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Multilayer neural network model for unbalanced data
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Abstract: Classification of unbalanced data often has low performance of the classifier because of the unbalance of data
between classes. Using AUC (the area under the ROC curve) as evaluation index, combined with one class F-score fea-
ture selection and genetic algorithm, a multilayer neural network model was established, and a more favorable feature set
for unbalanced data classification was selected, so as to establish a deeper model suitable for classification of unbalanced
data. Based on Tensor Flow, a multilayer neural network model was established. Using four different UCI datasets for

testing, and comparing with the traditional machine learning algorithms such as Naive Bayesian, KNN, neural networks,
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etc, the performance of the proposed model built on the unbalanced data classification is more excellent.
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def multilayer perceptron(x, weights, biases):

#2 MR Z R0 R 2%

layer 1=tf.add(tf. matmul(x,weights['h1"]), bias-
es['bl'])

layer 1=tf.nn.relu(layer 1)

layer 2=tf.add(tf. matmul(layer 1,weights['h2']),
biases['b2'])

layer 2=tf.nn.relu(layer 2)

drop_out=tf.nn.dropout(layer 2, 0.75)

out layer=tf.matmul(drop_out,weights['out'])+bi
ases['out']

return out_layer
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552 3 SRS T A PHEE 1 2 J= Pz I R <71~

W, B R A G A R Y T R AR AR A B
LR EGR S (N 0 FFER)D, 0 RN A AFIE AW
R, 1 RORIENRFIERE R, W) 4 AN BT
TERFIE TR @ISR 4 iR

x4 REUPTIRFHE T &
PIDD [0,1,0,1,1,1,0,0]
hep [o,1,1,0,1,1,1,0,1,1,1,1,1,1,1,0,0, 1, 0]
breast_w [1,0,1,0,1,1,1,0,1]

sick-euthyroid  [1,0,1,0,1,1,1,0,1,0,1,0,0,1,1,1,1,1,0,0,0,0,
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