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A Design of Customized Market Analysis Scheme Using
SVM and Collaboration Filtering Scheme
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Abstract This paper is proposed a customized market analysis method using SVM and collaborative
filtering. The proposed customized market analysis scheme is consists of DC(Data Classification) module,
ICF(Improved Collaborative Filtering) module, and CMA(Customized Market Analysis) module.

DC module classifies the characteristics of on-line and off-line shopping mall and traditional markets into
price, quality, and quantity using SVM. ICF module calculates the similarity by adding age weight and job
weight, and generates network using the similarity of purchased item each users, and makes a
recommendation list of neighbor nodes. And CMA module provides the result of customized market
analysis using the data classification result of DC module and the recommendation list of ICF module. As
a result of comparing the proposed customized recommendation list with the existing user based
recommendation list, the case of recommendation list using the existing collaborative filtering scheme,
precision is 0.53, recall is 0.56, and F-measure is 0.57. But the case of proposed customized recommendation
list, precision is 0.78, recall is 0.85 and F-measure is 0.81. That is, the proposed customized
recommendation list shows more precision.

Key Words : Collaboration filtering scheme, Customized market Analysis, Improved similarity, Market data
classification, Support vector machine
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Table 1. Similarity matrix
User | User | User | User |User| User
User 4 b o d o f g

User a| 1.00 | 0.33 | 0.50 | 0.50 | 0.50 | 0.67 | 0.83

User b| 0.33 | 1.00 | 0.50 | 0.83 | 0.50 | 0.50 | 0.50

User ¢| 0.50 | 0.50 | 1.00 | 0.67 | 0.67 | 1.00| 1.00

User d| 0.50 [0.83 | 0.67 | 1.00 | 0.67 | 0.67 | 0.67

User e| 0.50 | 0.50 | 0.67 | 0.67 | 1.00 | 0.67 | 0.67

User f| 0.67 | 0.50 | 1.00 | 0.67 | 0.67 | 1.00 | 0.83

User g| 0.83 | 0.50 | 1.00 | 0.67 | 0.67 |0.83] 1.00

0.83
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Fig. 5. The network diagram of similarity matrix
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————-—-Recommenalion List—————
Items Purchase (Yes/No)
135052 Yes
135032 Yes
132834 No
135085 Yes
135060 Yes
132856 Yes
****** Non-Recommenation List—————
Items Purchase (Yes/No)
132862 Yes
135042 No
135045 No
135051 No
135062 No
135106 No
7777777777777 Confusion Matrix———————————————
Recommendation Non-Recommendation
purchase 5 1
Non-purchase 1 5
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Fig. 6. The recommendation list and non-recommendation
of User(U1109)
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Table 3. confuxion matrix

recommendation recom?r?gr_ldation
AFEX}7| b purchase 19 15
FH=E  |non-purchase 17 23
Hotst 7|tiel| purchase 28 5
FHESF  |non-purchase 8 20

E 3. AB|A SHEY AY 24 J1Y 24 2o

Table 3. The analysis result of customized market
analysis

NE=INLlS M okst 7| of
FH=F FHZE
recommen|non-recomjrecommend| non-recom
dation |menataion ation menataion
Precision 0.53 0.39 0.78 0.20
Recall 0.56 0.58 0.85 0.71
F-measure| 0.57 0.47 0.81 0.31
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