
Abstract
Binary classification is the task of classifying the members of 
a given set of objects into two groups on the basis of whether 
they have some property or not. A typical binary classification 
tasks in health care management could be diagnosis of medical 
testing to determine if a patient has certain disease or not. 
In this paper, we make use of a large database ‘Wisconsin 
Breast Cancer Database’ containing 10 attributes and 699 
instances to perform comparative study of various data mining 
classification algorithms namely ID3, K-NN, C4.5, and SVM. 
We compare these algorithms on various parameters in the 
classification tasks of the diagnosis of patient’s breast cancer 
as begnin or malignant using TANAGRA, A Data Mining Tool. The 
results of the experiment show that instance based learning 
algorithm K-Nearest Neighbor gives a promising classification 
results with utmost accuracy rate and robustness.
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I. Introduction
Data mining is the process of automatic classification of cases 
based on data patterns obtained from a dataset. A number of 
algorithms have been developed and implemented to extract 
information and discover knowledge patterns that may be useful 
for decision support[13]. Once these patterns are extracted they 
can be used for automatic classification of case mixes [4]. The 
healthcare environment is generally perceived as being ‘rich in 
information’ yet having ‘knowledge poor’ [10]. The healthcare 
decision makers have a vast quantity of data, but no effective 
way to analyze the data to accurately determine relationships 
and trends [7]. Some clinicians believed that data collection 
methodologies were flawed and that the use of data would 
threaten their decision-making authority [6]. As healthcare 
continues to become more complex, the industry needs to find 
an effective means of evaluating its large volume of clinical, 
financial, demographic, and socioeconomic data [7].

The database used for this experiment is about the diagnosis 
of breast cancer. The body is made up of many types of cells. 
Normally, cells grow and divide to produce more cells only 
when the body needs them. This orderly process helps keep 
the body healthy. Sometimes, however, cells keep dividing when 
new cells are not needed. These extra cells form a mass of 
tissue, called a growth or tumor [1]. Tumors can be benign or 
malignant. Benign tumors are not cancer [1]. They can usually 
be removed, and in most cases, they do not come back. Cells 
from benign tumors do not spread to other parts of the body. 
Most important, benign breast tumors are not a threat to life. 
Malignant tumors are cancer [1]. Cells in these tumors are 
abnormal. They divide without control or order, and they can 

invade and damage nearby tissues and organs. That is how 
cancer spreads from the original (primary) cancer site to form 
new tumors in other organs. The spread of cancer is called 
metastasis. When cancer arises in breast tissue and spreads 
(metastasizes) outside the breast, cancer cells are often found 
in the lymph nodes under the arm (axillary lymph nodes). The 
disease is called metastatic breast cancer [1].

A. Motivation
Awareness about breast cancer has scientifically increased 
during recent years as according to American Cancer Society 
in 2004 (the latest year for which Fig. s are available), 
approximately 2.4 million women living in the U.S. had a history 
of breast cancer[12]. In 2007, approximately 40,460 women 
are expected to die from breast cancer. According to Times 
of India report in 2007 in India, nearly one lakh women died 
from breast cancer. By 2015, there will be approximately 2.5 
Lakhs new cases in India. According to World Cancer Report in 
the year 2000, malignant tumors were responsible for 12 per 
cent of the nearly 56 million deaths worldwide from all causes. 
Cancer rates could further increase by 50% to 15 million new 
cases in the year 2020. 
Treatment records and diagnosis of medical tests of millions 
of patients can be stored and computerized and data mining 
techniques may help in answering several important and 
critical questions related to health care management[14]. The 
statistics about breast cancer and significant improvement in 
the computer processing speed in addition to low hardware 
prices and availability of data mining tools motivated us to 
collect data about breast cancer and to undertake this paper 
work as a challenge. 

B. Organization of the Paper
The paper is organized as follows: Section 2 defines problem 
statement and related work in this area. Section 3 describes the 
proposed classification method to diagnose the patient’s cancer 
as begnin or malignant using various data mining classification 
algorithms. It also includes the details of Wisconsin Breast 
Cancer Database containing 10 attributes and 699 instances 
used to perform this experiment. Experimental results and 
performance evaluation are presented in Section 4 and finally, 
Section 5 concludes the paper and points out some potential 
future work.

II. Problem Statement and Related Works
“The World Cancer Report tells us that cancer rates are set 
to increase at an alarming rate globally. This report calls on 
Governments, health practitioners and the general public 
to take urgent action. Action now can prevent one third of 
cancers, cure another third, and provide good, palliative care 
to the remaining third who need it," said Dr. Paul Kleihues, 
Director of the International Agency for Research on Cancer 
(IARC) and co-editor of the World Cancer Report. The problem 
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in particular is a comparative study of various data mining 
classification algorithms namely ID3, K-NN, C4.5, and SVM on 
various parameters in the classification tasks of the diagnosis 
of patient’s breast cancer as begnin or malignant using 
Wisconsin Breast Cancer Dataset containing 10 attributes 
and 699 instances. 

Kristin B. DeGruy [7] explored the potential of Knowledge 
Discovery in Health Care databases. L. A. Breslow and D. W. 
Aha [5] worked on classification using decision tree. Their work 
also explores decision trees’ applications in different areas. 
D. E. Brown, V. Corruble, and C. L. Pittard [2] presented a 
comparison of decision tree classifiers with back propagation 
neural networks for multimodal classification problems. J. 
Catlett [3] worked on very large databases. His work shows 
that how knowledge patterns can be generated from large 
databases. T. Cover and P. Hart [9] performed classification 
task using K- Nearest Neighbor classification method. Their 
work shows that K-NN can be very accurate in classification 
task under certain specific circumstances. M. James [8] in his 
book on classification algorithms presented detailed discussion 
on various binary classifiers like ID3, K-NN, C4.5, and SVM. 

III. Proposed Method
Classification is the process of finding a set of models that 
describe and distinguish data classes and concepts, for the 
purpose of being able to use the model to predict the class 
whose label is unknown. Fig.  1 shows a general framework of 
classification process. In this experiment, object corresponds to 
patient, and object class label corresponds to patient’s cancer 
category. Every patient’s record is consisted of the results 
of different medical tests like clump, ucellsize, ucellshape, 
mgadhesion, sepics, bnuclei, bchromatin, normnucl, and 
mitoses that are used to predict the category of patient’s cancer. 
Classification is a two step process, 1. Build classification 
model using training data. Every object of the data must be 
pre-classified i.e. its class label must be known. In Fig.  1, 
features clump, ucellsize, ucellshape, mgadhesion, sepics, 
bnuclei, bchromatin, normnucl, and mitoses are used to build a 
model that replies how these attributes determine the category 
of each patient. 2. The model generated in the preceding 
step is tested by assigning class labels to data objects in a 
test dataset. The test data may be different from the training 
data. Every element of the test data is also preclassified in 
advance. The accuracy of the classification model is determined 
by comparing true class labels in the testing set with those 
assigned by the model. 

In this paper, we identified the finest binary classifier through 
experimental study for the task of classifying patient’s cancer 
type in to Begnin or Malignant using TANAGRA data mining 
tool. In this experimental study, the four steps undergone are 
preprocessing Wisconsin Breast Cancer Dataset, building 
classifier, various parameters based evaluation, and validation. 
Fig.  2 shows the block diagram of steps of evaluation and 
comparison[11].

Fig. 1: Proposed Classification Model

Fig. 2: Block Diagram of steps of evaluation and comparison

A. Breast Cancer Dataset Preprocessing
We make use of a large database ‘Wisconsin Breast Cancer 
Database’ containing 10 attributes and 699 instances to 
perform comparative study of various data mining classification 
algorithms namely ID3, K-NN, C4.5, and SVM. Prior to indexing 
and classification, a preprocessing step was performed. The 
Wisconsin Breast Cancer Database is originally available on UCI 
Machine Learning Repository website http://archive.ics.uci.
edu:80/ml/datasets.html in Excel Format i.e. .xls file. In order 
to perform experiment using TANAGRA, the file format for breast 
cancer database has been changed to .txt file. This dataset 
is containing 10 attributes and 699 instances. The complete 
description of the of attribute value are presented in Table 1. 
A sample training data set is also given in Table 2. 

Table 1: Complete description of variables

Variable/Attributes Category Possible Values
Clump Continue 1 – 10
Ucellsize Continue 1 – 10
Ucellshape Continue 1 – 10
Mgadhesion Continue 1 – 10
Sepics Continue 1 – 10
Bnuclei Continue 1 – 10
Bchromatin Continue 1 – 10
Normnucl Continue 1 – 10
Mitoses Continue 1 – 10
Class Discrete Two, Begnin & Malignant
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Table 2: Sample of instances from
class

4 2 2 1 2 1 2 1 1 Begnin
1 1 1 1 2 1 2 1 1 Begnin
2 1 1 1 2 1 2 1 1 Begnin
10 6 6 2 4 9 7 1
4 1 1 1 2 1 2 1 1 Begnin
1 1 1 1 2 1 1 1 1 Begnin
1 1 1 1 2 1 2 1 1 Begnin
5 1 1 1 2 1 2 1 1 Begnin

Wisconsin Breast Cancer Dataset

B. Building Classifiers

1. ID3
The aim of ID3 algorithm is to construct a decision tree that 
on the basis of answers to questions about the non-category 
attributes predicts correctly the value of the category attribute. 
ID3 algorithm uses a fixed set of examples to build a decision 
tree and then uses this tree to classify given data samples.

2. C 4.5
C4.5 builds decision trees from a set of training data in the 
same way as ID3, using the concept of Information Entropy. 
The training data is a set S = s1,s2,... of already classified 
samples. Each sample si = x1,x2,... is a vector where x1,x2,... 
represent attributes or features of the sample. The training 
data is augmented with a vector C = c1,c2,... where c1,c2,... 
represent the class that each sample belongs to.

3. K-NN
The k-nearest neighbor algorithm is amongst the simplest of 
all machine learning algorithms. An object is classified by a 
majority vote of its neighbors, with the object being assigned 
to the class most common amongst its k nearest neighbors. k 
is a positive integer, typically small. If k = 1, then the object is 
simply assigned to the class of its nearest neighbor. In binary 
(two class) classification problems, it is helpful to choose k to 
be an odd number as this avoids tied votes.

4. SVM
SVMs are a relatively new learning process influenced highly 
by advances in statistical learning theory. This classification 
divides two separate classes, which are generated from training 
examples. The overall aim is to generalize well to test data. This 
is obtained by introducing a separating hyper plane, which must 
maximize the margin between the two classes; this is known 
as the optimum separating hyper plane.

C. Measures for performance evaluation
To measure the performance of a medical test, the concepts 
sensitivity and specificity are often used; these concepts are 
readily usable for the evaluation of any binary classifier. Say 
we test some people for the presence of a disease. Some of 
these people have the disease, and our test says they are 
positive. They are called true positives (TP). Some have the 
disease, but the test claims they don't. They are called false 
negatives (FN). Some don't have the disease, and the test says 
they don't - true negatives (TN). Finally, we might have healthy 
people who have a positive test result false positives (FP). Thus, 
the number of true positives, false negatives, true negatives, 
and false positives add up to 100% of the set.

1. Sensitivity (TPR) 
It is the proportion of people that tested positive of all the 
positive people tested; that is (true positives) / (true positives 
+ false negatives). It can be seen as the probability that the 
test is positive given that the patient is sick. The higher the 
sensitivity, the fewer real cases of diseases go undetected. It 
can be defined as: 

 (1)

2. Specificity (TNR) 
It is the proportion of people that tested negative of all the 
negative people tested; that is (true negatives) / (true negatives 
+ false positives). As with sensitivity, it can be looked at as the 
probability that the test is negative given that the patient is not 
sick. The higher the specificity, the fewer healthy people are 
labeled as sick. It can be defined as:

  (2)

3. False Positive Rate (FPR) 
It is simply the ratio of false positives to false positives plus 
true negatives. In an ideal world we want the FPR to be zero. 
It can be defined as:

 (3)

4. Precision 
In information retrieval positive predictive value is called 
precision. The positive prediction value answers the question 
"how likely it is that I really have the disease, given that my test’s 
result was positive?”. It is calculated as (true positives) / (true 
positives + false positives); that is, it is the proportion of true 
positives out of all positive results. It can be defined as:

 (4)

5. Accuracy 
It is simply a ratio of ((no. of correctly classified examples) / 
(total no. of examples)) *100). Technically it can be defined 
as:

  (5)

6. Confusion Matrix 
It is a Table of Confusion, also known as a confusion matrix, is 
a table with two rows and two columns that reports the number 
of True Negatives, False Positives, False Negatives, and True 
Positives as shown in Fig.  3. One benefit of a confusion matrix 
is that it is easy to see if the system is confusing two classes 
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(i.e. commonly mislabeling one as another). 

Fig. 3: Confusion Matrix

IV. Experimental Results and Performance Evaluation
In this experiment we present a comparative study of various 
data mining classification algorithms on various parameters 
in the classification tasks of the diagnosis of patient’s breast 
cancer as begnin or malignant using Wisconsin Breast 
Cancer Dataset containing 10 attributes and 699 instances. 
The training dataset is given as input to TANAGRA and the 
classification algorithms namely ID3, K-NN, C4.5, and SVM were 
implemented. The results of the experiment show that instance 
based learning algorithm K-Nearest Neighbor (K-NN) gives a 
promising classification results with utmost accuracy rate and 
robustness among the peer classification algorithms (ref. Table 
3).  An experiment measuring the accuracy of binary classifiers 
based on true positives, false positives, false negatives, and 
true negatives, as per Equation 5 as shown in Table 3 and 
Fig.  4 & 5.

Table 3:  Accuracy of Binary Classifiers

Parameters ID3 K-NN C 4.5 SVM
TP 417 447 442 446
FP 41 11 16 12
FN 12 7 3 9
TN 229 234 238 232
Error Rate 0.0758 0.0258 0.0300
Accuracy 0.9242 0.9742 0.97
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Fig. 5: Accuracy of Classifiers

Furthermore, sensitivity and specificity are statistical measures 
of the performance of a binary classification test. The sensitivity 
or the recall rate measures the proportion of actual positives 
which are correctly identified as such; and the specificity 
measures the proportion of negatives which are correctly 
identified. In our experiment besides sensitivity (as per Equation 
1) and specificity (as per Equation 2), FPR (as per Equation 
3) & precision (as per Equation 4) were used as the metrics 
for evaluating the performance of each tumor classification 
approach. The results are as shown in Table 4 & Table 5 and 
Fig.  5 & Fig.  6 respectively for begnin and malignant tumor. 

Table 4: Begnin Class Precision/TPR/TNR/FPR

Parameters ID3 K-NN C 4.5 SVM

Precision 0.972 0.9846 0.9933 0.9802

Recall/
Sensitivity 
(TPR)

0.9105 0.9760 0.9651 0.9738

Specificity 
(TNR)

0.8481 0.9551 0.9370 0.9508

FPR 0.1518 0.0448 0.0629 0.0491

* These Results have been obtained by applying mentioned 
classification algorithms in Tanagra 

Table 5: Malignant Class Precision/TPR/TNR/FPR

Parameters ID3 K-NN C 4.5 SVM
Precision 0.8481 0.9551 0.9370 0.9508
Recall/
Sensitivity 
(TPR)

0.9502 0.9710 0.9876 0.9627

Specificity 
(TNR)

0.8481 0.9551 0.9370 0.9508

FPR 0.1518 0.0448 0.0629 0.0491

* These Results have been obtained by applying mentioned 
classification algorithms in Tanagra 
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Fig. 6: TP/FP/FN/TN of Classifiers
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Fig.  7: Accuracy of Classifiers

A. Relative Operating Characteristic curve
ROC curves are two-dimensional graphs that visually depict 
the performance and performance trade-off of a classification 
model. ROC graphs are another way besides confusion matrices 
to examine the performance of classifiers. A ROC graph is a plot 
with the false positive rate on the X axis and the true positive 
rate on the Y axis. The point (0,1) is the perfect classifier: it 
classifies all positive cases and negative cases correctly. It is 
(0,1) because the false positive rate is 0 (none), and the true 
positive rate is 1 (all). The point (0,0) represents a classifier 
that predicts all cases to be negative, while the point (1,1) 
corresponds to a classifier that predicts every case to be 
positive. Point (1,0) is the classifier that is incorrect for all 
classifications. 
ROC graphs are constructed by plotting the true positive rate 
against the false positive rate .We can identify a number of 
regions of interest in a ROC graph. The diagonal line from the 
bottom left corner to the top right corner denotes random 
classifier performance, that is, a classifier mapped onto this 
line produces as many false positive responses as it produces 
true positive responses. 

Table 6: TPR/FPR of Begnin Class

Parameters ID3 K-NN C 4.5 SVM

Recall/
Sensitivity 
(TPR)

0.9105 0.9760 0.9651 0.9738

FPR 0.1518 0.0448 0.0629 0.0491

Table 7 :TPR/FPR of Malignant Class

Parameters ID3 K-NN C 4.5 SVM
Recall/
Sensitivity 
(TPR)

0.9502 0.9710 0.9876 0.9627

FPR 0.1518 0.0448 0.0629 0.0491

    
Fig. 8: ROC Curve for Begnin class  

              

        Fig. 9: ROC Curve for Malignant class

B. Observations & Analysis
It may be observed from Table 3 that the error rate of binary • 
classifiers K-NN is lowest i.e. 0.0258 in comparison with 
other binary classifiers, which is most desirable.
Accuracy of K-NN is highest among the peer classifiers i.e. • 
0.9742 (ref. Table 3), which is highly required.
Sensitivity (TPR) of K-NN in case of begnin class of tumor is • 
highest i.e. 0.9760 (ref. Table 4), but in case of malignant 
tumor TPR is highest of C 4.5 i.e. 0.9886 (ref. Table 5).The 
higher the sensitivity, the fewer real cases of diseases go 
undetected. However, sensitivity alone does not tell us 
how well the test predicts other classes (that is, about the 
negative cases) [8].
Specificity (TNR) of K-N is highest among all presented • 
binary classifiers i.e. 0.9551 (ref. Table 4 & 5) .The higher 
the specificity, the fewer healthy people are labeled as 
sick.
In an ideal world we want the FPR to be zero. Considering • 
results presented in Table 4 & 5, FPR is lowest of K-NN 
i.e. 0.0448, in other words closet to the zero in peer group 
of binary classifiers.
Precision value of K-NN in case of malignant class of tumor • 
is highest i.e. 0.9551 (ref. Table 5), but in case of begnin 
tumor precision value is highest of C 4.5 i.e. 0.9933 (ref. 
Table 4). Precision value is the proportion of true positives 
out of all positive results. However, the prediction values 
are dependent on the population in the sense that they 
do change depending on what the proportion of positives 
and negatives tested are [8].
It is also observed through ROC (ref. Fig. 8 & 9) that K-NN • 
is more suitable for classifying tasks in terms of accuracy, 
precision and error rate, specificity.

According to the experiments and result analysis presented 
in this paper, instance based learning algorithm K-Nearest 
Neighbor gives a promising classification results for the tasks of 
the diagnosis of patient’s breast cancer as begnin or malignant 
with utmost accuracy rate and robustness.

V. Conclusion and Future Work
Today's clinical databases store detailed information about 
patient diagnoses, lab test results and details from patient 
treatments, a virtual gold mine of information for medical 
researchers. Utilizing data mining techniques with medical 
treatment data is a virtually unexplored frontier. A comparative 
study of data mining classification algorithms helps uncovering 
the valuable knowledge hidden behind them and aiding the 
decision makers to improve the health care services.  The 
presented experiment gives medical doctors and health care 

128 InternatIonal Journal of Computer SCIenCe and teChnology

IJCSt Vol. 1, ISSue 2, deCember 2010 I S S N  :  2 2 2 9 - 4 3 3 3 ( P r i n t )  |  I S S N  :  0 9 7 6 - 8 4 9 1 ( O n l i n e )

w w w . i j c s t . c o m



planners a tool to help them quickly make sense of vast clinical 
databases. A typical binary classification tasks in health care 
management could be diagnosis of medical testing to determine 
if a patient has certain disease or not. A comparative study 
of data mining classification algorithms namely ID3, K-NN, 
C4.5, and SVM on various parameters in the classification 
tasks of the diagnosis of patient’s breast cancer as begnin 
or malignant yields the results that instance based learning 
algorithm K-Nearest Neighbor gives a promising classification 
results with utmost accuracy rate and robustness. 
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