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Predicting Purchase Pattern in Recommendation System
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Abstract

Due to the advent of ubiquitous computing environment, it is becoming a part of our common
life style. And tremendous information is cumulated rapidly. In these trends, it is becoming a very
important technology to find out exact information in a large data to present users. Collaborative
filtering is the method based on other users” preferences, can not only reflect exact attributes of
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user but also still has the problem of sparsity and scalability, though it has been practically used
to improve these defects. In this paper, we propose clustering method by user’s features based on
SOM for predicting purchase pattern in u-Commerce. it is necessary for us to make the cluster
with similarity by user’s features to be able to reflect attributes of the customer information in
order to find the items with same propensity in the cluster rapidly. The proposed makes the task
of clustering to apply the variable of featured vector for the user’s information and RFM factors
based on purchase history data. To verify improved performance of proposing system, we make

experiments with dataset collected in a cosmetic internet shopping mall.

» Keywords : Segmentation Method, SOM(Self-Organizing Map), Recommendation System
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2.2 SOM(Self-Organizing Map)
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Procedural algorithm of SOM learning based
on customer feature

Procedureal Algorithm for customer learning based on

SOM

Input : Set of N dimension vector, X

Output : Subset of input data (M subsets)

Begin

Table 3.

Randomly initialize w; = (W;y W;o -+ W;,)
for each node
for (t=0. unless a stopping condition is reached, Increase
t
for (for all inout data)
for (=0 to M)
Compute D; = //X, - VV;t) //
enadfor
Find the winner j=i such that D (t) is
for over all i
Update the winner j (and its neighbors)
endfor

endfor
End-:
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Table 4. The SOM Result of Customer Data
Pattern by SOM
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Table 5. The SOM Result of Customer Purchase Pattern

Lov Output avg factor avg_score
o | ™ | som | K™ | som | K™ | som
ans ans ans
1 18 52 3.6 469 | 96.31 | 96.22
2 12 24 358 | 4.1 81.67 82
3 8 20 3.07 | 3.71 73.6 735
4 69 138 325 | 339 | 63.65 | 63.71
5 110 238 2.81 292 | 54.45 | 54.69
6 170 286 2.51 2.53 45.26 44.8
7 42 58 2.37 2.02 33.03 32.86
8 12 16 2.17 1.64 | 27.75 | 27.67
9 0 0 0 0 0 0
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Fig 3. The result of Fig 4. The graph of
Output Count by each average factors for RFM by
level of customer each level of customer
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Web Server: Apache HTTP Server Version 2.2.8 /
WAP 2.0

server-side:

, j2sdk 1.7.0 11 as Java environement,
JSP/PHP 5.2.12, JQuery,
client-script: XML/XHTML4.0/HTML5.0/CSS3/JAVA
SCRIPT, C#.net framework 2.0,
jakarta-tomcatb.0.28-http://jakarta.apache.org
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Fig. 5. The result for the graph of MAE by comparing
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Table 7. The result of MAE by each level by comparing
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Lev K means_ | SOM MA k-means_
el SoLouiu Output E MAE
1 52 18 0.0025 0.00056
2 24 12 0.00292 0.00333
3 158 77 0.00215 0.00273
4 524 280 0.00099 0.00443
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Fig 6. The result of MAE by each level by comparing
proposal system(SOM) with previous system(k-means)
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