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Abstract—Class imbalance is the main problem in
classification because the classification process tends to misclassify
minority class which is an interesting class in another class if the
training process is done to a set of instan This problem will
result in the result obtained biased towards @e class with a large
number of instances. Against a number of methods proposed to
overcome this class imbalance problem. One good method is the
Hybrid Approach Redefinition (HAR) Method which has the
advantage in overcoming the problem of class imbalance with the
number of small classifiers and also the data diversity is good. This
study will use the HAR Method incorporated wi oss Factors to
correct the classification of most classes based o¥@#fie performance
evaluation of each classifier based on the F-Measure and G-Mean
values. The results showed that HAR Method with Loss Factors
gave better performance value compared with HAR Method
without Loss Factor.

Keywords—class imbalance; classification; hybrid approach
redefinition (HAR) method;, loss factors

I. INTRODUCTION

Many classifying tasks in the real world suffer from the
problem of an unbalanced class in which some classes are
highly represented in comparison to other classes [1]. The
misclassifying of the classification process can decrease the
accuracy of prediction [2]. Within the Machine Learning
Research Society, the problem of learning imbalances in the
classroom is considered to be one of the most important
challenges [3]. Class imbalance is the main problem in
classification because the classification process tends to
misclassify minority class which is an interesting class in
another class if the training process is done to a set of instances
[4]. Class imbalance is the main problem in many applications
for real-world sample recognition, In automated image
monitoring, fraud detection, PC and network security, risk
management, and medical diagnostics [5]. Classification
ensemble has emerged as a popular learning framework to
address unbalanced classification problems [6]. ensemble
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classifier can provide higher accuracy and durability than a
single classifier by combining different classifier [7].

Boosting is a common static ensemble learning algorithm
initiated to effectively promote a weak learner who behaves a
little better than random guessing in a stronger ensemble [5].
SMOTE is also involved in and/or expanded to an ensemble-
based method [6]. In Boosting, there is a weight in the process
of learning so that the base classifiers in the file are aimed at
correctly classifying more important samples as iterative events
continue. Samples that are incorrectly classified in each
iteration become more important for further iteration, and a
more precise primary classifier acquires a higher share in the
final decision [5]. Soleymani et al. [4] proposed Loss Factors to
improve the performance of Boosting algorithms in unbalanced
data. The modified loss factor is integrated into the weight
update formula and determines the contribution of the classifier
in the final class prediction to avoid the distortion of the
majority class.

Hybrid ensemble is a method that combines both bagging
and boosting [8]. Hybrid Approach Redefinition (HAR) method
which is basically a hybrid ensemble and argues that this
method specially designed to increase diversity and have an
impact to the performance of imbalance learning and HAR
Method also use SMOTEBoost in their process [9] without loss
factors for boosting. This study will use the HAR Method
incorporated with Los?ﬁctors to correct the classification of
most classes based o e performance evaluation of each
classifier based on the F-Measure and G-Mean values [8].

II. RELATED WORKS

Another problem in Boosting-Based Ensembles is that they
may suffer the bias towards a negative class because the loss
factor that governs their learning process is gained based on the
weighted precision. In cases of imbalance, the weighted
accuracy reflects the ability to correctly classify negative
samples more than positive [5]. One of the solutions is using
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Cost-Sensitive Approach that defines the misclassification
wsts for different classes[10]. Prusty ef al. [11] has proposed a

eighted SMOTE where oversampling of each minog&y data
sample is carried out based on the weight assigned to i¥iased
Support Vector Machine and Weighted SMOTE had been used
in handling class imbalance problem and give better accuracy
and sensitive compared to genera Support Vector Machine [12].
In contrast, Cost-Free techniques modify learning algorithms
by increasing factor loss calculation without taking into account
cost factors [13]. Another Cost-Free Approach [4] modifies the
calculation of the loss factor of the Boosting algorithm by the
F-measure, the most commonly used performance evaluation
measures for imbalance learning.

III. METHODOLOGY

The data used in this research are EcoliOvsl, GlassO, and
NewThyroid2 from KEEL-Dataset Repository and UCI
Machine Learning Repository. The dataset used is a dataset
with varying deggges of imbalanced (imbalanced ratios). The
Research Methoﬁn be seen in Fig. 1

]
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Result Dataser
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with Loss Factors

Performance Comparison

Fig. 1. Research Method

In Fig. 1 it can be seen that the process begins with the
selection of the dataset. The existing dataset will undergo a
classification process with one of the classification algorithms
such as K-Means. The result of classification containing the
class imbalance will undergo preprocessing step by using
Random Balance Ensemble Method[14]. The result of
preprocessing in the form of preprocessing dataset will undergo
processing ges by using Different Contribution
Sampling[ 15 %he results of this processing will be compared
with the HAR Method, to see if the HAR Method with Loss
Factors is better than the HAR Method without Loss Factors.

A. Hybrid Approach Redefinition (HAR) Method

Hybrid Approach Redefinition (HAR) will use the Random
Balance Ensemble Method for preprocessing steps in order to

maintain data diversity and preprocessing will be done using
UnderBagging and Different Contribution Sampling (DCS)
methods in order to reduce the size of the classifier [9]. The
process of Hybrid Approach Redefinition (HAR) Method can
be seen if Fig. 2, Fig. 3, and Fig. 4 [9].
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Majority Class and insert 10 8° Minority Class and insert to §°
Formation of New Minority Class Formation of New Majortty Class
using SMOTE using SMOTE

Preprocessing
Daraset

Fig. 2. Preprocessing Stage at HAR Method

In Fig. 2, Fig. 3, and Fig. 4 the steps shown in the HAR
Method are divided into 3 sections: Preprocessing Stage,
Processing Stage, and Evaluation Stage. In the Preprocessing
Stage stage, the Random Balance Ensemble Method is used
which combines Random Under Sampling with SMOTE

éoost[14]. This preprocessing stage begins with determining

e size of the majority and minggity classes, and then a new

minority class will be generated bfesfie Random Undersampling

dethod. In the Random Under Sampling method if the new
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ajority class size is smaller than the old majority class size,
take some samples from majority class and move to minority
class and if otherwise take samples from minority class and
move to majority class. This preprocessing stage is expected to
reduce the number of classifier.
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The whole process of forming the majority and minority of
the new class is done using SMOTEBoost. In Fig. 3, the
processing is done using Different Contribution ;Sampling
(DCS) method[15]. In the DCS method, eithe egative
Samples or Majority Class or Positive Samples or Minority
Class will be separated into SV Sets and NSV Sets. NSV Sets
on Majority Class will undergo SMOTE process and the same
will be done for SV Sets on Minority Class. Processing stages
involving SMOTEBoost with Loss Factors for Boosting are
expected to achieve good data diversity. The results of the

processing will result in the Result Dataset. Result The dataset
obtained then will be measured by its performance.

B. Loss Factors for Boosting

Another cost-free approach [4] modifies the calculation of
the loss factor of the Boosting algorithm using F-Measure, the
measures most frequently used for the evaluation of
performance in the learning of class imbalance. This loss factor
can be integrated into any Boosting ensemble technique.

To aim this, we separated the weight vector into two vectors
for minority and majority class as shown in (1) and (2)
respectively [4].

W:‘ = {Wt(l),l = 1""’N|yi = 1}’
w; ={w:(0),i=1,...,N|y; = -1}

(1
2

Then calculated@e True Positive, False Positive, True
Negative, and False Negative for weighted versions as shown

in (3) — (6).

TP, = Z(j,Y]-):Yj=1 wi(),j=1,...,N* (3)
FP, = Z(j,yj):yj=1wt_ Grj=1..,N" (4)
TN, = Z(j,yj):yj=—1wt_ (.j=1,..,N" &)
FN, = Z(j,yj);yj=—1 wi(),j=1.,N* (6)

And then, the accuracy of classifier is calculated in terms of
Fg — Measure as shown in (7).

(1+B*)TPt
(1+B2)TP¢+FP¢+B2FN;

(7

Ap

To measure the error of classifiers, the corresponding loss
factor are defined respectively as shown in (8).

FPy+B2%FNy
(14B2)TP¢+FP¢+B2FN¢)

Ly=1-Ap= ®)

Determination of weight vector into two vectors for
minority and majority class is expected to obtain better diversity
data because it can reduce the number of misclassification
which is only centered on one class.

C. SMOTEBoost with Loss Factor

The Pseudocode of the SMOTE Algorithm with Loss Factor
is as follows [4].

elput: Training Set S={(xi, yi); i = 1,...,N}
N=N'+N

Number of Iteratio

Number of SMOT

Number of Nearest Neighbors K

Process:

1: if N<100

2: then Randomize the T minority class samples
3: T=(N/100) *T

4: N=100
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5: end if

6: N = (int)(N/100)

7 é‘: Number of nearest neighbors

8 &Mumattrs = Number of attributes

9: Sample[ J[gs Minority Class Sample

10: newinde

11: Synthetic[ ][ ]: array for synthetic samples

12: fori« 1to Sp

13: Compute k nearest neighbors

14: Populate(N, i, nnarray)

15: end for

16: Wy (i) = 1/N

17: fort« T do

18:  Create new training set S{ with weight distribution W/
using RS

19:  Train classifier C; on S} with W/

20:  Test C;on S and produce labels {Y;, i =1,..., N}

21:  Define weight vectors W;* and W, as in Egs. (1) and (2)
22:  Compute loss factor L, with Egs. (8)

23: Ith > m g0 to Step (18)

23:  Calculate the weight update parameter: a; = 1LtL
—ht

1
24: Update W,y (i) = Wo(DaZ" "

25:  Normalize W, such that: Y W;,; = 1

D. HAR Method with Loss Factors

The Pseudocode of the HAR Method with Loss Factor is as
follows [9].

Preprocessing
Using Random Undersampling + SMOTEBoost (Random
Balance Ensemble Method) with Loss Factor
Pseudocode
Input: Total Size totalSize
Number of Majority Sy
Number of Minority Sp

Process:
totalSize «— |S|
Sn  {(xi, yi) € Slyi = -1}
Sp— {(xi, yi) € Slyi = +1}
majoritySize < |Sn|
minoritySize < |Sp|
newMajoritySize «— Random integer between 2 and fotalSize-
2
newMinoritySize «— totalSize — newMajoritySize
if newMajoritySize <majoritySize then

S, <« Sp

Take a random sample of size newMajoritySize from Sy,

add the sample to S’

Create newMinoritySize — minoritySize artificial
SMOTEBoost with Loss Factor
else

S)<— SN

Take a random sample of size newMinoritySize from Sp,

add the sample to S’

using

create newMajoritySize — majoritySize artificial using
SMOTEBoost with Loss Factor

end if
return S’

Processing
dsing UnderBagging dan Different Contribution Sampling
put: S: Training Set,
T: Number of Iterations
n: Bootstrap Size
Output: Bagged Classifier: H (x) =
sign (XT_; he(x)) where h, [-IQ are the induced
classifiers
Process:
forr=1to T do
St Preprocessed Data Test using Random Balance
Ensemble Method (n,S)
Classifying S; Using B-SVM
Identifying Negative Samples
Identifying Positive Samples
While (EndofNegativeSamples) do
NewSVSets[]Deleting the Noise Samples in
SV Sets
NewNSVSets[|[Multiple Random Under-
Sampling in NSV Sets
end while
For All NewSVSets and NewNSVSets do
New NegativeSampleSets
End For
While (!EndofPositiveSamples) do
SMOTESets[]Deleting the Noise Samples in
SV Sets
end while
For All SMOTESets and NewNSVSets do
New PositiveSampleSets
End For
For All NewNegativeSampleSets and New
PositiveSampleSets do
ResultDataSet
End For
End For

The main difference from the HAR Method with Loss
Factors and without Loss Factors is the determination of weight
vector into two vectors for minority and majority class in the
HAR Method with Loss Factors which is expected to obtain
better diversity data because it can reduce the number of
misclassifications that are only focused on one class. If the
number of misclassifications concentrated only on one class
will certainly gain low data diversity, and Loss Factors for
boosting can minimize it by determining the right weight for
each minority and majority class.

E. Measurement of Performance

Measurement of Performance is using F-Measure, G-
Means, and Q-Statistics as shown in (9) - (17) [10] and [16].
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Q . o
rue Negative Rate (TNrate)= —=— )]
False Negative Rate (F Nrate) = TPF:I (10)
@osilive Predictive Value (PPValue) = = (11)
TP 1 FP
Negative Predictive Value (NPValue) = (12)
> TN +FN
Recall = TPrate = ——— (13)
TP + FN
Precision = PPValue = —— (14)
TP + FP
F-Measure = 2= (15)
R+P
G-Mean =\TPrate . TNrate (16)
N11N00_N01N10
Oik = N11N0O0{NOIN10 an

IV. EXPERIMENTAL PROCESS

A. Dataset Description

The data used in this research are
New-Thyroid2. The description abou
Table I [17].

oliOvs1, Glass0, and
taset can be seen in

TABLE L. DATASET DESCRIPTION
Dataset #Ex #Atts | (%Min;%Max) IR
EcoliOvs1 220 7 (35.00,65.00) 1.86
Glass0 214 9 (32.71,67.29) 2.06
New-Thyroid2 215 5 (16.89,83.11) 4.92

B. Testing

The teﬂsults of F-Measure, G-Means, and Q-Statistics for
Class Imbalance Handling in Clustering Result of EcoliOvsl
Dataset can be seen in Table II.

TABLE IL. TESTING RESULT OF ECOLIOVS]1 DATASET
Testing HAR Method HAR Method with Loss
Number Factor
_o G- 0- F- G- 0-
M e Means Statistics | Measure | Means Statistics
1 0.73 0.79 0.05 0.83 0.78 0.15
2 0.71 0.74 0.97 0.81 0.76 0.89
3 0.77 0.80 0.25 0.75 0.77 0.16
4 0.89 0.90 0.14 0.87 0.82 0.21
5 0.85 0.88 0.33 0.97 0.83 0.15
6 0.84 0.86 0.01 0.77 0.74 0.38
7 0.73 0.77 0.25 0.87 0.85 0.21
8 0.67 0.65 0.19 0.76 0.74 0.22
9 0.80 0.82 0.31 0.74 0.77 0.27
10 0.89 0.90 0.14 0.76 0.81 0.17
Average 0.788 0.811 0.264 0.813 0.814 0.252

The teﬂsults of F-Measure, G-Means, and Q-Statistics for
lass Imbalance Handling in Clustering Resulimof Glass0
ataset can be seen in Table III. The test results -Measure,

G-Means, and Q-Statistics for Class Imbalance Handling in
Clustering Result of New-Thyroid2 Dataset can be seen in
Table IV.
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TABLE III. TESTING RESULT OF GLASSO DATASET
Testing HAR Method HAR Method with Loss
Number Factor
G- 0- F- G- Q-
Measure | Means Statistics Measure | Means | Statistics
1 0.67 0.69 0.42 0.73 0.71 0.25
2 0.85 0.36 0.65 0.82 0.32 0.49
3 0.67 0.6 0.24 0.69 0.55 0.37
4 0.68 0.68 0.44 0.81 0.71 0.44
5 0.7 0.7 0.3 0.65 0.76 0.34
6 0.69 0.7 0.45 0.62 0.67 0.51
7 0.69 0.63 0.51 0.8 0.68 0.47
8 0.9 0.81 0.11 0.79 0.82 0.22
9 0.72 0.73 0.4 0.73 0.76 0.44
10 0.67 0.56 0.46 0.77 0.65 0.4
Average 0.724 0.646 0.398 0.741 0.663 0.393
TABLE IV. TESTING RESULT OF NEW-THYROID2 DATASET
Testing HAR Method HAR Method with Loss
Number Factor
G- 0- F- G- 0-
Measure | Means Statisti Measure | Means | Statistics
1 0.74 0.87 0.33 0.75 0.85 0.25
2 0.8 0.81 0.94 0.84 0.69 0.49
3 0.65 0.77 0.36 0.65 0.84 0.37
4 0.7 0.83 0.76 0.77 0.77 0.44
5 0.67 0.79 0.44 0.73 0.85 0.34
6 0.8 0.81 0.57 0.79 0.87 0.51
7 0.86 0.88 0.23 0.82 0.85 0.47
8 0.65 0.8 0.15 0.69 0.88 0.22
9 0.79 0.81 0.94 0.82 0.82 0.44
10 0.74 0.84 0.57 0.88 0.85 0.4
Average 0.74 0.821 0.529 0.774 0.827 0.393

V. RESULT AND DISCUSSION

Based on the research results, it can be seen that the HAR
Method with Loss Factor gives slightly better results than the
HAR Method. This can be seen through the value of F-Measure,
G-Means, and Q-Statistics obtained through HAR Method with
Loss Factor better than HAR Method. In general, F-Measure
value, G-Means shows better classifier performance, while
lower Q-Statistics shows better data diversity.

Through the determination of the weight vector into two
vectors for minority and majority class on HAR Method with
Loss Factors expected to obtain better data diversity because it
will be able to reduce the number of misclassification which
only concentrated on one class. Better results on the HAR
Method with Loss Factor show that Lgas Factor has been able
to correct the classification process oﬁe Majority Class and
the Minority Class.

VI. CONCLUSION

The conclusion of this research is as follows. First, On the
handling of the class imbalance need to pay attention to the
classification process in the majority class especially with
attention to Fb-Measure or G-Mean. Second, Loss Factor
Calculations that pay attention to Fb-Measure can improve
performance in the class imbalance handling process shown by
F-Measure and G-Means after better class imbalance handling.
Third, the results also show that the HAR Method with Loss
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Factor can obtain better Q-Statistics value which means that the
data diversity obtained is good.
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