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ABSTRACT

This paper highlights the significance of classification in data
mining and knowledge discovery. In this paper we investigate
the performance of various data mining classification algorithms
viz. Rnd Tree, Quinlan decision tree algorithm (C4.5), K-
Nearest Neighbor algorithm etc., on a large dataset from the
‘Wisconsin Breast tissue dataset’ (derived from the UCI
Machine Learning Repository) that comprises of 11 attributes
and 106 instances. The results of this study indicate the level of
accuracy and other performance measures of the algorithms in
detecting the presence of breast cancer and the associated breast
tissue conditions that increase the risk of developing cancer in
future. Moreover the importance of feature selection/reduction
in improving the performance of classification algorithms is also
described. The classification algorithm Rnd Tree produced 100
percent accuracy for classification of all the training data under
multiple classes. The classification algorithm was also applied to
verify it’s correctness in classifying test data.
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1. INTRODUCTION

Data mining [1] is the process of analyzing data from various
perspectives and summarizing it into useful, meaningful and
related information. Technically, Data Mining [2] is the process
of finding correlations, associations or patterns among a large
number of fields in huge relational databases. Knowledge
discovery [2] in database and data mining play an important role
in exploring data and revealing important data patterns. These
patterns can then be seen as a kind of outline of the input data,
and can be used in further investigation or can be applied in the
field of machine learning and predictive analytics. For instance,
the data mining step could be used to detect multiple groups in
the data. Identification of these groups can then aid in obtaining
more precise and accurate prediction results by a decision
support system. There are many data mining algorithms and
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tools that have been developed for feature selection, clustering,
rule framing and classification. These algorithms are used to
discern and uncover knowledge patterns and make out
significant and meaningful information associated with the
application domain. Classification and prediction [2] [3] [4] are
the data analysis techniques that are used to identify important
data classes and predict probable trends.

Clinical data mining [4] is the application of data mining
techniques with clinical data. In machine learning and pattern
recognition, classification refers to an algorithmic method or
process for assigning a given portion of input data into one of a
suggested number of categories. The term "classifier”, refers to
the mathematical operation, implemented by a classification
algorithm, which maps the keyed-in data to a class or category.

Cancer [5] [6] [7] is a vast and diverse class of diseases in which
a set of cells exhibit unrestrained growth, invasion that intrudes
upon and damages adjacent tissues, and often metastasizes.
Breast cancer is one of the most prominent types of cancer
among women. Detecting early stage breast cancer with high
sensitivity and specificity has proven to be a demanding task for
the existing state of clinical research. These challenges,
combined with the massive toll that this disease takes, have been
the driving factor for continuing research and study to develop
techniques with better and accurate implementation results for
early stage breast cancer detection and treatment. Breast cancer
is cancer stemming from breast tissue. Breast tissue is an
intricate assembly of tissues closely tied to nerves, blood vessels
and fatty tissues, also called adipose tissue.

Realization and consciousness about the causes, indications and
mental trauma associated with breast cancer has scientifically
augmented during recent years [8]. By 2015, there is expected to
be nearly 2.5 Lac new cases in India. According to the World
Cancer Report in the year 2000, malignant tumors were
accountable for roughly 12 percent of the nearly 56 million
deaths worldwide from all causes. Breast cancer is the second
leading cause of death in women, next only to lung cancer [8].
Approximately 2.4 million women residing in the U.S. are
currently under treatment for breast cancer.
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The escalating threat of breast cancer in women all over the
world is attributed to the changing lifestyle and work pattern of
women. The societal impact and personal distress caused by the
occurrence of this cancer, that is known to have a strong
propagating nature from the victim to the future generations has
been the rationale for this research.

In this research work we compare the error rates and related
performance measures produced by the various classification
algorithms on the Wisconsin breast tissue dataset (latest dataset,
updated in 2010) [9] and the effect of feature selection
algorithms on improving the accuracy of classification of
carcinoma in the breast tissue dataset. The existence of other
tissue features like Fibro- adenoma, Mastopathy that indicate a
higher risk of developing cancer in future is also classified.

1.1 Organization of the paper

The rest of the paper is organized as follows: Section 2 reviews
the related work in this area. Section 3 presents the proposed
system design and details of the breast tissue data set while
Section 4 briefly describes the feature reduction algorithms used
in our study. The classification algorithms used in the
experimental analysis are briefed about in Section 5.
Experimental results and performance evaluation are given in
Section 6 whereas the conclusion is narrated in Section 7.

2. RELATED WORK

The literature survey of the work related to our study is
presented. A few researchers have worked on the breast cancer
dataset, the details of which are given below. Ressom et.al [3]
gives an overview of statistical and machine learning-based
feature selection and pattern classification algorithms and their
application in molecular cancer classification or phenotype
prediction. Their work does not involve experimental results.
C.Y.V Watanabe etal [4], have devised a method called
SACMiner aimed at breast cancer detection using statistical
association rules. The method employs statistical association
rules to build a classification model. Their work classifies
medical images and is not applicable to textual medical data.
Siegfried Nijssen et al., [10] have presented their work on multi-
class co-related pattern mining. Their work resulted in the
design of a new approach for item set mining on data from the
UCI repository. Their comparison included only the new
approach designed and the extension of the Apriori algorithm.
Their results reveal comparison mainly on the runtime of the
mining approaches. T. Cover and P. Hart [11] performed
classification task using K- Nearest Neighbor classification
method. Their work shows that K-NN can be very accurate in
classification tasks under certain specific circumstances. Their
results reveal that for any number of categories, the probability
of error of the Nearest Neighbor rule is bounded above by twice
the Bayes probability of error. Aruna et.al [6] presented a
comparison of classification algorithms on the Wisconsin Breast
Cancer and Breast tissue dataset but has not provided feature
selection as a pre-classification condition. Moreover they have
analyzed the classification results of only five classification
algorithms namely Naive Bayes, Support Vector Machines
(SVM), Radial Basis Neural Networks (RB-NN), Decision trees
J48 and simple CART. Luxmi et. al., [12] have performed a
comparative study on the performance of binary classifiers.
They have used the Wisconsin breast cancer dataset with 10
attributes and not the breast tissue dataset. Moreover they have
not brought out the effect of feature selection in classification.
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Their experimental study was restricted to four classification
algorithms viz. ID3, C4.5, K-NN and SVM. Their results did not
reveal complete accuracy for any of the classification
algorithms.

3. PROPOSED SYSTEM DESIGN

Classification [2] [3] [13] is a data mining function that
designates items in a collection to target categories or classes.
The goal of classification is to accurately predict the target class
for each case in the data. In the model build (training) process, a
classification algorithm finds relationships or associations
between the values of the predictors and the values of the target.

3.1 System Description
The diagrammatic representation of the proposed system design
in presented in Figure 1.

3.1.1 Training Data

The data set used in our experimental study is taken from the
UCI Machine Learning Repository Wisconsin Breast Tissue
dataset which is the most recently updated dataset (updated in
2010) [6][9]. The details of the attributes in the dataset are given
in Table 1.

Table 1. Description of the attributes in the dataset

Attributes | Description

1110 Impedivity (ohm) at zero frequency

2 | PA500 Phase angle at 500 KHz

3 | HFS High-frequency slope of phase angle

4 | DA Impedance distance between spectral
ends

5 | AREA Area under spectrum

6 | AIDA Area normalized by DA

7 | MAX IP Maximum of the spectrum

8 | DR Distance between 10 and real part of the
maximum frequency point

9. | P Length of the spectral curve

Carcinoma [5] is the medical term that indicates cancer. Fibro-
adenoma is the most common benign tumor of the breast. Any
disease, pain or disorder of the mammary glands is referred to as
Mastopathy [5]. It is epitomized by the occurrence of pain and
seals in the breast. Its presence raises the risk of developing
cancer.

Breasts [5] are made up of fat, connective tissue, glandular
tissue and ducts. The glandular tissue is prearranged in lobes
that are connected to the nipple by ducts to secrete and deliver
milk during lactation. The percentage of glandular, connective
and adipose tissue in the mammograms may have some
indication of abnormality or malfunction in the patient’s breast
tissue characteristics that could be indicative of developing
cancer in future.

This is a dataset with electrical impedance measurements in
samples of freshly excised tissue from the breast. It consists of
106 instances that are described by 10 attributes that includes 9
features and 1 class attribute [6]. Figure 1 portrays the proposed
classification model.
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Figure 1: Proposed System Design

Six classes of freshly expurgated tissue were studied using
electrical impedance measurements. Though this dataset has
been previously used in a classification study, the accuracy of
five classification algorithms alone has been explored. This
paper compares the performance of fifteen classification
algorithms with important attributes ranked prior to the
classification phase by a well performing feature selection
algorithm, the results of which are discussed in Section 4.

3.1.2 Data Visualization

The Wisconsin Breast Tissue dataset is stored as a Microsoft
Excel 97 spreadsheet (.xlIs) [9]. This is loaded into the Data
Mining tool after which a verification of the dataset is
performed. This is done by viewing the dataset within the
TANAGRA tool to ensure the correctness of the loaded training
data. A sample of the training data is shown in Table 2. The
dataset comprises of 11 attributes with 106 examples. The data
is originally present in the breast tissue mammogram images.
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Textual information is derived from the mammograms and is
stored as a public repository for study and research purpose.

Table 2: Dataset description

Attribute Category Information
Case # Continue -
10 Continue -
PA500 Continue -
HFS  Continue -
DA  Continue -
Area  Continue -
A/DA Continue -
Max IP Continue -
DR  Continue >
P Continue -

Class Discrete 6 values

3.1.3 Data Pre-processing

The data was downloaded in the form of an Excel spreadsheet.
The downloaded files were analyzed [14]. According to the
download instructions, the missing values have been replaced
with zero. The case attribute is not considered for classification
as it is only a representation of the patient identity.

Once the dataset is obtained in the form to be loaded into the
data mining tool, the feature selection/reduction algorithms have
to be applied on the dataset to weigh the attributes as explained
in the following section.

4. FEATURE SELECTION

Feature selection [15] has been a lively and effective research
area in pattern recognition, statistics, and data mining
communities. The main idea behind feature selection is to
identify and choose a subset of the input variables by analyzing
and eliminating features with little or no predictive information.
Feature selection can appreciably improve the comprehensibility
and lucidity of the resulting classifier and often construct a
model that generalizes better to unseen points. Further, it is often
the case that finding the precise and exact subset of predictive
attributes is an important problem in its own sense [16] [17].
The feature selection algorithms used for this comparison are
briefly explained in the following subsections.

4.1 Fisher Filtering

Univariate Fisher’s ANOVA ranking [7]. It is a supervised
feature selection algorithm based upon a filtering approach. It
processes the selection algorithm independently from the
learning algorithm. This component ranks the input attributes
according to their importance and relevance. A cutting rule
facilitates the selection of subset of these attributes. This
algorithm does not take into account the redundancy of the input
attributes.
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4.2 ReliefF Filtering

ReliefF is an extension of the popular Relief algorithm [7] [8]. A
key idea of the ReliefF algorithm is to evaluate, estimate and
assess the quality of features according to how well their values
distinguish between sample points that are near to each other.

4.3 Stepwise Discriminant Analysis

STEPDISC (Stepwise Discriminant Analysis) [14] [18] is
always associated with discriminant analysis because it
functions on the same criterion i.e. the WILKS’ partial lambda.
So it is often presented as a method especially intended for the
discriminant analysis. In the FORWARD approach, at each step,
we determine the variable that really contributes to the
discrimination between the groups. We add this variable if its
contribution is significant. The process stops when there is no
attribute to add in the model. In the BACKWARD approach, we
begin with the complete model with all descriptors. We search
to identify the less relevant variable. We remove this variable if
its removal does not notably damage the discrimination between
groups. The process stops when there is no variable to remove.

4.4 Runs Filtering

Univariate attribute ranking [14] from Runs test. It is a
supervised feature selection algorithm based upon a filtering
approach. It processes the selection algorithm independently
from the learning algorithm. This component identifies the
significance of the input attributes according to their relevance
and gives their ranking.

Once the attributes are weighted by the feature selection method,
we will classify the training set by applying the fifteen
classification algorithms. We have performed all the fifteen
classification algorithms on the training set with unfiltered
attributes, attributes weighted by ReliefF algorithm and
attributes weighted by Stepwise Discriminant Analysis
algorithm.

5. CLASSIFICATION

Classification [13] [19] is the process of finding a set of models
that describe and distinguish data classes. This is done to
achieve the goal of being able to use the model to predict the
class whose label is unknown. Some of the algorithms used in
our experimental study are briefed in the following sections.

5.1 Iterative Dichomotiser (I1D3)

The aim of the 1D3 algorithm [12] is to generate a decision tree
that predicts correctly the value of the category attribute, based
on the answers to questions about the non-category
attributes.ID3 algorithm uses a fixed group of examples to build
a decision tree and then uses this tree to classify given data
samples.

52 C45

C4.5 constructs decision trees [13] from a set of training data in
the same way as 1D3, using the concept of Information Entropy.
The training data is a set S = sl, s2, of already classified
samples. Each sample s; = 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, ¢2, where c1, c2, represent
the class of each sample.
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5.3 Linear Discriminant Analysis

Linear discriminant analysis (LDA)[13] and the related Fisher's
linear discriminant are methods used in statistics, pattern
recognition and machine learning to identify a linear
combination of features which characterize or separate two or
more classes of objects or events. The resulting combination
may be used as a linear classifier, or for dimensionality
reduction before later classification.

5.4 Multinomial Logistic Regression

In statistics, economics, and genetics, a multinomial logistic
model, also known as multinomial logistic regression[13], is a
regression model which generalizes logistic regression by
permitting more than two discrete outcomes. This suggests that,
it is a model that is used to predict the probabilities of the
different possible outcomes of a categorically distributed
dependent variable, given a set of independent variables (which
may be real-valued, binary-valued, categorical-valued, etc.).

5.5 Naive Bayes Continuous

Naive Bayes classifier [6] is a probabilistic classifier based on
the Bayes theorem, considering strong (Naive) independence
assumption. Thus, a Naive Bayes classifier believes that all
attributes (features) independently contribute to the probability
of a certain decision. Considering the characteristics of the
underlying probability model, the Naive Bayes classifier can be
trained very efficiently in a supervised learning setting. This
could yield much better results in many complex real-world
situations, especially in the field of computer-aided diagnosis [5]
[6]. Here it is assumed that all variables are independent. Hence
only the variances of the variables for each class need to be
determined and not the entire covariance matrix.

5.6 Rnd Tree

The Rnd tree [13] algorithm can be applied to both classification
and regression problems. Random trees are a collection or
assembly of tree predictors that is called forest [13]. The
classification works as follows: the random trees classifier takes
the input feature vector, classifies it with every tree in the forest,
and outputs the class label that received the majority of “votes”.
In the case of regression the classifier response is the average of
the responses over all the trees in the forest.

5.7 Partial Least Squares -Discriminant
Analysis

Partial least squares regression (PLS regression)[13] is a
statistical method that bears some relation to principal
components regression; Here it develops a linear regression
model by launching the predicted variables and the observable
variables to a new space. Because both the X and Y data are
projected to new spaces, the PLS family of methods are called as
bilinear factor models. Partial least squares Discriminant
Analysis (PLS-DA) is a variant used when the Y is binary.

5.8 Multilayer Perceptron

The perceptron [13] is a multiclass classification algorithm.
Here, the input x and the output y are drawn from random sets.
A feature representation function f(x, y) maps each possible
input/output pair to a finite-dimensional real-valued feature
vector. The feature vector is multiplied by a weight vector w, but
now the resulting score is used to choose among many possible
outputs:
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= argmax, f(x, y).w.

Repeated learning iterates over the examples, calculating and
forecasting an output for each. The output involves two
scenarios. The first case lets the weights remain unaltered when
the predicted output matches the target. The second case
changes the weights when the predicted output does not tone up
with the target. The update becomes:

Wiy = W+ f(Xy) — (x50

Here, wy,; is the new weight which is formed by adding the
existing weight to the difference between the predicted output
and the target. This multiclass formulation reduces to the original
perceptron when x is a real-valued vector, y is chosen from {0,
1}, and f(x, y) = yx.

5.9 K-Nearest Neighbor

The K-Nearest Neighbour [12] algorithm is amongst the
simplest of all machine learning algorithms. An object is
classified by a majority vote of its neighbours. The object is then
designated to the class most common amongst its k nearest
neighbours. K is a positive integer, typically small. If k = 1, then
the object is simply assigned to the class of its nearest neighbor.

5.10 Prototype- Nearest Neighbor
Prototype selection [14] is primarily effective in improving the
classification performance of Nearest Neighbor (NN) classifier.
It carries with it the advantage of partially minimizing NN
classifier storage and computational requirements.

6. PERFORMANCE EVALUATION

The training data of all the 106 cases with all the attributes were
loaded as an Excel spreadsheet in the data mining tool. All the
attributes were continuous and the target class was discrete. It is
to be noted that Rnd Tree algorithm have produced 100%
accuracy and complete precision in classifying the breast tissue
dataset. Four feature selection algorithms viz. Fisher Filtering,
Runs Filtering, ReliefF and Stepdisc filtering were executed on
the dataset. ReliefF was found to produce the best results for
three algorithms but Stepdisc filtering produced better results for
five algorithms as given in Table 3.Fisher’s filtering did not
filter any attributes and Runs Filtering selected 8 attributes out
of 9 but did not produce any significant change in results

The ReliefF algorithm has improved the accuracy of Naive
Bayes Continuous classification, Multinomial Logistic
Regression and PLS-LDA whereas the Stepdisc filtering
algorithm has produced better accuracy for C4.5,Naive Bayes
Continuous, PLS-DA, PLS-LDA and Prototype —NN.

6.1 Performance Measures
The measures and their exact meaning have been given as stated
by Han and Kamber [1].

6.1.1 Confusion Matrix

Given m classes, a confusion matrix [1] is a table of at least size
m*m. An entry, CM; j in the first m rows and m columns
indicates the number of tuples of class | that were named by the
classifier as j. It is a valuable tool for analyzing how well your
classifier can recognize tuples of different classes.
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6.1.2 Precision and Recall

Precision [2] and Recall [2] are two basic measures for assessing
the performance of text retrieval. In our study Precision refers to
the data that is correctly classified by the classification
algorithm. 1.000 precision indicates 100% accuracy. Recall is
the percentage of information relevant to the class and is
correctly classified.

6.1.3 Accuracy

The accuracy [1] of a classifier on a given test set is the
percentage of test set tuples that are correctly classified by the
classifier.

6.1.4 Error- Rate
The error rate [1, 20] is also called the misclassification rate. It
is simply 1-Acc (M), where Acc (M) is the accuracy of M.

The experimental results of performing ReliefF filtering and
Stepwise Discriminant analysis is shown in the following
subsection.

6.2 Experimental Results

The sample results obtained by applying feature
reduction/selection algorithms on the Wisconsin Breast Tissue
dataset are given in Figure 2, Figure 3, Figure 4 and Figure 5.

6.2.1 Feature Selection Results

The ReliefF and the Stepwise Discriminant Analysis algorithm
have shown more accurate filtering and classification results.
The results obtained by applying these algorithms on the dataset
are tabulated in Table 3.

Table 3: Comparison of Feature Selection Algorithms

S.No | Feature Selection/ Reduction | No. of Attributes
Algorithms
Before | After
filtering | filtering
1 Fisher Filtering 9 9
2 Runs Filtering 9 8
3 ReliefF1 9 3
4 Stepwise Discriminant | 9 5
Analysis

The results of the ReliefF and Stepwise Discriminant Analysis
feature selection/reduction algorithms are displayed in Figure 2
and Figure 4 respectively. The ReliefF also displays the weight
assigned to the attributes and selects only those attributes that
are relevant to the current classification.

Parameter Value

Neighbors 10

Use sampling 0

Selection mode 2
INPUT selection

Before filtering 9
After filtering 3

Fig 2: ReliefF-Parameter and Attribute Selection
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The weights assigned to the attributes by ReliefF are given in
Figure 3.

N° Attribute Weight

1 10 0.238329
2 P 0.228159
3 PA500 0.104178
4 DA 0.089638
5 MaxIP  0.084564
6 DR 0.075999
7 AIDA 0.050489
8 HFS 0.025455
9 Area 0.018711

Figure 3: ReliefF Feature Selection Algorithm
Ranked Attributes (Weight)

The attributes selected by the Stepdisc feature selection
algorithm are given in Figure 4.

N° Selected attributes
1 10

2 PAS500
3 P

4 DA
5

Area

Figure 4: Stepdisc Filtering Results

The comparative analysis of the feature selection algorithms are
given in the form of a graph in Figure 5.

Comparison of Feature Selection/Reduction Techniques
9
T8
.
t
NS
roa2
o i 1 m No. of Attributes Before
0 filterin
(o] b N
u No. of Attributes After
f % filtering
t S
‘\Er
e ¥
S
Feature Selection Algorithms

Figure 5: Comparison of Feature Selection Algorithms

After feature reduction, the classification algorithms are applied
on the training data with the weighted attributes. The results of
classification are described in the following section.
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6.2.2 Classification Results

The comparative study of fifteen classification algorithms on all
the attributes, attributes weighted by ReliefF and Stepwise
Discriminant feature selection algorithms are tabulated and
given in Table 4. The classification results of Rnd Tree,
Prototype NN, Naive Bayes Continuous and C4.5 classification
algorithms are given in Figure 6, Figure 7, Figure 8 and

Figure 9 respectively.

Table 4. Comparison of Error Rate Produced by
Classification Algorithms

Classification Error rate after Classification
Algorithms _ _

Without Feature Selection

Feature Algorithms

selection [ ReliefF1 Step

discl

C45 0.1887 0.2075 0.1792
C-RT 0.3491 0.3774 0.3491
CS-CRT 0.3491 0.3774 0.3491
CsS-McC4 0.2075 0.2736 0.2075
C-svC 0.3396 0.3868 0.3774
ID3 0.7925 0.7925 0.7925
KNN 0.1792 0.2547 0.217
LDA 0.2547 0.3396 0.3302
MP 0.3113 0.4057 0.3208
MLR 1 0.2264 1
Naive Bayes 0.3396 0.3302 0.2925
PLS-DA 0.3774 0.3774 0.3679
PLS-LDA 0.3679 0.3396 0.3396
P-NN 0.2453 0.2736 0.2358
RND TREE 0.000 0.000 0.000

The number of attributes selected for split in Rnd tree
classification = 5.

Error rate 0.0000

Values prediction Confusion matrix

Value Recall 1-Precision car fad mas g|a con adi Sum

car 1.0000 00000 car 21 0 0 0 0 0 21
fad 1.0000 0.0000 ffad |0 15 0 ©0 0 0 15
mas 1.0000 0.0000 Mmas 0 0 18 0 0 0 18
gla 1.0000 00000 Glan0 0 0 160 0 16
con 1.0000 0.0000 <ON z S S

. adi 0 0 0 0 22 22
adi 1.0000 0.0000
Sum 21 15 18 16 14 22 106

Figure 6: Rnd Tree Classification Algorithm Results

51



Error rate

Values prediction

Valu
car
fad
mas
gla
con
adi

Recal
0.857
0.466
0.444
0.812
0.928
1.000

1-

0.1000
0.2222
0.5556
0.4091
0.0714
0.0435

0.2358

Confusion matrix

ca fa ma gl co a

car 18 0O
fad 0 7

ma
gla
con

adi

Su 20

o O - P

2
0
0
0
9

3

5
8
2
0
0

18 22 14 23 106

Sum
0 0 0 21
3 0 0 15
6 1 0 18
130 0 16
0 131 14
0 0 22 22

Figure 7: Prototype NN Classification Algorithm results

Error rate

Values prediction

Value

car
fad
mas
gla
con
adi

Recall

0.8571
0.5333
0.6111
0.4375
0.7857
0.9091

1- oA
Precision
0.1429
0.5556
0.5417
0.3000
0.1538
0.0000

0.2925

Confusion matrix

car
fad
mas
gla
con
adi

Sum

car fad mas gla con adi Sum

80 3 0 0 0 21
1 8 5 1 0 0 15
2 3 11 2 0 0 18
0 5 4 7 0 0 16
0 2 1 0 11 0 14
0 0 0 0 2 20 22
21 18 24 10 13 20 106

Figure 8: Naive Bayes Continuous Classification Results

car
fad
mas
gla
con
adi

Valu

Error

Recall

0.952
0.666
0.388
0.937
1.000
0.954

rate

Values prediction

1-
Precisio
n

0.1304
0.3333
0.3000
0.3182
0.0667
0.0000

0.1792

Confusion matrix
ca fa ma gl co a_d sum

r{idiis anli
car 20 0 1 0 O 21
fad 010 2 3 0 15
";a 2 5 7 4 0 0 18
gla 015 0 0 16
con 0 014 0 14
adi 0 0 121 22
i‘: 23 15 10 22 15 21 106

Figure 9: C4.5 Classification Algorithm Results
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The comparison of the classifcation algorithms’s performance is
given in Figure 10. Rnd Tree classification algorithm gives 100
percent accuracy for classifying the Wisconsin Breast Tissue
dataset.Multilayer Logistic Regrssion shows 80 percent
improved result when attributes are weighted by ReliefF1 and
then classsfied. Naive Bayes Continuous and PLS-LDA also
show decreased error rates when classified after ReleifF1
algorithm. However Stewise Discriminant filtering has given
more accurate classification result by C4.5, Naive Bayes
Continuous, PLS-LDA, Prototype-NN and PLS-DA. The
performance of the classification algorithms have been rated
based on the error rate and displayed in the form of a graph in
Figure 10.

The classification algorithm that performed best was the Rnd
Tree and this when apllied to the test data set without the class
label resulted in accurate classifcation.
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Figure 10: Comparison of Error Rates of Classification
Algorithms on the Wisconsin Breast Tissue Dataset

7. CONCLUSION

The classification phase of data mining is one of the most
significant phases that have a wide range of applications in
different domains. Hence it becomes essential to rate the
performance of these algorithms and compare their performance
on the test data sets. Applications of data mining in the medical
field are challenging and there exist umpteen avenues for
exploration and expansion. A comparative study of classification
algorithms will definitely be a boon in improving the state of
decision making in the field of medicine. This study is the case
of a multi-class classification. The Rnd Tree classification
algorithm has given 100% accuracy in classifying the data sets.
This will improve the current state of breast cancer detection
from the breast tissue characteristics. Moreover the features
from the breast tissue data can be weighed and analyzed to
predict the risk of developing cancer in future.  The
classification algorithms namely C4.5, Prototype-NN, PLS-
LDA, Naive Bayes continuous and PLS-DA show improved
accuracy after the attributes are weighted and selected by
Stepdisc filtering algorithm. Multinomial Logistic Regression,
Naive Bayes continuous and PLS-LDA classification algorithms
have shown reduced error rates after the attributes are filtered
through ReliefF algorithm. The Rnd Tree classification

52



algorithm classified the sample test data accurately, thus
achieving the objective of our study.
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