,4%
99,8%

(38/12/5)

(5/18/32)

(17/30/8)

The results from the Table 9.16 have been also presented (for better visualization) in the
figures in the Table 9.17. These graphs confirm high performance of the C4.5 in case of the
hepatitis database. However, overall best algorithm is the Naïve Bayes, with the Multilayer
Perceptron being the second.
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Table 9.17 Evaluation of performance of the data mining algorithms for the medical databases
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As one can see the highest score of the performance for the medical database and data mining
algorithm is achieved for the Naïve Bayes classifier. The second classification is achieved with
the use of Multilayer Perceptron algorithm. Finally the C4.5 algorithm’s performance is
evaluated. After the analyses of Table 9.25 and Table 9.26 one can see that the time spent for the
experiments for the Multilayer Perceptron is the longest while classifying with the use of Naïve
Bayes is the shortest. The evaluation of effectiveness and accuracy of data mining methods for
these three algorithms showed that the most accurate method in Medical Decision Support
Systems is Naïve Bayes Classifier, next the Multilayer Perceptron algorithm and finally C4.5
algorithm.

78

10

CONCLUSIONS

Nowadays, huge amount of data is gathered in medical databases [12]. Such databases may
contain valuable information contained in nontrivial dependencies among symptoms and
diagnoses. With the use of medical systems the process of uncovering such relationships in
historical data is much easier to conduct. This knowledge can be used in diagnosis of future cases.
The main goal of the research was to identify the most common data mining algorithms,
implemented in modern Medical Decision Support Systems, and evaluate their performance on
several medical datasets. Three algorithms were chosen: C4.5, Multilayer Perceptron and Naïve
Bayes. For the evaluation five UCI databases were used: heart disease, dermatology diseases,
hepatitis, breast cancer and diabetes datasets. Several performance metrics were utilized: percent
of correct classifications, True/False Positive rates, AUC, Precision, Recall, F-measure and a set
of errors. The underlying reason for such a research was the fact that no work was found which
would analyze these three algorithms under identical conditions.
Below are the answers to the research questions stated at the beginning of the research.
Research Question 2 (RQ2)
What is peculiar about medical data mining?
Answer
Medical data mining is specific because of the unique nature of medical data. The medical
data is specific with regard to the values the attributes may take. Very often these attributes are
binary. They denote presence or absence of some features, e.g. symptoms, diagnoses. On the
other, multi-valued attributes usually take values from defined intervals (e.g. blood pressure or
body temperature). These are usually positive. Negative values mostly concern attributes
representing screening results such as ECG, RTG, etc.
This is what makes the medical data mining unique. Algorithms which are to be applied to
medical data should be tuned to fit such data. Obviously, there is human health and life at stake,
there is a strong requirement of proper assessment of the results. Many reliable metrics have to be
utilized in order to identify the most suitable methods. The results of mining medical data cannot
be applied immediately in real life, though. They have to be thoroughly verified by doctors as
well.
Research Question 3 (RQ3)
What medical decision support systems are currently used in medicine?
Answer
There are several Medical Decision Support Systems utilized in medical centers all over the
world. Their popularity grows while new data mining techniques are founded and implemented in
them to support medical diagnosing and treatment. The most common type of MDSS used in
medicine is the knowledge-driven. Such a system utilizes facts, rules and other constructions to
solve problems. It is supposed to support decision making by structuring a problem, evaluating it
and finally delivering a set of alternative with suggestions which of them seems to be the best
according to some criteria.
The most popular examples of Medical Decision Support Systems are: Help, DXplain and
ERA. They are all capable of mining medical data for knowledge. The first one is the oldest from
the listed ones. It has been on the market since 1980. ERA is the youngest. DXplain,
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unfortunately is not developed any more. Nevertheless, these three systems constitute a milestone
on a medical data mining way. They are used in clinics and hospitals all over the world.
Research Question 4 (RQ4)
Which data mining algorithms are used in medical decision support systems identified in RQ3?
Answer
The variety of Medical Decision Support Systems makes it difficult to choose the most
common data mining algorithms. Often a complete documentation of a system is not publicly
available and it is difficult to know the algorithms implemented. Sometimes a system may be in a
test phase and some part of its functionality may not be working yet. Nevertheless, the
identification of data mining algorithms implemented in MDSS’s was done on worldwide
recognized systems like: Help, DXplain and ERA.
The review of the popular Medical Decision Support Systems brought a list of data mining
algorithms. The research utilized three the most popular data mining algorithms commonly
implements in modern MDSS’s. These included C4.5 decision tree algorithm, Multilayer
Perceptron and Naïve Bayes. These three algorithms prove to be highly efficient in the MDSS’s.

Research Question 1 (RQ1) (the main one)
Which data mining algorithms implemented in popular medical decision support systems give the
most accurate results in supporting medical diagnosis?
Answer
In order to answer this question the algorithms have been calibrated and evaluated on five
medical datasets. The performance metrics used included: percent of correct classifications, True
and False Positive rates, AUC, Precision, Recall, F-measure and several errors. The calibration
was supposed to identify a testing configuration (holdout percentage, or k-fold cross-validation)
which yielded the best model. The evaluation concerned only the best models of each of the
algorithms.
The experiments delivered interesting results. First of all, it was impossible to name the best
testing configuration for all of the algorithms. Each metric had similar values for all of the
configurations. However, there was a slight tendency favoring 10-fold cross-validation and 66%
split. On the other hand, in most of the experiments the worst configuration was the 50% split.
However, despite these slight tendencies it was impossible to single out the best testing
configuration. Thus, following the advice of the authors of [71], who claim that the best results in
a general case are gained for the 10-fold cross-validation, this configuration was used for the
ultimate evaluation. The analysis delivered interesting results. The best classifier was the Naïve
Bayes. Its overall performance turned out to be the highest in case of most of the databases. This
may be caused by the nature of data being complex could have caused overtraining of the two
other algorithms. The second place was won by the Multilayer Perceptron. Its general
performance was only slightly worse than Naïve Bayes’. The worst algorithm, in turn, was the
C4.5. Its poor performance was expressed by high rate of errors and low values of other metrics.
It may have been caused by overtraining of the tree which was very complex in most of the cases.
Interesting results were gained in case of the hepatitis database. The ranking of the algorithms
was reversed. The C4.5 gave the best results while the other two the worst. The reason for this
may the nature of data from this database. Most of the attributes were binary, which is unique
among the databases. This must have created good training source for the tree.
The results achieved during the studies proved the applicability of the data mining algorithms
for the medical datasets. However one should be careful before the generalization of the results
80

for all medical datasets. It is essential to conduct the more complex experiments before
application them in real medical system. The results of such experiments are valuable during the
creation of new Medical Decision Support Systems. The thesis aims at presentation of the
algorithms’ evaluation way and may be the beginning of more complex experiments. The proper
choice of the algorithms for implementation in such systems may be beneficial for medicine.
With the use of accurate algorithms the precision of the medical decisions would increase along
with a decrease in the time spent for the diagnosing. This improvement of the health care is
extremely important in case of an emergency. Furthermore, in GP’s work the application of
accurate MDDSs would increase the time spent for the patient direct consultation instead of
considering the possible diagnoses. This would also make the doctors consider rare diseases. That
is the reason why research on the evaluation of performance of the data mining methods is so
important from the medical point of view.
The plans of future work include the evaluation of chosen algorithms on the basis of other
medical datasets. The experiments would be conducted for the wider range of medical records
what make the evaluation even more precise. The good idea is taking also other algorithms to the
experiments and compares their performance in medical field. This would develop a new ranking
and help in designing Medical Decision Support Systems by the choice of the most suitable
algorithms.
To sum up, medical data mining may be a very difficult area of research. As the example of
this study shows, it may be impossible to find the best data mining algorithm suitable for all of
the medical domains. Each of the algorithms has some specific features applicable to different
problems. Even though the medicine seems to be a concise discipline there are certain aspects
which may make the data difficult to analyze. They include various uncertainties (of diagnoses,
data, screening results, etc.), variability of doctors interpretations of screening results,
heterogeneity of the domain, specificity of medical data or various other social and ethical issues.
Thus, it is advisable to test several of the algorithms prior to their application in real-life
solutions.
Nevertheless, the thesis proved that data mining algorithms can be applied to medical data.
High performance gained by them is encouraging to carry on the research. There is still a lot to do
within this field. Any work can bring a breakthrough in healthcare, making people’s lives
healthier, safer and happier.
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