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Abstract Credit card fraud detection can be viewed as Streaming Data Analysis in which a card
is used in real time and the detection must be done immediately. This requires a real time analysis
that is faster than the batch analysis. The method of extracting and analyzing only the core part of
the data will satisfy the requirements of this computation speed. This has been done through
techniques such as principal component analysis. In this paper, we propose a method that applies data
mining techniques after reducing the dimension of data by preprocessing the data with Autoencoder.
This method is known as the dimension reduction method and it uses a Neural Network. Autoencoder
is a very efficient method of dimension reduction because it can capture nonlinear associations between
data feature dimensions. We also propose a methodology to combine Autoencoder with CQL for fraud
detection analysis in the database.
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duEE 1 JAPEAUE CQL oA
Algorithm 1. Decision Tree CQL Example

CASE WHEN Columnl <= 34324565 THEN
‘Normal’
ELSE
CASE WHEN Column2 <= 1.867473 THEN
CASE WHEN Column5 <= 21.48375 THEN
‘Fraud’
ELSE
‘Normal’
END
ELSE
‘Normal’
END
END
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