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PASAPITCH CHUJAI : ENSEMBLE LEARNING FOR IMBALANCED
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ENSEMBLE LEARNING/ DECISITION TREE / IMBALANCED DATA/ COST-

SENSITIVE LEARNING/ VISUALIZATION

Imbalanced data area kind of data that can be found in real life, such as rare
case in medical diagnosis. When used in machine learning and data mining,these data
will affect the learning performance of algorithms.This is due to the amount of
instances in the group of interest is much smaller than the other groups. In the field of
machine learning, when data are balanced, a learning algorithm can be applied
efficiently in terms ofoverall classification accuracy. For unbalanced data, the
boundary of decision of most learning algorithms tend to bias toward the majority
class andthe classification in the minority class will be misclassified. Therefore, we
present a new technique called EnsDTV
(Ensemble_Learning_with_DecisionTree_Visualization) for dealing with imbalanced
classification problem: high imbalanced ratio and different overlapped ratio.To solve
this problem,we apply the ensemble learningusing both bagging and boosting
techniques to build models. We compensate themisclassification with cost sensitive
learning and then use the value from cost matrix in the learning process to adjust the
parameters of the ensemble learning. We adopt decision tree algorithm for data

classification and reduce the number of decision trees by visualization.We prepared



optimal imbalanced dataset by reducing an overlapped region. The results showed that

the proposed method work with datasets



thatreduction of the overlapped region then sends the EnsDTV method can solve the
imbalanced data classification problem efficiently which high imbalance ratio and
different overlapped ratio. Especially the ensemble learning using boosting techniques
will enhance the classification minority classbetter than bagging. While the ensemble
learning using bagging techniques cannot work in both case of high imbalance ratio

and low overlapped ratio.
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[

S o o ) A A g Y @ o ) ]
Wudswunilsannidsyaninisizeuisouny Tagazilsznevalearsuuniszmniayan

U

= " v (J A

[ Y
wnwenaznsieaatan ldaziuegiuaisunilszinndeyamiaiil 3msquiden
o o ™ I o a U v Aa { ]
duanletidnyagia lililudanesMunquuesduliidadule (Random Forest luvaizingu
vosau lfaadulvazisznovarsdanes iudu lddaduls 3msquidendumlyzgn
o Y ° 9 A g9 o I s = A Yy A
i 115 umssuundsziandeyaiadu dwneiannmesuuydu nsvuiouui

YA o 9 a d' é a dy =\ )
Indifioq (Nearest Neighbors) ttazmssumunilszmnnioyariaou q sunaiailaziinisiilyl

7 Yo o { .
Usggnd lgnumssuundszinndeyaniinaraithvanofissnaie@ed (One Class Classifiers)

U

(Cheplyginaand Tax, 2011;Nanni, 2006)

?1‘1 o Aad 1 = o N W \ dy
TuaouMINNuVeITMIguiendumily lasie l1il

9 o = kA =i = a Y A = A o ?zl/
1. ﬁTWiUﬂﬁliﬁlug T9UN m I@’Iﬁm miTHAUN 1 DI M /M A9 NUIUTOUNIHUA
9

=8

° I o I o [
a. mmuald N idluswnvestoyadnaou naz D Wusmiuvesguanyue

(Attributes) Y039 03yaHndoU

'
A o

o I o v o .
b. fmuald Liluswauvesdrswunidszinndoya (Classifiers) N9

dmSumsiseuiimniu

]
(2

° <3| v o ' I !
c. mvuald Liluddwunilszmndoyauaazdnidoyaduilu d 1 Tash

d I<D uaziuau d 1vesmswunlszinndoyauaazdinooga fo 1

Y 9 = 9 v o o 9 1 @ 1A
d. asndeyardnaeudmiudIuunlszinnieyaudazdilaesmsguasn




20

9 1A A 9 <3 Y & o = v o
d 1910 D wuu bilaawileadaawdinimsdnaeudidwundszian
9
W0y
2. dwmFumInadeuvoAaztoya

a. nAdeURUNNAITWUNTONA C_

] P4
= =2

o Y v < A ' A a
b. hneamamihvnealswalviannniganiennanuizilunnayy

MoNas (Posterior Probabilities)
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Tree View
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IF (Credit Rating = Excellent) and (Age >39) THEN (Buys = No)
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27 MIIATTESMMVVEYAAA (Euclidean Distance)
a g A A o a ' Y
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Y a o I A <
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v 9
igligaaaniin 1A AniuszozneIznINgadesya puag gaunsamuin laaeaums 2.3

E] q

dp.q) =V - —-T (2.3)

o [ LY 4 aa { U 1
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22{1 0.5} u=o 0]
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05 1
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2.8 in3eaNeIalsansmw (Performance Measurement Tool)
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Positive Prediction Negative Prediction

Actual Positive Class True Positive (TP) False Negative (FN)

Actual Negative Class False Positive (FP) True Negative (TN)
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2.8.2 Precision
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2.8.7AUC: Area under the ROC Curve
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Total Misclassification Costs = FPrate + FNrate (2.11)
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Algorithm EnsDTV
Input:
Dimp (imbalanced dataset)

'
a Y o @

a 4
U (set of parameter for create ensemble model)/W1I1UNDILT HAUT T U $aTuwea

v
o [ A (3

9
N@wrusoumshauves ldsunsuduegiudmauasslumsidendas liduga)
o 9 49! T o v Ak A Y,
MEWUIUIOVYDINT AT TNV URYAUTIUIUYDITANDI NN 1%)
Output:
optEnsM (optimal ensemble model)
1. Dyor=Reducing Overlapping Ratio(Djpp)
2. Splitdata of Dyop into Dyyinority and Diajority

3. Samplingdata of Dyyiperity then stored at Dggmin

4.  Repeat for N iterations

5. Samplingdata of D pajority then stored at Dggpy;

6. Combine data of Dggpinand Dggpajthen stored at Dgg

7. Count the members of each group of Dgsthen stored at Ninority 2nd Niajority
8. costVal= Create_Cost_Matrix (Nminority> Nmajority)

9. Repeat for M iterations

10. [optDT,errV]= Create_Classification Ensemble Model(Dgg, costVal,U)

11. ListEnsModel= Choose Optimal DecisionTree(Dgg, costVal,U,[optDT,errV])
12. Choose the optimal ensemble model from ListEnsModel, stored in optEnsM

13. Show optimal ensemble modelof imbalance ratio

14. Return optEnsM

15. End ofEnsDTV
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TransactionID X, X, X, y
1 4.1650 0.6268 0.0751 negative
2 3.0591 1.7971 0.2641 negative
3 3.8717 -1.4462 -0.7012 negative
4 4.2460 -0.6390 0.5774 negative
5 2.6400 -0.1356 -1.3493 negative
6 1.7296 0.9846 -0.0449 negative
7 2.2011 -0.7652 0.8617 negative
8 2.4207 1.6033 -0.7196 positive
9 -0.0562 0.5135 0.3967 positive
1000 0.6225 -0.2738 -0.3229 negative
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AlgorithmReducing_Overlapping Ratio
Input:
Dimp (imbalanced dataset)
Output:
Dor(imbalanced dataset with reduce overlapping ratio)
1. Input distance ratio into distRatio
2. Split data of Dipyp, into Dyinorityand Dimajority

3. ForI=1toSize of Dppajority Do

4. For J =1 to Size of Dyinority Do

5 DILIT = [ (Prinores 1 = Daeriey 1) * ey U1 = Proriy DT
6. If D < distRatio Then

7. Delete data of Dipajority [1]

8. Combine data of Dpinority and the rest of Dpajority then stored into Dyop

9.  Return Dyop

10. End of Reducing_Overlapping Ratio
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Transaction ID X, X, X,
8 2.4207 1.6033 -0.7196
9 -0.0562 0.5135 0.3967
1319 3.3 Lgamﬁaadwqeﬁ’ay’ammDmajority
Transaction ID X, X, X,
1 4.1650 0.6268 0.0751
2 3.0591 1.7971 0.2641
3 3.8717 -1.4462 -0.7012
4 4.2460 -0.6390 0.5774
5 2.6400 -0.1356 -1.3493
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AlgorithmCreate Cost Matrix
Input:
Nminority (number of imbalanced data in minority group)
Nmajority (number of imbalanced data in majority group)
Output:
costValue(cost matrix of imbalanced classification)
N majority)

I. Chinority = Toundup ( N

minority

C(0,0) Cmajority

2. Set costValue =
[Cminority C(l'l)

3. Return costValue

4. End of Create_Cost Matrix
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3.7

AlgorithmCreate Classification_Ensemble Model
Input :
. . 9 I Ay ¥ 1 A
D, (imbalanced data from sampling step) /Aoya lidugad laanmsguiden
costValue(cost matrix of imbalanced classification)
U(set of parameter for create ensemble model)
Output:

[optDT,errV](set of misclassification with stored number of Decision Treeand error

value)
1. Create classification ensemble model then stored the result of model at EnsModel
2. Keep an error of misclassifications from EnsModel into set of

misclassification[optDT,errV]
3. Show misclassification error by generate visualization

4, Return [optDT,errV]

5. End of Create_Classification_Ensemble Model
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AlgorithmChoose Optimal DecisionTree
Input:
. . 9 v ) U A
Dy (imbalanced data from sampling step) /4oya ludugad laanmsguidon
costValue(cost matrix of imbalanced classification)
U(set of parameter for create ensemble model)
[optDT,errV](set of misclassification with stored number of Decision Tree and error
value)
Output:
ListEnsModel(set of performance ensemble model)
1. Reorder set of misclassification by errVascending /i mici’wﬁ’m’fmgammﬂ;m’fay,aﬂam
Aanaianmssuundsznnauaduvesmanuianaianntios 11in
N .. =~ [ Y Yo a A
2. Choose TopK of optDT with minimum error /aensiuiuau lddadulenliannu
HANAIAAIGA10 OUAVITN

3. ForI=1to TopK Do

' Y o v A { o !
4. asnTuaamsizouiiwnumeswoudu lidadulamny 130 optdTiI]
o [ a A AN Yy [
5. mmsdadszaninmuesTueai laaieunsiaaig o
< a a 4 4
6. mudeyauazilsza@ninimuesluaain 14 199 ListEnsModel
7. EndFor

8. Return ListEnsModel

9. End of Choose_Optimal DecisionTree
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%1.a31970yadun5124iA 28 MatLabR2013b

% oyadunszyiil 3 A 2 ama

closeall;

clearall;

randn('seed',0);

m001;123);  %mnasvestoyangui 1 az2
S1=[100;010;00 1]; % Aanuulstsuvestoyangui 1
S2=[0.500;00.50;000.5]:% fhmmuﬂiﬂmumm%gaﬂduﬁ 2
S(:,:,1)=S1;

S(:,:,2)=S2;

P=[0.1 0.9]";

N=300;

sed=0;

[X,y]=mixt_rnode1(m,S,P,N,sed);%Ggljmfl mixt_model.m
cl=find(y==1);%na14 ‘1’

c2=find(y==2); %na1d 2’

figure;

subplot(2,2,1);

scatter3(X(1,c1,:),X(2,c1,:),X(3,cl,:),'bo");

holdon;

scatter3(X(1,c2,:),X(2,¢2,:),X(3,c2,:),r");

xlabel('Feature 1");

ylabel('Feature 2);

zlabel('Feature 3");

title('Synthetics datasets');

legend('Minority Class', "Majority Class','Location’,'NE");

subplot(2,2,2);
plot(X(1,c1,:),X(2,c1,:),'bo");

holdon;
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plot(X(1,¢2,:),X(2,¢2,:), 1),
xlabel('Feature 1');

ylabel('Feature 2);

subplot(2,2,3);
plot(X(2,c1,:),X(3,c1,:),'bo");
holdon;
plot(X(2,¢2,:),X(3,¢2,:), 1),
xlabel('Feature 2");

ylabel('Feature 3');

subplot(2,2,4);
plot(X(1,c1,:),X(3,c1,:),'bo");
holdon;
plot(X(1,¢2,:),X(3,c2,:),'r");
xlabel('Feature 1);
ylabel('Feature 3');

holdoff;

X1=X(:,cl,:);%ﬂ763glaﬂﬁjuﬁ 1

X2=X(:,c2,)); %%gaﬂtjuﬁ 2

[NumOfFeatures,N]=size(X1);

[m_hat, S hat] =Gaussian ML _estimate(X) %A0al Gaussian ML _estimate.m
[m_hatl, S_hatl]=Gaussian ML _estimate(X1)

[m_hat2, S hat2]=Gaussian ML _estimate(X2)

% Fisher Ratio
fori=1:NumOfFeatures
FDR_value(i)=Fisher(X1(i,:),X2(i,:));%§59]}EJQfI Fisher.m

end
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maxF = max(FDR_value) %1 overlapped ratio LLeA4M13 FOUNUUDIY RIS

9 @ 4

% lunsaiiiludeyadunsied aansmiixi uaz x2 T4 1Mae

) a o w 1 -
%lunsaindludoyassain Keel azaosrhnsae lafil

% 1. Import ¥03aA 10 wizard 1ng

Y o

< a g
% voyanu 1inanls X JytiailuMatrix

< A A

A o I
% amaanvany 1induls y Tetiaidlu Cell Array

e

] 3 1w A
%2.u1letoya X ooniiu 2 nquadil
%X=X";

%y=y';

A

% ﬂmﬁmmamm%yjaﬁﬂa positive LLQ1¥ negative
%c1=find(strcmp(y,'positive"));

%c2=find(strcmp(y, negative"));

%X1=X(:,cl,:);

%X2=X(:,c2,:);

%401 X1 uaz X2 T 15 luduaoun 2

Yot UR2 Reduce Overlapped Region? 28 MatLabR2013b
XX = X1'%%eyangui 1positive
YY = X2';%6191163;I|aﬂtjl|17i 2negative
distRatio = 0.3:%3283 W95 ZNINTOYAABINGY LA
n = size(YY,1);
m = size(XX,1);
newYY = zeros(1,size(YY,2));
fori =1:n

¢ =0;
forj=1:m

d=(XX(,) -YY(,:) *(XX(,:) -YY(,0),

dd = sqrt(d);
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dist(i,j) = dd;
ifdd<= distRatio
c=ctl;
end
end
en(i)=c;
if c==
newYY = [newYY;YY(,:)];
end
end
newYY =newYY(2:size(newYY,1),:); %i’fagaﬂﬁjuﬁ 2 chiaﬁJu Majority Class ﬁphumsaﬂ

] F4 ]
%doyaniinz lFiunswiuiudelya Minority Class

U

=1

o >~ & < < ]
%1iuiindoya X1 uaziia 1 Column WL Class Label 1]uminority.csv 137 drive C

=2 9

%ﬁumﬂmay‘a neWYYLLamﬁ'N 1 Column Lﬁ@lﬁ"u Class Label Lﬂumajority.csv 1’3}17] drive C
%si?l’umauﬁ 3 Stratified Sampling Using R

require(sampling)

dataMin<- read.csv("C:/minority.csv", header=FALSE)

dataMaj<- read.csv("C:/majority.csv", header=FALSE)

stratified = function(tmpD, size,method1) {

group = dim(tmpD)[2]

strat= strata(tmpD, stratanames = names(tmpD[group]),size = size, method = method1)
dsample = getdata(tmpD, strat)

}
ssSizeMin = 10 # $1uIuTIR0INITFIEBNVOINGY Minority

ssSizeMaj= 100 # $1uTiReamsduidonvesngy Majority

ssMethod = "srswor"

#srsworis sampling without replacement, srswr is sampling with replacement
ssMin=stratified(dataMin,ssSizeMin,ssMethod)

ssMaj=stratified(dataMaj,ssSizeMaj,ssMethod)
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c=(dim(ssMaj)[2])-4
write.csv(ssMin[1:c], file="C:/ssMin.csv"

write.csv(ssMaj[1:¢c], file="C:/ssMaj.csv"

%UUAOUTN 4 Gen Ensemble Model
Import data of ssMin into Xp

Import data of ssMaj into Xn

cp = size(Xp,1);
strArray(1:cp) = java.lang.String(‘positive');

Yp = cell(strArray);

cn = size(Xn,1);
strArray(1:cn) = java.lang.String('negative');

Yn = cell(strArray);

XX = [Xp;Xn];

yy = [Yp;Yn];

weakLearner = 'Tree';
numLearner = 200;

dataD = tabulate(yy);

ifdataD{1,1}== 'negative'
i=ceil(dataD{1,2}/dataD {2,2});
ClassNames = {'negative"positive'};
cost.ClassificationCosts = [0,1;i,0];
else

i =ceil(dataD{2,2}/dataD{1,2});

ClassNames = {'positive'"negative'};
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cost.ClassificationCosts = [0,i;1,0];

end

cost.ClassNames = ClassNames;

ensFuncList = {'AdaBoostM1"Bag"TotalBoost"LogitBoost"RUSBoost'};

lenEnsFuncList = length(ensFuncList);

DD.AdaBoostM1 = [];
DD.Bag =[I;
DD.TotalBoost = [];
DD.LogitBoost = [];

DD.RUSBoost =[];

for k=1:1:lenEnsFuncList
cn=1;

rng(0,'twister")

display(' D)
ensFunc = ensFuncList{k}
model =
fitensemble(XX,yy,ensFunc,numLearner,weakLearner, Type','Classification','Cost',cost.Classific
ationCosts,'kfold',5);
[pre,Sfit] = kfoldPredict(model);
conmat = confusionmat(yy,pre,'Order’,ClassNames) ;
CM =
table(conmat(:,1),conmat(:,2), VariableNames',ClassNames, RowNames',ClassNames);
fprintf('Comfusion Matrix\n');
disp(CM)
accuracy = (sum(stremp(pre,yy))/length(yy))*100;

ifdataD{1,1}== 'negative'
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TP = conmat(4);
FP = conmat(3);
FN = conmat(2);
TN = conmat(1);
else
TP = conmat(1);
FP = conmat(2);
FN = conmat(3);
TN = conmat(4);

end

%Plot graph for check error

figure;

plot(kfoldLoss(model, Mode','Cumulative'),'r--);
xlabel('Number of trees');

ylabel('Classification error');

title(ensFunc);

holdon;

%PFind suitable number of learner
result = kfoldLoss(model, Mode','Cumulative');
mLearner = find(result == min(result));

lenMinLearner = length(mLearner);

%PFind maximum 10 Rounds
iflenMinLearner> 10
lenMinLearner = 10;

end

for j=1:1:lenMinLearner
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ddModel=[];
D =[]
rng(0,'twister")
numLearner]J= mLearner(j)
model =
fitensemble(XX,yy,ensFunc,numLearner],weakLearner, Type','Classification','Cost',cost.Classifi
cationCosts,'kfold',5);
[pre,Sfit] = kfoldPredict(model);
conmat = confusionmat(yy,pre);
CM =
table(conmat(:,1),conmat(:,2), VariableNames',ClassNames, RowNames',ClassNames);
fprintf('Comfusion Matrix\n');
disp(CM)
accuracy = (sum(stremp(pre,yy))/length(yy))*100;
ifdataD{1,1}== 'negative'
TP = conmat(4);
FP = conmat(3);
FN = conmat(2);

TN = conmat(1);

else
TP = conmat(1);
FP = conmat(2);
FN = conmat(3);
TN = conmat(4);
end

D.Cminority(cn) =1;
D.Cmajority(cn) = 1;
D.numTree(cn) = numLearner];
D.TP(cn) =TP;

D.FP(cn) =FP;
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D.FN(cn) =FN;

D.TN(cn) =TN;

D.Accuracy(cn) = (TP+TN)/(TP+FN+FP+TN);

D.Precision(cn) = TP/(TP+FP);

D.Sensitivity(cn)= TP/(TP+FN);%(conmat(1)/(conmat(1)+conmat(3)))*100
D.Specificity(cn)= TN/(TN+FP);%(conmat(4)/(conmat(2)+conmat(4)))* 100
D.FPrate(cn) = 1-D.Specificity(cn);

D.FNrate(cn) = 1-D.Sensitivity(cn);

D.Fmeasure(cn) = (2*D.Precision(cn)*D.Sensitivity(cn))/(D.Precision(cn)+D.Sensitivity(cn));
D.Gmean(cn) = sqrt(D.Sensitivity(cn)*D.Specificity(cn));

D.AUC(cn) = (1+D.Sensitivity(cn)-D.FPrate(cn))/2;

D.TotalMis(cn) = (D.FPrate(cn)*D.Cminority(cn))+ (D.FNrate(cn)*D.Cmajority(cn));

D.TotalError(cn) = D.FPrate(cn)+ D.FNrate(cn);

%Plot graph for check error
plot(kfoldLoss(model, Mode','Cumulative'),'b-);
legend('Original', 'Optimization of Tree','Location','NE');
holdon;
end
holdoff;
ddModel = [D.Cminority' D.Cmajority' D.numTree' D.TP' D.FP' D.FN' D.TN' D.Accuracy'
D.Precision' D.Sensitivity' D.Specificity' D.FPrate' D.FNrate' D.Fmeasure' D.Gmean' D.AUC'
D.TotalMis' D.TotalError'];
ifk==
DD.AdaBoostM1 = ddModel,
elseif k ==
DD.Bag = ddModel;
elseif k ==

DD.TotalBoost = ddModel,

elseif k ==
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DD.LogitBoost = ddModel;
else
DD.RUSBoost = ddModel;
end

cn =cntl;

display(’ )]

end
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Abstract

Classification of data is the popular technique that has been widely used in the field of data
mining due to its high efficiency and predictive accuracy. However, this technique still suffers from
the problem of classifying imbalanced datain which the data in one group outnumbers the data in
other groups.Therefore, this research proposes a pre-processing technique by applyingfeature
selectionwith Principal Component Analysis (PCA) and then balancing data by increasing the
number of data in minority class with Synthetic Minority Over-sampling Technique (SMOTE) or
decreasing the number of data in majority class with resample method. The pre-processed data set
was then used to build the classification model through both a single modeling and ensemble
methods using artificial neural network, support vector machine, decision tree induction, and
RandomForest algorithms. The experimental results showed that feature selectionwithPCA

technique first and then increasing the minority class with SMOTE can be used to classify




109

imbalanced dataset precisely. In particular, the ensemble model obtained from the RandomForest
classifier can be used to classify imbalanced data effectively and has precision.

Keywords:Imbalanced Data, Classifications, Pre-processing, Ensemble Data Model
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| Training Set Testing Set
I '
single Model Bagging
Model
|
K-Fold Cross Valdation <
1
performance & Accuracy

dl a ¥ o ©° ¥ ¥ 1
U7 1 nsauuwIRAnTsaItuundeyaresdieyalianng

d‘ a ugj aa o a Y o ' di/
a1ngU#l 1 amnsnetuneduneudanisauulAnsie

TURAULTNNI9WFTENdaYa (Preprocessing)

'
= 1

TudupeutiazGusiuainnisudasiieya  (Normalization) MWieglugluuumilulng TnaasiiFnag

U

Tugag 0-1 ndsaniuazyinnswisendeyalnautiveandy 2nguioniu Al
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a v v o =

nannunairdeyaniunisulasdieyaudaliiinisinuazandaruindeyaliiansznasna

Tnenievinliinguaesdayanidanuantiaaiduoudayanlnfinssiunguidsaiuauninfoanisiiig

ﬁﬁuqu%’ﬂgaiuﬂfoiuﬁﬁ?‘ﬁ'ﬂg‘@ﬁﬂﬂEhilmﬂﬁﬂ Synthetic Minority Over-sampling Technique (SMOTE)
o v 1 -dldil o % a o u’; o v d” P
wazanauauiayalungunifeyadnuanuninfaainailn Resamplendsainiuiindayagaiililag
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1
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' 1 1
= o val o = aal o

PCA saaintuninsiinuazandnuiudieoyaliindnwmsianns Inanisvinlinguuesdeyanianuon

¥ a o ¥ dl v a o 1 d‘d o % QI o v 1 dldy ¥ %
uﬂﬂﬂ@ﬁu’]uﬁlﬂ?ﬁj@'ﬂiﬂ@Lﬂ?_lﬂﬂ‘]_lﬂZ!JJV]JJ’Qﬁuﬁull’]ﬂﬂ’l?_Iﬂ’W?LWN@’]N’JN%@H@IHHQNV]N“B@N@uﬂﬁlﬂ’lﬂ

au




112

wATA Synthetic Minority Over-sampling Technique (SMOTE) uazananuiudayalungunideys

a

° ¥ a o :; o v da/ v
AuuNINfemalla Resamplendasainiiuiindeyagailairalung

(3 .
Qs =

TunaUNgaINIas9lumng

° o PPy Ao ° A ad ' = o & P =
A miuTuwan i luaniddatazsinmafisaanislassdnassaminas dnnainianime uniu
(Linear) fiuliisindula (J48) uaznguaassiuliifndula (RandomForest)N1Minn1sad1autuanansdiasys
gL d - 4 Fyee s am sy o oda oo
MUULELAEWATILLENGN  BeuudnguinlidunafindsnisGewdsuiuninisingulauuy
uiinfis (Bagging)dinun 1

a ya

lunimaseeBfadelianfiunistiunimimedresuwsiazuma uslss@nininvesininanlis

1 o d‘ 1 ] ni ] o a & o u’; a rni =R | a e
ﬂ’)'\llLLNH?_I'W]VLNLL[ﬂﬂ[ﬂ’\\i’QWﬂIﬁJLﬂ@ﬂiﬁ\lﬁ\lﬂ'ﬁ‘ﬂi‘ﬂwqi"\ﬂmﬂi‘ Aaiunimdnein A ilunitmainng

v
o

1 ¥
ANPNAU

(3 .
Qs =

dunaungIunsinlsransnn
A miuneinlsranininteslumaiuaziinimaseudeyaiauasoanimasevuuylafiou

(Cross Validation) 411471 10 Fold

=

3. dayaussiAsaiNanldlunisias

nideilfiingadeyanliaunaain Keel [9] u9i1n1edntss@nininaeslunadanuiuiaunn 6

¥ = = o Aﬂl
ﬁﬂﬁlﬂﬁﬁlﬂiﬂﬂﬂi‘ﬁﬂﬂxLﬂﬂﬂﬂﬂlﬂ’]i"]\?ﬂ 1

A5 1uanITEazIBendoy a7 llaNaaLAZHIUNIZLIUNIYIN HiaNna

Tegationa wasda dayaaunasae fayaannasan
o Hoyalianna R N
(RI/N)* WwAUA SMOTE WAUA Resample
AU | ARA AANAsRY | IR* AR ARIATRY | ARG ARIATA
foya nan nan nan
ecoli4 7 (7/0/0) 336 316 20 15.8 316 316 20 20
glass-0* 9 (9/0/0) 205 188 17 11.06 188 187 17 17
new-thyroid1 5 (4/1/0) 215 180 35 5.14 180 184 35 35
vehicleO 18 (0/18/0) 846 647 199 3.25 647 656 199 199
yeast-0* 8 (8/0/0) 1004 905 99 9.14 905 914 99 99
yeast1 8 (8/0/0) 1484 1055 429 2.46 1055 1115 429 429

(RI/N)* : R =Real, | = Integer, N = Nominal,  IR**: meﬂmma

glass-0* An glass-0-1-4-6_vs_2 , yeast-0* Af yeast-0-2-5-6_vs_3-7-8-9

A miunaimunlueaiuiidn liinTusunsuniwn R [10] wazPython 2.7 [11] wfluirsesiiados

Tunswmunuma
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4

s 91an19l°

dmFunimasesinanuiugn lunisauundeyai liangatiu §3da 15U lmannananudo

a

9AUNININNITNARES i"ﬁﬂﬂxlﬁﬂﬂﬁ\imqi‘ﬁﬂﬁ 2

A1519% 2 PEAZLREATNIAANNININARD

Tunn eazBeslunaTnaas detle || Bua eazBeslunaTnaas detle
1 | dwwesnmesungdu+rSMOTE MO1 || 17 |fwweSmanimefunedu+PCA+SMOTE M17
2 |Taserhenlszamifan+SMOTE Mo2 || 18 |lmsesinenlszanifiau+PCA +SMOTE M18
3 |fuldsnAula+SMOTE MO3 || 19 |sulfisindula+PCA +SMOTE M19
4 | nguresdiuliifn@ula+rSMOTE MO4 || 20 |nanaesiuliifadula+PCA +SMOTE M20
5 |dwwesmnnmefungdu+SMOTE+Bagging MO5 || 21 |fwwefmunimefunadu+PCA +SMOTE+Bagging | M21
6 |Tnseanenlszamifian+SMOTE+Bagging Mo6 || 22 |Tmsednatszamiies+PCA +SMOTE+Bagging | M22
7 | fuliisnAula+SMOTE+Bagging Mo7 || 23 |uldifn@Aula+PCA +SMOTE+Bagging M23
8 | nguuassiuliifndula+SMOTE+Bagging MO8 || 24 |nguaessiuldiin@ula+SMOTE+Bagging M24
9 |dnnesmnimasungdu+rUndersampling MO9 || 25 |fwneimianimafiuugdu+PCA +Undersampling M25
10 |TAsetnatszamiies+ Undersampling M10|| 26 |TAsednatszamidies+PCA + Undersampling M26
11 |#uldifmndula+ Undersampling M11 || 27 [Fulfisindula+PCA + Undersampling M27
12 |nguaesdiuldsingula+ Undersampling M12 || 28 |nguuessiuliifndula+PCA + Undersampling M28
13 |dwwainnmaiun M13 || 29 |Fwwafannmaiuuadiu+rUndersampling+ M29
‘n?‘nquUndersampling+Bagging Bagging

14 | lasednatlszanifen+ M14 30 |Tasethelszamian+ Undersampling+Bagging | M30
Undersampling+Bagging

15 | Fuldisindula+ Undersampling+Bagging M15 || 31 |Fuldsndula+ Undersampling+Bagging M31

16 |nguaasdulisndula+ M16 || 32 |nguaessiuldiin@ula+ Undersampling+Bagging | M32
Undersampling+Bagging

X

madpdsc@ninnaesnisauundayavesivazuansliiviuisanuindenesedlung NEH

WAANEAAIELNFINTI AL = ANEAIN (Confusion Matrix) A9AN9197 3

A5199 SuandiusIndintss@nanindmiunisauundeyas 2 nau

Prediction Positive Class Prediction NegativeClass
Actual Positive Class True Positive (TP) False Negative (FN)
Actual Negative Class False Positive (FP) True Negative (TN)

Lm?nsﬁf?ﬂﬂizaﬁmwLmmm@mgﬂ°u@\1miﬂauﬁumwmmmiumifﬁﬁl,l,uﬂﬂﬁ?:mmgﬁmﬂﬂ%q
v v d‘ 1 1 o = o 1 dgl
naasufcadeyanaaeyl a1naNI9N 3AusazFaRANINIEANse T
TP Aa Auandiayannaeuiiatlunana Positive wazluinadnuunléignsiesdnilu Positive
FN A arwindeyanaaaufiaglunana Positive waziuinaaiuuniadily Negative

FP Ain Ausudiayannasuiegluaaia Negative uazlumadnuunindnilu Positive
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TN R Auaudayanaaauiieslunaia Negative uazlunasuunlignsiasiniu Negative

A TP, FP, TN uaz FN thanlflunisAuammnnsdnsig < Walssiiuilsr@nan1nnisaniun

v
a o aa

dszinniioyavesluing 39lusddeifinigliunsinasalli

Accuracyguiutlszifiutss@nsninnisanuunidszinndeyalaasmuremnaaialulung N
ANNI9N 1
2 ( TP+TN ) 100 (1)
ey =\rP ¥ FN + TP + FP

Sensitivity aziflunisdnAnuainisn lunisdiundeyanetlunana Positivedsannisi 2

Sensivitity = ( ) 100 (2)

TP +FN

Specificityaziflunisdnaauainisn luntsfumndeyanatlunana Negative Aaannish 3

Specificity = (TP-l-—FP) 100 (3)

4. HNANIGIARE

'
v

&ufunismaaesiayanldanna e1adeyasicalunantinaualludoriu §adaliviinimases
dI v 1

aanilu 3 daudisariupe nsneasslumadmaanazidanguivyadeyanugiunliaunganimeases

Twadaheauazdinguingadeyaniiunszuaunisinliiannauaznimaasslunaidaneauazia

a Q

'
a o A

nanfugadieyanitunisdnaenpuansuzuazn 1 liannanan 1Huanafmnneed 4n13199 suay

a

AN NNBANNATAL

RSN 4uanANANgNFiasteIN aseLdayai liannaiuiNeadAL LA TGN

Tuaa Single Bagging Class
%@ﬁm SVM NN J48 RF SVM NN J48 RF
finya

0.94 | 097 | 0.96 | 0.97 | 094 | 0.96 0.97 | 0.98 | Accuracy : Ac

ecoli4 0.00 | 0.75 | 0.70 | 0.75 | 0.00 | 0.25 | 0.70 | 0.70 | Sensitivity (Minority Class) : Se

1.00 0.98 0.98 0.99 1.00 1.00 0.98 0.99 | Specificity (Majority Class) : Sp

0.92 | 0.90 0.90 [ 0.88 | 092 | 022 | 091 0.92 | Accuracy : Ac

glass-0* 0.00 | 0.00 | 0.24 | 0.06 | 0.00 | 094 | 0.06 | 0.06 | Sensitivity (Minority Class) : Se

1.00 | 0.98 | 0.96 | 096 | 1.00 | 0.15 0.99 | 0.99 | Specificity (Majority Class) : Sp
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RSN 4uARIANANYNFBIBINAdeLdeyad lianna iU AELRALILAZITINGN (s8)

Tuaa Single Bagging Class
%‘ﬂﬂm SVM NN J48 RF SVM NN J48 RF
faya
new- 0.92 0.98 0.98 0.98 | 0.92 0.94 | 0.97 0.99 | Accuracy : Ac
thyroid1 0.49 | 0.94 | 094 | 091 0.49 | 0.77 | 0.86 | 0.91 Sensitivity (Minority Class) : Se
1.00 0.99 0.99 0.99 1.00 0.97 0.99 | 1.00 Specificity (Majority Class) : Sp
vehicle0 0.77 0.97 0.93 | 0.96 0.77 | 0.77 0.96 0.97 | Accuracy : Ac
0.03 0.96 | 0.87 | 0.95 0.03 | 0.00 | 0.92 | 0.96 | Sensitivity (Minority Class) : Se
1.00 0.98 0.95 0.96 1.00 | 1.00 0.97 0.97 | Specificity (Majority Class) : Sp
yeast-0* 0.90 0.93 0.92 0.93 0.90 0.90 0.93 0.94 | Accuracy : Ac
0.01 | 054 | 0.35 | 0.52 | 0.01 0.02 | 0.39 | 0.51 | Sensitivity (Minority Class) : Se
0.99 0.97 0.99 0.98 0.99 1.00 0.99 0.98 | Specificity (Majority Class) : Sp
yeast1 0.72 0.76 0.75 0.74 0.72 0.71 0.77 0.77 | Accuracy : Ac
0.07 | 046 | 046 | 0.51 0.07 | 0.00 | 0.49 | 0.47 | Sensitivity (Minority Class) : Se
0.98 0.88 0.87 0.83 0.99 1.00 0.88 0.89 | Specificity (Majority Class) : Sp

RSN 5UAnIAIAMNGNFiasTeIN madandayaitiunisinliannaiu e aduneuazidangs

T SMOTE SMOTE+Bagging

Temiioyn MO1T | MO2 | MO3 | Mo4 | Mo5 | Mo | MoO7 | MO8
ecoli4 : Ac 098 | 098 | 098 | 098 | 098 | 081 | 098 | 099
Se 100 | 099 | 098 | 099 | 099 | 066 | 099 | 099
Sp 096 | 098 | 097 | 098 | 097 | 095 | 098 | 099
glass-0": Ac 063 | 094 | 094 | 09 | 066 | 056 | 094 | 095
Se 100 | 097 | 095 | 098 | 099 | 100 | 096 | 098
Sp 027 | 092 | 093 | 093 | 032 | 012 | 092 | 092
thyroid1: Ac 099 | 099 | 098 | 099 | 099 | 088 | 099 | 099
Se 100 | 099 | 099 | 099 | 100 | 096 | 099 | 099
Sp 099 | 098 | 099 | 099 | 098 | 079 | 099 | 099
vehicleO : Ac 087 | 098 | 096 | 097 | 097 | 050 | 097 | 098
Se 100 | 099 | 097 | 099 | 099 | 001 | 098 | 099
Sp 075 | 097 | 095 | 095 | 094 | 099 | 095 | 096
yeast-0* : Ac 081 | 085 | 0.92 | 095 | 081 | 056 | 095 | 096
Se 072 | 082 | 0.92 | 095 | 074 | 013 | 094 | 095
Sp 089 | 088 | 0.92 | 095 | 089 | 099 | 095 | 096
yeastl: Ac 071 | 074 | 079 | 08 | 071 | 060 | 084 | 086
Se 078 | 078 | 079 | 090 | 075 | 033 | 086 | 088
Sp 065 | 071 | 079 | 080 | 067 | 086 | 082 | 085
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A5 5UARIANAMNGNFiasteIN madeLdayaftiunisinliannaiu e adaneuazidangs

AT BUARIANANYNALITBINNTIAGaLTR3A

Auluadaneuazidangs

(nB)

T Undersampling Undersampling +Bagging

%‘ﬂﬂmgﬁ‘ﬂy‘ﬂ MO9 | M10 | MO9 | M10 | MO9 | M10 | MO9 | M10
ecoli4 : Ac 0.95 0.95 0.95 0.95 0.95 0.95 0.95 0.95
Se 1.00 0.95 1.00 0.95 1.00 0.95 1.00 0.95
Sp 0.95 0.95 0.95 0.95 0.95 0.95 0.95 0.95
glass-0*: Ac 0.44 0.56 0.44 0.56 0.44 0.56 0.44 0.56
Se 0.65 0.82 0.65 0.82 0.65 0.82 0.65 0.82
Sp 0.24 0.29 0.24 0.29 0.24 0.29 0.24 0.29
thyroid1: Ac 0.94 0.97 0.94 0.97 0.94 0.97 0.94 0.97
Se 0.89 0.97 0.89 0.97 0.89 0.97 0.89 0.97
Sp 1.00 0.97 1.00 0.97 1.00 0.97 1.00 0.97
vehicleO : Ac 0.95 0.98 0.95 0.98 0.95 0.98 0.95 0.98
Se 1.00 0.99 1.00 0.99 1.00 0.99 1.00 0.99
Sp 0.89 0.97 0.89 0.97 0.89 0.97 0.89 0.97
yeast-0* : Ac 0.81 0.75 0.81 0.75 0.81 0.75 0.81 0.75
Se 0.74 0.69 0.74 0.69 0.74 0.69 0.74 0.69
Sp 0.88 0.82 0.88 0.82 0.88 0.82 0.88 0.82
yeast1: Ac 0.69 0.70 0.69 0.70 0.69 0.70 0.69 0.70
Se 0.73 0.75 0.73 0.75 0.73 0.75 0.73 0.75
Sp 0.65 0.65 0.65 0.65 0.65 0.65 0.65 0.65

P o A

NNIUNITARNLA

ANAMANHIZLAZNINN W dNAA

Tuag PCA+SMOTE PCA+SMOTE+Bagging
%mmzﬁmﬂa M17 M18 M17 M18 M17 M18 M17 M18
ecoli4 : Ac 0.99 0.98 0.99 0.98 0.99 0.98 0.99 0.98
Se 0.99 0.99 0.99 0.99 0.99 0.99 0.99 0.99
Sp 0.99 0.98 0.99 0.98 0.99 0.98 0.99 0.98
glass-0*: Ac 0.78 0.85 0.78 0.85 0.78 0.85 0.78 0.85
Se 0.93 0.92 0.93 0.92 0.93 0.92 0.93 0.92
Sp 0.63 0.78 0.63 0.78 0.63 0.78 0.63 0.78
thyroid1: Ac 0.99 0.99 0.99 0.99 0.99 0.99 0.99 0.99
Se 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00
Sp 0.99 0.99 0.99 0.99 0.99 0.99 0.99 0.99
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A5 BUAAIAIANINGNFBITBIN TMAAe LTy aTNIWNIARABNAMAN LT LAL N3V lTanna

AulpalduRawazITNgw (sie)

T PCA+SMOTE PCA+SMOTE+Bagging

gﬁlﬂﬂmgﬁ@;ﬂa M17 M18 M17 M18 M17 M18 M17 M18
vehicle0 : Ac 097 | 096 | 097 | 096 | 097 | 096 | 097 | 096
Se 099 | 098 | 099 | 098 | 099 | 098 | 099 | 098
Sp 094 | 094 | 094 | 094 | 094 | 094 | 094 | 094
yeast-0* : Ac 095 | 099 | 095 | 099 | 095 | 099 | 095 | 099
Se 099 | 099 | 099 | 099 | 099 | 099 | 099 | 099
Sp 100 | 100 | 100 | 100 | 100 | 100 | 100 | 1.00
yeast1: Ac 099 | 099 | 099 | 099 | 099 | 099 | 099 | 099
Se 099 | 099 | 099 | 099 | 099 | 099 | 099 | 099
Sp 099 | 099 | 099 | 099 | 099 | 099 | 099 | 099

5197 BUAAIANAINNYN ﬁamqmimm@au%sﬂ@ﬁ'mumiﬁm RanAANEUELAT N3V i aNna

AulunadufeIuazEInNgs (se)

T PCA+Undersampling PCA+Undersampling +Bagging

%@ﬁmgﬁﬂm"a M25 M26 M25 M26 M25 M26 M25 M26
ecoli4 : Ac 0.86 0.86 0.86 0.86 0.86 0.86 0.86 0.86
Se 0.75 0.75 0.75 0.75 0.75 0.75 0.75 0.75
Sp 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00
glass-0*: Ac 0.50 0.58 0.50 0.58 0.50 0.58 0.50 0.58
Se 0.43 0.43 0.43 043 0.43 0.43 0.43 0.43
Sp 0.60 0.80 0.60 0.80 0.60 0.80 0.60 0.80
thyroid1: Ac 0.92 0.96 0.92 0.96 0.92 0.96 0.92 0.96
Se 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00
Sp 0.82 0.91 0.82 0.91 0.82 0.91 0.82 0.91
\vehicleO : Ac 0.90 0.91 0.90 0.91 0.90 0.91 0.90 0.91
Se 0.94 0.95 0.94 0.95 0.94 0.95 0.94 0.95
Sp 0.86 0.86 0.86 0.86 0.86 0.86 0.86 0.86
yeast-0* : Ac 0.71 0.72 0.71 0.72 0.71 0.72 0.71 0.72
Se 0.76 0.67 0.76 0.67 0.76 0.67 0.76 0.67
Sp 0.66 0.76 0.66 0.76 0.66 0.76 0.66 0.76
yeast1: Ac 0.82 0.78 0.82 0.78 0.82 0.78 0.82 0.78
Se 0.74 0.72 0.74 0.72 0.74 0.72 0.74 0.72
Sp 0.93 0.86 0.93 0.86 0.93 0.86 0.93 0.86
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Abstract

Imbalanced data is a kind of information
that occurs in real life, such as medical
diagnosis in which records of seriously ill
patients outnumber by records of healthy ones.
These imbalanced data affect the learning
performance of algorithms in data mining. The
boundary of decision in out of balance data
chosen by most standard algorithms of machine
learning tends to bias toward the majority class
and hence misclassifies the minority class.
Therefore, we present an approach for dealing
with imbalanced data classification problem by
applying the decision tree ensemble learning
using both bagging and boosting techniques to
build modelsthat compensate the
misclassification with cost sensitive learning.In
this research, we build the model templates
from different characteristics of synthetic
data.We have chosen an appropriate model
template for the real data with different
imbalanced rating and overlapping ratio. The
results showed that the chosen model
templatecan solve the imbalanced data
classification problem efficiently. But there are
some model templates that cannot classify
correctly when imbalanced rate increases.

Keywords: Ensemble Learning,
ImbalancedDatasets, Decision Tree
Classification, Cost-Sensitive Learning,
Visualization.

1. Introduction

Datamining'"is a method that has been
extensively used to retrieve the hidden
knowledge from a large information repository.
Data mining task has many categories
depending on the purpose of application. The
one of those categories is data classification that
aims to learn patterns to make prediction about

the class of some unknown data. Most standard
algorithmsfor data classification can be applied
very efficiently in terms of overall classification
accuracy if data in each class are in equal
proportion.However,these algorithms show poor
learning performance when classifying the
imbalanced data that have amount of instances
in the group of interest less than those in the
other groups®.

For example, we can demonstrate a
comparison between classifying balanced data
and unbalanced datawith300 instances and two
classes. For the balanced dataset, the amounts
of data in the two classes are equal; that is, 150
instances in each class. For the unbalanced
dataset, there are 285 instances in the class a,
whereas there areonly 15 instances in the class
b. Take both datasets to be classified by
decision tree induction. The results are shownin
Fig. 1. Both datasets show good performance in
terms of overall classification accuracy. When
considering accuracy in each class, we found
that the performance of classifying class bin the
balanced data is more accurate than classifying
class bin the imbalanced data. This
classification accuracy drops drastically from
0.947 to 0.467.

a8 b <-- classified as

148 4] a=1
8142 | b=2
Accuracy = 0.960
Pred. a=0.973

"= Pred. b=0.947
(a) Balanced data

a b <-- classified as

288 11 a=1
g 71 b=2
Accuracy =0.970
*s Pred. a=10.996
Pred. b= 0.467

(b) Imbalanced data
Fig. 1.Comparisons of classification between
the two datasets of balanced data and
unbalanced data.
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We recognize the importanceof

Thisexample indicates that
usingimbalanced data in classification will
affect the learning  performance  of
algorithmsthattend to bias toward the group of
majority and cause high misclassification rate
over a group of minority.

The problem of classifying imbalanced
data mentioned above has drawn attention from
many researchers to propose various methods to
solve this problem. The proposed methods
focus on a more accurate classification over a
minority group. Some important work
thatproposed the methods mentioned above are
as follows:

Brown and Mues®  proposed the
undersampling technique to deal five credit
scoring imbalanced datasets.

Cateni et al.”) proposed the oversampling
and undersampling techniques to deal the
benchmarks imbalanced datasets from the
KEEL Repository.

Lopez et al.®studied the performance of
classification with the hybrid techniques of
SMOTE+ENN and SMOTE. They solved the
problem by combining the techniques at data
level approach and algorithm level approach
and focusedon the cost-sensitive learning. They
compared these techniques with their proposed
hybrid techniques andperformed experiments
with 66 datasets that were taken from the KEEL
Repository.

Krawczyk et al.“proposed the decision tree
ensemble data classification and cost-sensitive
learning to deal with six binary benchmarks
imbalanced datasets from the KEEL Repository.
They proposed a technique to prune the
decision tree using the novel algorithm and
optimal Cpinoriy derived from the ROC
analysis.They compared the proposed method
with the other six methods. The result showed
that their proposed method was efficient in
some datasets.

Liao et al. ”proposed the ensemble learning
for binary classification. They used Support
Vector Machine (SVM) for rebalancing data in
the stage of preprocessing and then selected the
featuresfor ensemble learning with
Back-Propagation Neural Network (BPNN).
The outputs from ensemble learning were taken
to build new knowledge by using the rough set
theory. They performed experiments with the
listed electronics companies from 2005 to 2011:
63 financial crisiscorporations and 2680
non-financial crisis corporations.The result
showed that their proposed method was more
efficient than other methods.

solvingimbalanced data classification problem
with an effective method. Therefore,we present
an approach for dealing with imbalanced
datasets by applying the decision tree ensemble
learning using both bagging and boosting
techniques to build models and combine the
compensation technique to handle
misclassification with cost sensitive learning.

The rest of this research is organized as
follows: Section 2 gives details of the
background and relevant techniques. Section 3
presents details of our proposed method. The
experimental results and analysis will be
presented in Section 4. Finally, the research is
concluded in Section 5.

2. Background

2.1 Imbalanced Data

Imbalanced data is the data that have the
amount of instances in the group of interest
much smaller than those in other classes®.The
group of data that has a larger number of]
instances is called the majority class or negative
class, whereas the group of data that has a
smallest number of instances is called the
minority class or positive class™ When
classifying imbalanced data, the boundary of]
decision acceptable by standard algorithms
tends to bias toward the majority class and
misclassify in minority class as illustrated in Fig
2.

Characteristics of imbalanced data that can
influence the classification algorithms”are
divided into three casesas follows:

(a) Imbalanced Ratio

Imbalanced data can be verified by the
degree of imbalance, which represents the ratio
between the number of data instances in
majority class (Nmajority) and the number of data
instances in minority class (nmim,my)(m). The
imbalanced ration can be defined by Eq. (1)

Imbalanced Ratio (IR) = limajority (1)
nminority
(b) Lack of data
This problem occurs when the size of]
samples in the minority class is too small®®.
Because of small sample size will cause
difficulty in finding the patterns.
(c) Overlapping ratio between classes
Overlap occurs when the data of each class
has shared area. Overlap that occurs in
conjunction with imbalanced data would result
in the more complex situation for
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classifiers are used to learn the original dataset

K 0 % 2 3 g I N
Fig. 2. Linear classification of imbalanced data
whichbias towards majority class.

Maximum Fisher’s Discriminant Ratio (F1) is
one method that can be used for measurement
the overlapping ratio.The F1 is defined by Eq.

)

2
_ (ﬂminority - ﬂmajority)i
fi=7= 2

(Jminority -0

2)

majority)i

wheref; is Fisher’s Discriminant Ratio of
feature 7.

Hminority, Mmajority ar€ mean of minority
class and majority class, respectively.

Opinority Omajority A€ variance of

minority class and majority class, respectively.

The methods for solving imbalanced
classification problem™'?can be divided into
three approaches as follows:

(a) Data Level Approaches

This approach solves the problem in a

pre-processing stage by rebalancingthe class

distributionusing  thesampling  techniques:
oversampling, undersampling, and a hybrid
technique.

(b) Algorithm Level Approaches
This approach attempt to adapt existing
algorithms by adjusting the parameters.
(c) Cost Sensitive Approaches
This approach wuses both data level
approaches by adding special cost to
misclassification and  algorithm  level
approaches by modification the algorithms to
the possible classification that leads to less
errors.

2.2 Ensemble Learning

The functions of single model have high
classification performance but have a problem
in terms of a fixed a set of parameters, which
causes the bias. Reduction of such bias can be
obtained through the ensemble learning.

The performance of ensemble learning
depends on the precisionof classifiers. In
ensemble classification learning, multiple

Original Training Data

—
Stepl:CreateMultiple [——— f———] =
Step2: Build Multiple
Classifiers

Coiten
Fig. 3. The fundamental step of ensemble
learning.

together. The results from learning will be
combined and then wused to classify the
unknown data. The process of ensemble
learning is given in Fig. 3%,
Ensemble learning can be divided into
three approaches as follows:
(a) Boosting method
Boosting  method'*is an  ensemble
classification such that each classifier has a
weight which is derived from the precision of]
learning. The resultsmodels are used to predict
the unknown data by the majority vote. The
popular technique is AdaBoost.
(b) Bagging method
Bagging method"*builds the models from
the same learning algorithm but each algorithm
learns from different instances. This method
also uses majority vote for predictionof]
unknown data. The popular technique is Bag.
(¢) Random subspace method
Random subspace method or Attribute
Bagging!'”learns from the same dataset and
then performs sampling without replacement
over the features.The method also uses majority
vote for the prediction of unknown data.

2.3  Cost Sensitive Learning

Cost-sensitive learning takes into account
the cost of misclassification. Penalties of
misclassification will be built as a cost matrix
as shown in Table 1.

From Table 1, let C(i,j) be the cost of]
predicting the sample in class i as class j. C(0,0)
and C(1,1) are the cost of correct classification
which is set to be equal to 0. C(0,1) is the cost
of misclassifying of majority class to be
minority, and the cost is set to 1.C(7,0) is the
cost of misclassifying of minority class to be
majority. The cost is Cpinoriy, Which can be
adjusted according to the specific algorithm.

The most important issue for solving the
imbalanced data classification problem is
recognizing correctly the positive instance
(minority class) rather than the negative
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instance (majority class). Therefore, the cost of
misclassifying of minority class musthigher
than the cost of misclassifying of majority class
(C(1,0)>C(0,1)).

Table 1. Cost matrix C for binary classification.

Predicted Class
Majori 1 Minori lass
Ac.tue.11 Class e (g; Class ° (% Ca
MajOrEg; Class C.00=0 Cigf;h]y):l
Minor(itl); Class (é(‘i‘i)my: c,1)=0

3. Methodology

Model Templates

e —— L

ol A | a2 | Az agg ] ags | Data

Imbalanced b Diata Normalization

In this research, our main objective is to
find the classification model efficiently for
solving the imbalanced data classification
problem with highaccuracy and efficiency. Our
concern is to improve the process of imbalanced
classification at different imbalanced ratio and
overlapping ratio between classes. We apply the
decision tree ensemble learning using both
bagging and boosting techniques to build
models and compensate the misclassification
with cost sensitive learning by building cost
matrix and then take the values from cost
matrix to adjust the parameters of ensemble
learning.

e __l,._- .:. .... ,... ..I ~— R
Sampling DB1

Choose the
appropriate model
for the data set

Model Matching

Find optimal Cost
Value for Minority
Class

¥

Perform Ensemble
Decision Tree
Classification using

Corinasity Value

k-Fold
L]
Find ol:ftz_mal Number Ol Exsabils
of Decision Trees by |,
Wi Model
WVisualization

Fig. 4. The framework of steps for building theimbalanced classification models

We also find the optimal number of trees by
visualization. The framework and the steps are
shown in Fig. 4, we can explain in detail of
each stage as follows:

(a) Building the Model Templates

This stage is for building the model
templates with the following two steps:

1. Generate the numeric synthetic data,

1000 instances with normal distribution,
slightlyoverlapped with imbalance ratiosof
10%.

2. Build model templates from the
synthetic ~data using five algorithms:
AdaBoostM1, Bag, TotalBoost, LogitBoost and
RUSBoost. Name of the model templates are
M1, M2, M3, M4 and M5, respectively.

(b) Building the System Model

This stage is for building the system model
with the following six steps:

1.  Normalization the features to zero
mean and set standard deviation equal to 1.

2. Sampling data by using stratified
sampling to draw samples from the imbalanced
data with several of imbalance ratios. We call
the sampled data DBI.

3. Find optimal cost value for minority
class by generate cost matrix for
misclassification cost. We are setting IR of DB1
to be the Cuinoriy- Other values in the cost
matrix will be determined by a constant:
Crajorityequals 1, C(0,0) and C(1,1) equals 0.

4. Model matching by analyzes the
characteristics of DB1 and then choose the
appropriate modelfrom the model templates.

5. Building the imbalanced
classification model using the model templates
and the best value of Cpinoriy- We initialize the
number of decision trees to be equal to 200 and
test the model by k-fold cross validation, k=5.

6. Find optimal number of decision
trees, weemploy visualization to reduce the
number of decision trees obtained from
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ensembles learning to achieve a number of
suitable decision trees. The visualization will
show the test of classification error for each
decision tree and we will choose the top-10
decision trees with theminimum error.
(¢) Test Performance of the Ensemble Model
The optimal ensemble model will be tested
to evaluate its performance by the evaluation
measure.

4. Experimental Results

4.1 Datasets

For our experiment, the proposed ensemble
models have been developed and applied for
binary classification on the following datasets:

Table 2.Details of the synthetic datasets and optimal model templates.

(a) Synthetic datasets
The synthetic datasets have been created
usingMatlab. We created five datasets
whichhave a slight overlap with an initial
imbalanced ratio of 10%, two classes and three
features.Details of the synthetic datasets and the
optimal model templates are given in Table
2and one of the synthetic dataset is shown in
Fig. 5.

(b) KEEL datasets
For our experiments, we have taken six
binary imbalanced datasets from the KEEL
Repository"'”. Details of the employed datasets
are given in Table 3.

Dse::tta Characteristics Model Template

DI | M=[000;2 2 2]S1=[0.2 0.0 0.0; 0.0 0.1 0.0; 0.0 0.0 0.0] S2=[1.1 0.3 0.2; 0.3 1.1 0.7; 0.2 0.7 1.2] AdaBoostM]1

D2 | M=[0.65 -0.09 -2.59; -0.05 0.01 0.19]81=[1.09,0.03,-0.13; 0.03,0.73, 0; -0.13,0, 0.05] Ba
$2=[0.96,-0.02,0.57; -0.02,1.02,0; 0.57,0, 0.55] &

D3 | M=[0.18 0.45 1.07; -0.02 -0.05 -0.12]81=[1.87,1.46,2.42;1.46.8.58,-0.81;2.42,-0.81,6.33] TotalBoost
$2=[0.90,0.26,0.31;0.26, 0.11,0.06;0.31,0.06,0.25]

D4 | M=[3 1300 0]81=[0.77,-1.17,-0.98;-1.17,5.82,5.17;-0.98,5.17.4.6] LogitBoost
$2=[0.23,-0.21,-0.09;-0.21,0.49,0.2; -0.09,0.2,0.14] g

D5 | M=[000; 11 1]81=[0.8,-0.2,-0.2;-0.2,1.8,-0.1;-0.2,-0.1,0.3]
$2=10.8,0.1,-0.01; 0.1, 0.8,0.2; -0.01,0.2, 0.8] RUSBoost

M is mean of minority class and majority class. S1 and S2 are variance of minority class and majority class, respectively.

Feature 3
Feature 2

a
55 Feature 2 4

Feature 3
Feature 3

Feature 2 Feature 1

Fig. 5.An overview of the synthetic dataset: D5.

4.2 Evaluation Metrics

In order to evaluate the effectiveness of the
proposed method we used confusion matrix to
show the accuracy of the classification and the
reliability of the model. Detail of confusion
matrix is given in Table 4.

From Table 4, row of the matrix shows the
number of actual instances of each class and

Table 3. Details of the datasets used in the

experiments.
Name /(\];t/?};?)t: Instance Mg;;ty Mg;):;y IR
lﬁ‘;%i's 10 (4/6/0) | 5472 | 4913 559 8.79
pima | 8 (8/0/0) 768 500 268 1.87
segment |18 (18/0/0) | 2308 1979 329 6.02
shuttle | 9 (0/9/0) 1829 1706 123 13.87
vehicle |18 (0/18/0) | 846 628 218 2.88
yeast | 8(8/0/0) 1484 | 1321 163 8.10

(R/I/N)* : Real/Integer/Nominal Valued

column shows the number of predicted of each
class. It is divided into the following four cases:

Table 4. Confusion Matrix for Binary
classification.

Positive Prediction Negative Prediction

Actual Positive

Class True Positive (TP)

False Negative (FN)

Actual
Negative Class

False Positive (FP) True Negative (TN)
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TP: number of instances that are correctly
classified as positive class.

TN:number of instances that are correctly
classified as negative class.

FP: number of instances that are negative
class incorrectly classified as positive class.

FN: number of instances that are positive
class incorrectly classified as negative class.

(a) Sensitivity or True Positive Rate

(TPRate) or Recall

This measure shows the ability of the
model to classify positive class, which is
defined as the ratio between the number of
correctly classified positive class and the total
number of the actual positive class. The
sensitivity is defined by Eq. (3)

Recall = Sensitivity = m 3)

(b) Specificity or True
(TNRate)

This measure shows the precision of the
classification model in classifying negative
class, which is defined as the ratio between the
number of correctly classified negative class

Negative Rate

and the total number of the actual negative class.

The specificity is defined by Eq. (4)

TN

ificity = TN =— (4

Specificity rate (TN + FP) 4)
(¢c) Accuracy

This measure shows evaluation of the

overall performance of all classes in the

classification of a model.The accuracy is
defined by Eq. (5)

TP+ TN

TP+FN+TP + FP) (&)
* 100

Accuracy = (

4.3 Results and Analyses

In this section, we present the results from
the evaluation of our proposed model using six
binary benchmarks imbalanced datasets. We

o

perform stratified sampling to draw samples
from imbalanced datasets at different
imbalanced ratios and then analyze the
characteristics of data to find the suitable model
from the model templates. The results of the
suitable model templates are given in Table 5.

We derive the Cpinoriy from imbalanced
ratio (IR) and then use it in the step of building
the ensemble model. The initial number of
decision trees is 200 and then reduce this
number to get the optimal number of decision
trees using visualization.

Table 5. Optimal model templates for
benchmark datasets.

Dataset Model Template
page-blocks | TotalBoost
pima IRUSBoost
segment IAdaBoostM1, LogitBoostandTotalBoost
shuttle Bag and LogitBoost
vehicle LogitBoost
yeast IRUSBoost

Fig. 6 shown the decrease in the number of
decision trees of the yeast dataset adjusted with
the smallest error rate. The optimal number of]
decision trees equal 30.

From the obtained optimal model templates
shown in Table 5, we performed the
experiments over the benchmark datasets with
these models. We also performed the
experiments with the rest of model templates as
a base line for comparisons. We experiments
with the three imbalanced ratios: 1:10, 1:25 and
1:50. Each imbalanced ratio is equal Cpinority-
The performance of such models in terms of]
sensitivity (SE), specificity (SP) and accuracy
(Acc) are given in Table 6, Table 7 and Table 8,
respectively.

0.095
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Fig. 6.Shows the error of classification of yeast dataset with varying number of decision trees.
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Table 6. Classification results for benchmark datasets with imbalanced ratios 1:10, the best value of]
Cminority is 10.

Model AdaBoostM1 Bag TotalBoost LogitBoost RUSBoost
Dataset| SE SP Acc SE SP Acc SE SP Acc SE SP Acc SE SP Acc
lﬁ?)%i_s 66.67 |99.39 |96.30 |40.83 |99.83 |94.25 |82.50 |98.00 |96.54 |81.67 |99.04 |97.40 |79.17 |95.74 |94.17
pima |[20.00 [95.33 |[88.48 | 6.67 [100.00 [91.52 |[33.33 [94.00 |88.48 |[26.67 |98.67 [92.12 |80.00 |76.00 | 76.36
segment | 97.50 | 99.50 | 99.32 | 57.50 |100.00 | 96.14 [95.00 |[99.25 |98.86 |[95.00 [99.50 [99.09 |85.00 |99.50 |98.18
shuttle | 0.00 [100.00 | 90.24 |7100.00 |100.00 {100.00 | 0.00 |100.00 | 90.24 |7100.00 |100.00 |100.00 | 80.00 [100.00 | 98.05
vehicle | 70.00 | 99.00 |96.36 | 0.00 |100.00 | 90.91 | 70.00 |98.00 |95.45 |75.00 |99.00 |96.82 |85.00 |90.00 |89.55
yeast | 66.67 |98.95 |95.87 | 3.33 |100.00 | 90.79 |86.67 |94.39 |[93.65 |[76.67 |[98.60 |[96.51 |93.33 |93.68 | 93.65

Table 7. Classification results for benchmark datasets with imbalanced ratios 1:25, the best
value of Cinority 18 25.

Model AdaBoostM1 Bag TotalBoost LogitBoost RUSBoost

Dataset| SE SP Acc SE SP Acc SE SP Acc SE SP Acc SE SP Acc
lﬁ"o%‘l’('s 54.17 |99.93 |98.17 [17.50 |99.93 |96.76 |80.00 |99.27 |98.53 |77.50 |99.53 [98.69 |79.17 |96.77 |96.09
pima |13.33 |99.47 |96.15 | 0.00 [100.00 | 96.15 |40.00 |96.00 |93.85 |26.67 |97.33 |94.62 |80.00 |80.80 |80.77
segment | 97.50 [100.00 | 99.90 [15.00 [100.00 |96.73 | 97.50 | 99.90 |99.81 | 97.50 |100.00 | 99.90 |75.00 |99.80 |98.85
shuttle | 0.00 [100.00 | 96.15 | 75.00 |100.00 | 99.04 | 0.00 |100.00 | 96.15 |100.00 |100.00 |100.00 |100.00 | 99.70 | 99.71
vehicle | 50.00 |99.80 |97.88 | 5.00 |100.00 |96.35 | 65.00 | 8840 |87.50 |65.00 |99.60 |98.27 |85.00 | 90.60 |90.38
yeast |36.67 |99.47 |97.05 | 3.33 [100.00 | 96.28 |80.00 |93.47 |92.95 |66.67 |99.60 |98.33 |86.67 |94.27 |93.97

Table 8. Classification results for benchmark datasets with imbalanced ratios 1:50, the best
value of Cpinority 18 50.

Model AdaBoostM1 Bag TotalBoost LogitBoost RUSBoost
Dataset| SE SP Acc SE SP Acc SE SP Acc SE SP Acc SE SP Acc
lﬁ?)%i_s 35.83 [99.98 |98.73 |12.50 [100.00 |98.28 | 73.33 |99.62 |99.10 |70.83 [99.82 [99.25 |73.33 [97.20 |96.73
pima | 0.00 [100.00 |[98.04 | 0.00 [100.00 |98.04 |26.67 [99.07 [97.65 |13.33 [100.00 |98.30 |73.33 |73.73 |73.73
segment | 92.50 |100.00 | 99.85 | 15.00 |99.85 |98.19 |92.50 |99.95 |99.80 |92.50 |100.00 | 99.85 |82.50 |99.55 |99.22
shuttle | 0.00 [100.00 | 98.04 |35.00 |100.00 |98.73 | 0.00 |100.00 |98.04 [7100.00 [100.00 [100.00 [100.00 | 99.85 | 99.85
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Table 8. Classification results for benchmark datasets with imbalanced ratios 1:50, the best

value of Cinority 1S 50 (con’t).

Model AdaBoostM1 Bag TotalBoost LogitBoost RUSBoost
Dataset| SE SP Acc SE SP Acc SE SP Acc SE SP Acc SE SP Acc
vehicle | 40.00 | 99.90 [98.73 | 500 |100.00 | 98.14 |60.00 |99.50 |98.73 |50.00 |99.90 |98.92 |90.00 |89.70 |89.71
yeast | 333 [99.93 [98.04 | 0.00 |100.00 | 98.04 |80.00 |86.07 [85.95 |50.00 |99.60 |98.63 |83.33 |95.93 |95.69
Table 9. Comparison between the best results from our proposed and themethod with
proposed byKrawczyk et al.®
IR 1:10 1:25 1:50
Krawczyk et Krawcezyk et Krawczyk et
(6%/ Proposed (6})/ Proposed (6%/ Proposed
Dataset al. al. al.
SE SP SE SP SE SP SE SP SE SP SE
e | 8295 | 8023 | 8250 | 9800 | 7076 |8123 |80.00 | 9927 |88.04 |87.64 |7333 | 99.62
pima | 8523 | 9710 |80.00 |7600 |77.13 | 9450 |s0.00 |s0.s0 |7143 |9267 |7333 | 7373
segment | 75.24 | 82.94 | 97.50 | 99.50 | 7289 | 90.11 | 9750 |100.00 | 7002 | 9343 | 9250 |100.00
shuttle | 9231 | 89.23  |100.00 |100.00 | 8628 | 91.05 |100.00 |100.00 | 7598 | 9298 |100.00 |100.00
vehicle | 88.23 | 89.23 | 8500 |90.00 |77.67 |9345 |8500 |90.60 |67.37 |90.98 |90.00 |89.70
yeast | 70.25 | 9723 | 9333 | 9368 | 6778 | 9811 | 8667 | 9427 |6034 |9622 |8333 | 9593
The results of the experiments in Table 6, As for comparison with the results

Table 7 and Table 8, show that there are chosen
model templates could classify efficiently, such
as RUSBoost model for yeast and pima datasets
and TotalBoost model for page-blocks dataset.
For vehicle dataset, we choose LogitBoost
model templates which are inappropriate,
RUSBoost model could classify efficiently. The
rest of datasets demonstrate that part of model
template can classify efficiently and some
model templates without chosen; RUSBoost
model for shuttle and page-blocks datasets; are
able to classify efficiently.

The model template is disabling to classify

efficiently when increasing the imbalanced ratio.

The examples are Bag model for segment
dataset can classify correctly at imbalanced
ratio at 1:10, and AdaBoostM1, TotalBoost and
LogitBoost model for segment dataset can
classify correctly at imbalanced ratio at 1:25.
For increasing imbalanced ratios of shuttle
dataset, our proposed method could improve the
classification of imbalanced data significantly
with chosen model template: LogitBoost model.

proposed by Krawczyk et al.®) is shown in
Table 9. The proposed method shows the
performance is quite satisfactory; especially the
imbalanced datasets are imbalance ratio of 1:25
and 1:50. For an imbalance ratio of 1:10, the
proposed method was statistically better on
three of imbalanced datasets, while the
competition method was statistically better on
the rest of imbalanced datasets. For an
imbalance ratio of 1:25, the proposed method
was statistically better on all of six imbalanced
datasets. For an imbalance ratio of 1:50, the
proposed method was statistically better on five
of imbalanced datasets, while the competition
method was statistically better on the rest of
imbalanced datasets.

5. Conclusions

Imbalanced  data  classification  isa
significant challenge for standard algorithms of]
machine learning. In this research, we propose
the method to deal with imbalanced data
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classification problems with the main focus to
improve recognition of the minority class. We
combine the cost-sensitive learning with
ensemble decision tree classification using
bagging and boosting techniques. The numbers
of decision trees are also decreased to an
optimal number of decision trees by
visualization. We create normally distributed
synthetic data with binary classes, three features
and 1000 instances. Then, we build the model
templates from five algorithms: AdaBoostM1,
Bag, TotalBoost, LogitBoost and RUSBoost.
We analyze the standard datasets and selected
the best model template by considering the
overlapping between classes, mean and
standard variation of minority class and
majority class with closed to model templates.
The experiments show that the overlapping
ratio between classes has an effect to the
performance of proposed model. If datasets has
overlapping between classes, the model can
classify correctly at imbalanced ratio not over
25. The appropriate ensemble technique is
boosting such as RUSBoost, LogitBoost,
TotalBoost, and AdaBoostM1. For Bag model,
it classifies correctly at imbalanced ratio not
over 10. The best model is RUSBoost that can
classify an imbalanced data which have

overlapping between classes and high
imbalanced ratio.
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