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Abstract Recently, with the development of database, it is possible to store a lot of data generated in
finance, security, and networks. These data are being analyzed through classifiers based on machine
learning. The main problem at this time is data imbalance. When we train imbalanced data, it may
happen that classification accuracy is degraded due to over-fitting with majority class data. To
overcome the problem of data imbalance, oversampling strategy that increases the quantity of data of
minority class data is widely used. It requires to tuning process about suitable method and parameters
for data distribution. To improve the process, In this study, we propose a strategy to explore and
optimize oversampling combinations and ratio based on various methods such as synthetic minority
oversampling technique and generative adversarial networks through genetic algorithms. After sampling
credit card fraud detection which is a representative case of data imbalance, with the proposed strategy
and single oversampling strategies, we compare the performance of trained classifiers with each data.
As a result, a strategy that is optimized by exploring for ratio of each method with genetic algorithms
was superior to previous strategies.
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Fig. 1. Example of data imbalance case
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3.1 217Y
SAATZo T BA 2L oA EA 9 FHE2 Fig. 3. Process of fitness calculation
Table 1. Parameters by oversampling methods
method Parameter Value
SMOTE Number of nearest neighbors Sor bor 7
Number of nearest neighbor Sor 7

Borderline-SMOTE

Type of borderline

Borderline=1 or
Borderline-2

Number of nearest neighbor Sor 7
SVM SMOTE
Kernel of SVM Linear or Polynomial or RBF or Sigmoid
K-means SMOTE Number of nearest neighbor Sor bor 7
ADASYN Number of nearest neighbor Sor bor 7
Size of latent vector 700 or 120
GAN
Number of hidden layer 2o0r4d
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Table 2. Operators and parameter of GA

Operator or Parameter Value
Size of population 125

Number of generations 1,000

Length of chromosome 25

Dimension of chromosome Number of minority classes
100 < n < 500

Roulette wheel or Tournament

Sum of genes

Selection operator

Size of selection 16

Crossover operator Single-point or Uniform
Swap or Shuffle

Mutation rate 0.01

Mutation operator

Replacement operator Replace parents and Elitism
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4.1 HEFIE A| BX| HOlH

B dFolld tE s A8TE APl "@A gelHe
2013 9 9 & FHIM 2 & 7+ A87H= AR A
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284,315 21, B4 AR 492 o= gk A Hl
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4.2 Hog B2

golHE EHs] sl HEA178W(deep neural
network; DNN)[15] 7|99 BER7|E ARgslH A&4l
Aol QA= Table 302 FAELH

Table 3. Deep neural network parameters

Parameter Value
Size of input layer 2
Size of output layer 2
Number of hidden layers 2
Number of hidden nodes {80,41}
Activation function RelU
Optimizer Adam
Learning rate 0.0001
£ 0.9
52 0.999
Size of Batch 1,024
Epochs for training 200
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Table 4. Classifier's performance for each strategy

case Precision Recall F1 score
Train 0.9108 0.7191 0.7857
Original
Evaluate 0.8554 0.6891 0.7468
lterative training of Train 09347 0.5354 05651
data of minority classes Evaluate 0.9224 0.5495 0.5884
Train (Min) 0.4991 0.5000 0.4996
Evaluate (Min) 0.4992 0.5000 0.4996
Single strategy Train (Mean) 0.8565 06114 06619
(125 cases) Evaluate (Mean) 0.7785 0.6001 0.6424
Train (Max) 0.9347 0.7322 0.7894
Evaluate (Max) 0.9224 0.6981 0.7511
Train 0.9156 0.9145 0.9151
Genetic algorithm 1
Evaluate 0.8703 0.8737 0.8720
Train 0.9111 0.9132 09121
Genetic algorithm 2
Evaluate 0.8576 0.8736 0.8654
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