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LoE _kno“'m‘jilc from large data. Classification is a re
Trec (DT) approach is most useful i d,nm.lf ["?lds- lhere are many classification algorithms. [
iHn classification problem. The method of Decision tree gencrii

. ~the classification beca i . :
sed for tl d ausc 1t 1s the hierarchical structure for the user understanding and dec o

naking.

This paper we proposed e o
pap Prof the weighted CART decision tree algorithm for breast cancer classificaiio

e Bayesian theorcm we ; :

Nes Bd}[fstf;]:c 1:31:1:0 t\c): liolrlisetd o Calcu“,n? the weight value to set the appropriate weights of trai
nstances e analveie Ef weiolszium a decision trec model. The research work focuses the predict
comparatty Y ghted CART decision trec algorithm with traditional CART decision e

glgorithm.
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{.INTRODUCTION

The term “data mining’ is devised to refer
1o the action of moving through large databases
investigating appealing and new patterns. Data
mining has become considerably important and a
necessity today when data are bountiful and easily
wcessible.  The automatic  analysis of large
mmbers of data is possible through the methods
ad instruments that the field of data mining
provides. Data mining is one aspect of the process
of Knowledge Discovery in Databases (KDD).
Some searchers think if data mining as an

atbiguous  expression and uses the term
“Knowledge Mining” as it bears 4 better
rsemblance to  gold mining. Data  mining
dpproach arec mostly grounded on inductive
kaming i.c., constructing a mode exPlicmif ot

rom

"licitly by forming a generalization
fMough training examples. The inductive approach
s a basic assumption that the trained model 15
‘lated 10 future unscen examples. Spcciﬁcal‘ly_
™ form of conjecture is considered an induction
™ conditions that conclusions are not logically
-rawn from premises. Dala collection WS
L':’“Venm)na“y accepted as onc pivotal period in
4 analysis - An analyst would be able 10 'sc!cct.
 Variables 1o be collected by the application ntr
‘Dce:va“ablc domain knowledge. T _hc numgcﬁlc(:r
Y uiﬁed variables was usually restricted and bet
‘ntecs- could be recorded by hand of us’nu. {)c
s I computer-aided analysis was 10 ki
s“ili;-lhe collected data had 1o b€ cmcrc‘:f: :nic
Ueal computer package or A" clectr
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spreadsheet. Because the process of data collectior
was expensive, analysts had to learn to nuik e
decisions on available information. Decision “re.:
are regarded as well-known mecthods (o
representing  classifiers. A decision tree -
classifier viewed as the repetitive subdivision o
the instance space.

The decision tree is composed of nodes
forming a ‘rooted tree’ i.e.. a ‘directed tree” with
node known as ‘root” with no incoming edges
There is exactly onc incoming edge in all aiher
nodes. An internal node is a node with outzou:
edges. All other nodes are known as leaf nodc. 112
decision tree, it is cach internal node subdivides
(he instance space into two or more sub-spaccs Q)
an assured discrete function of the input attribuies
values. Simply and most frequently. cach test takes
a single attribute such that the attribute’s vaius
subdivide the instance space. Concerning mumerie
attributes the condition deals with a range. b.ch
leaf is allocated to one class which indicates most
appropriale target value. On the other hand. ihe
lealf may hold a probability vector that indicaios
the probability of the target attribute havine o
definite value. Instance, from the root of a trog o
jeaf, arc navigated and organized. following the
outcome of the tests along the path. There bave
been many decision tree algorithms like 1D 1.
C4.5|2]. CART [9] ete.

Classification can be used as m the
of data analysis that can be used 1o extract models
describing important data classes. In this stadv.
RT algorithm was used for etlicicnt

Breast cancer data set was used &

form

weighted CA
classificaton.
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lesting of Proposed method and compares the
results of normal CAR 1 Algorithm } ‘

[he rest of the paper 1s orgamzed as
follows. Section 2 reviews the related work and
section 3 presents the overview CART ulgﬂf”h”_]'.
Naive Bayes theorem  and weighted CAR:
algorithm  werge described in section 4 and -
Overview of (he system flow was illustrated n
section 6. Deseription of datasel is presented in
section 7.The experimental results are presented in

section 8. Finally. conclusion of (his study was
provided in section 9.

2. RELATED WORK

There are many research works that
Proposed efficient decision tree for classification.
B.Padmapriya & T.Velmurugan [11], searched for
accuracy of classification techniques is evaluated
based on the selected attributes of mammogram
mages with CART algorithm.  Yamuna and
Venkatesan [12] proposed the kidney transplant
survival rate prediction with decision trees and
Comparative analysis is performed by using C4.5
and  CART  decision tree  algorithms. E,
Venkatesan* ang T. Velmurugan [13] researched
the  performance analysis  of decision trees
algorithms for breast cancer classification. They
used the j48, AD tree and CART algorithms ang
then compared ang evaluate the results of different
classifiers. In the paper of Hyontaj Sug [14]
Comparison of Decision Tree Algorithms for
Medical Data Sets were performed using the C4.5
and CART. To evaluate the algorithm, used the 17
medical datasets and 1¢ fold cross validation was
performed and compare  the accuracy  of
algorithms. According 1o literatyre survey (4.5
has been used in some wide range of arens [15]
like financial areas [16] and cnginecring areas

[17]. but CART has been favored mostly jn
medicine domain, becy
medicine domain reported good

g performance of
CART in their data mining tasks | 18].

In this Paper,  comparative Sludies of
weighted and normy) CART algorithms gre made
to predict the breas cancer datgser.

3. CART ALGORITHM

CART s Capable
numerical and categoricy| variab)
measures how well given attribuyf ,
training samples 110 tarpereq class.
sphtting of attributes takes place.

handling both
¢s. Gini indey
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used statistical proccdur'c‘4 It prowyy,., i
of binary decision [10). The ¢, el

Cx 3
CART. If a data scl 'l')' C()nl{an‘r =‘:-:1|‘,|j;,rj
classes, ginn index, gini(D) is . RHICTR
1 3
qini(1)) =1 Z]f’f
I ==

i 3 ati fre Uehey o
where p, is the relative frequen, i
where p,= lcl D‘ / iD[ IC. D| ot luplg iy
[D| = total wple. The sum |,

'_.’;ﬁil;,'ui-,'ri
classes.
The Gini index considers a 1y, I
attribute.  Let’s first conside; ), Citse
attnibute 4 is a discrete-valyc Albue |,
distinct values, {a), a;, ... ecling

Each subset, SubA, can be considered 4. .
test for attribute A of the forn; ./ - -

:fff'; i
a tuple, this test is satisfied if 1 villug of
tuple is among the values listed i), -/, LI

possible values, then there ar¢ PossThle ¢
Therefore, there are 21-2 POssible yi
two partitions of the data, /).

split on 4.

If a data set D is split on A 11y, (W0 suby
and D, the gini index &ini(D) is defined 4

51

based o a

. \Dy . . D'
g”""‘(D)zlleI g‘”’(D1)+ { ) Stiin gy .|
where D] = the set of tuples in D satisfyir
split-point, |D,| = the get of tuples in D
A > split-point and D] = total tuple.
Reduction in Impurity:

/_\gini(A):gini(]))——giﬁi_ (1)

The attribyge provides the spy
the largest reduction in impuri
the node (need to enumerate !
splitting Pomts for eqch atiriburey |5,

Decision treg
based on vari

fest grin:
y)is chosen

IIF:

S are formed by o collcction o
ables in the modeling data set |

Rules based o variables vt
selected 10 gey the beg, sphit o diifer
observations based on
variable

Once a mje g selected and splis
nto Wo_ the
cach "chjg
Procedure)
Splitting sion6 ywhen (1| e
further &ain can be made. o s "C‘
S1opping nyjes are met. (Aliermatihe

ST
(S

the

nn

same process v A
node (ic itois i
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gata are spHit as much as possible and then 5. WEIGHTED CART ALGORITHM

s (rec is Jater pruned.) H LGORITHM
e Weighted decision trec Icarning alg

canch of the tree ends in a terminal node. was developed by assigning ;1ppropriz|!c weights 10'
gk crvation falls into one and exactly one training  instances, ~ which  1mprove }hc
fat 4| node. and cach terminal node is uniquely classification accuracy. The weights of the traiming
wr:'n:;d by a set of rules ) instances arc calculated vsing muximumvp\)loslc;r:or;_
o ! hypothesis of Naive Bayesian thcorem. Wcigh 0
3--".'“\“E pATES LEERORM cach training instance 1S calculated wif_h' the
Naive Bayesian (NB) classifier is a simple maximum value of the class conditional
pabilistic classifier based on probability model, probabilitics. N
W’h can be trained very efficiently in a Weighted CART algorithm calculates the gini
“hlctr\'iﬂ’d learning [3-4]. The naive Bayesian index by using these weights and builds the

decision tree model for classification. Given a
training datasct, the weighted CART algorithm
initializes the weights of cach training instance, Wi
by highest posterior probability for that training
instance. The algorithm uses the weight value
calculated from Naive Bayes probabilistic model
to initialize the weights of cach training instancc.

The Gini index of dataset D is calculated by
applying cquation (1). In this case, p; is the
relative frequency of class 7 in D, where , pi =

wlongs 10 the class having the highest posterior TWi/E}, IWjll. W, = weight for Class C, and
robability, conditioned on X. That is, the naive W, = weight for tuple j. The sum is computed over

Bayesian classifier predicts that tuple X" belongs to m classes.
e class C, if and only if To determine the best binary split on attribute A,

we examine all the possible subsets that can be
formed using known valucs of attributc A. When
considering a binary split, we compute a weighted

Jassifiet. O simple Bayesian classifier [5], works

s foliows. .
| Let D be a training set of tuples and their

sociated class labels. As usual. cach tuple is

apresented by an n—dl.m.cnswnal attribute vector, X

. X oo ), depicting i measurements made

on the tuple from 21 attributes, respectively, A4,, A,
An

1 Suppose that there are m classes, C, (5, ..., G,

Given a tuple, X. the classifier will predict that X

M > P(GIX) for 1<j<mj#i

M sum of the impurity of cach resulting partition.
Thus we miaximize P(C,[X). The class C; for which Dataset D is partitions into D1 and D2 depends on
ACY) is maximized is called the maxinmm the value aftributc A. And then giniy(D) is

calculated by applving cquation (2). In this time,
the value of equation (2) is defined as follows:
ID,| = the set of tuples with weight value in D

fosteriort hypothesis,

(o) = PHICOPC) (5)
P(X) satisfying A < split-point
L As pon , D,| = !hc_scl'oflup]cs v'uilh weight value in D
PX) is constant for all classcs, only satisfying A > split-point
- LIPC) need be maximized. If the class prior ID| = total weight value tuple
"abililics are not known, then it is commonly |
;zstlfjlcf th}‘“_}hc classes are equally likely, that is, For cach attribute, cach of the possible binary
“l‘réfmc ! §1(1'2~)' = T {’(‘(‘n,)- BIId "t’_‘? Wm‘;{g splits is considered. For a difsc'rclc-valucd attribute,
T by ;:ix(l‘ml:tc‘ 1(4\1(. i .01 IC‘I’\\ISC. Pk the Subs_:el lh'(.n gives the minimum gini index for
Wibyyeq -,ré JHC). A Slfnpl'ﬁed assump " that attribute is selected as its splitting subset.
Do fl({ndlllonally independent (1.¢.. 1 The reduction in impurity that would be incurred
¢ relation between attributes): by a binary split on a discrete-value atiribute A is

by applying equation (3). The attribute that
(6) provides the minimum gini index is selected to
a2 split the node. The decision tree is constructed

- based on the weights of training data which results
from naive Bayes probabilitics.

H :'ﬂg”).l\_ PIX ) n
Xlcy= 1] f’(.\'k!‘(‘r’)

v PO

| ¥ {_li“ “asily estimate the probabilitics P(xiC),

rw'!‘“'}”‘\z.:'l{,c' fP(X.,ICi) from thc':raining tuples.

on g, -0 cach attribute is cglcu]atcd by
) Which is the maximum weight value.

k !}"“1
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SYSTEM
SYSTEM

Flie system low for classification ol breasl

FLOW OF PROPOSED

caneer dataset with weighted CART alporithm was
described in the fol lowing figure.

instances

Hreast Cancer
Tramning Dataset |

¥
- .
Calculate the probabilities for
each class and probabilities
h for each attributes values

W e

; Calculate the posterior
i probability for each instance
L.

—————
¥
Assign the weights of each
Instance with Maximum
probability

ST, it
I CART algonthm ]

v e e

e Breast Cancer
Testing Dataset

e p—

f
/" Dedision Tree Model L -

|

ST S T ———

/ Classify Result /

L

Figure 1. Overview of the proposed system

7. DATASET DESCRIPTION
The breast cancer datasel contains 683
and 10 attributes. Each of the

characteristics is assigned a value from 1 to 10 by

the

pathologist. The larger the value of atribute

the greater the likelihood of malignancy.

The following table lists the attribute

information of breast cancer dataset

e

~Attribute Name T Vaiwe

T Clump Thickness | 1270
" Uoniformity of Cell Size = S e
TUniformity of Cell Shape | 1270
| Margmal Adhesion P e
T Single Epithelial Cell Sie |7 T2
L R

Table 1. Dataset Description

s
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A6 [PareNuler T
— “Bland Chromatin “'H““«]-:J‘”
AR | Nommal Nucleoli 10

75| Mo T
B LT S T

Al0 | Class ”cnig;i‘c\i\_ |

—— ;

There are WO types of clygs
benign (It docs not invade nearby (g
to other parts of the body),
serious and likely to spread
body).

¢s 1y "&w-
S.l '€ or Spré.‘.
or I]lithgnﬂm A |
other Parts U!s
i

The following figure describeg
decision tree of Breast Cancer dege
figure is illustrated by using attribuge jq

the Sy,
Clion, 7,

N

— —

<)

\>4\
) (ae )

Figure 2. Sample decision tree for breast cance
classification

8. EXPERIMENTAL RESULTS

The experimental results of classifies &
discussed in this section. The main aim m_?hi:!
research is to analyze weighted CART doi®
tree and traditional CART decision tree :11::0”‘“‘,“;_
The breast cancer dataset from UC! |71 18 usfdzii |
comparative analysis. For cach classifict. - “ ;
the dataset is used for training and 13 L
18 used for testing,

‘ + acclri ’
Thg following formula will calculate the di:.:x.; ¢
Which is the proportion of the total M _
predictions that were correct.
¢
ACCUTHCY AL L
TP+TN+FP+FN
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Cljowing iable compares the accuracy results

Tw’j‘\" o classifiers
e Comparison of classification accuracy
13 N ——ART ; )

).ﬁ,’,'}:ccﬂfd ;. CART Weighted CART
[ Al 1

. . algorithm algorithin

| 00 e W%

[ /w/{“ﬁ"‘_‘*f’_‘ 90% 2.5%
M 92.5% 93.75%

02 16%

| 9A16% 96%

! //__J_,._a—A—-Mr'—* —

| e followmg figure visualizes the accuracy results of
; Aassificrs.

Accuracy

CART algorithm weghted CART algorithm

{ a0ale 100 & Data 200 s Date 400 Data 683
i

' Figure 3. Comparison of classification accuracy

|
9, CONCLUSIONS
. In this paper. the comparative analysis of
CART and  weighted CART algorithms
- dassification on Breast Cancer classification Was
i mesented. From this study it 18 found that accuracy
| o weighied CART aleorithm is betler than
| taditional CART algoriihm_ The Cxpcm“emal
| tilts proved that the CART algorithm Will
Wight value is more suitable for prediction ©

| beast cancer dataset.
|
1

|
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