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The application of k-Nearest Neighbor algorithm
based on improved KD tree in fraud detection
WU lJin’e, DUAN Qiangian
(School of Electronic and Electrical Engineering, Shanghai University of Engineering Science, Shanghai 201620, China)

[ Abstract] In the face of the problem that stores cheat consumers by brushing sales in Internet transactions, the k —Nearest
Neighbor (kNN) algorithm is proposed to detect fraud. Aiming at the problem that traditional kNN algorithm spends too much time
in searching k nearest neighbor, a kNN algorithm based on KD tree structure is proposed. In order to solve the problem of low query
efficiency caused by the classical KD tree algorithm, Best-Bin—First (BBF) algorithm is used to query % nearest neighbors. First,

PCA dimension reduction is performed for the measured data set, then KD tree structure is constructed, finally, BBF algorithm is
used for k nearest neighbor query. Experimental results show that the proposed algorithm can detect the cheating behavior in time and

effectively.
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Fig. 1 Flow chart of algorithm model establishment
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Tab. 3 Comparison table of algorithm timeliness
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