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THAnand, 1998; Chen et al., 2006; Kim and Street,
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Z A S (Out-Degree Centrality)Z} 214 =;
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23 O3 2

5 AE
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(Node
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o] 7] A, LinkWeight= Al7F2 A9
2t H39] <, Diste FE L H
(Shortest Path), Conn= 7 7&& ZF 94
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2 F44 (Out-Degree Centrality), InDegCent
= 39 AEY XY A5 A48 (In-Degree
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<Table 2>° A & = Q%o SYRTE o] 4
BBAA7Y o} o] 5 o ARESHE dole
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<Table 3>& $E3} o5 zbe] T ABAO
2 THY UENIANM FHEFU F 4F T
ABY BEE AFHE Yo IARY 2
sfolck, mFol A APAFE BF Fo)3
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(Table 1) Descriptive Statistics

Variable Obs Mean Std. Dev. Min Max
LinkWeight 9840 0.0381633 0.2493492 0 4.219508
Dist 9840 8.542683 3.153009 1 11
Conn 9840 1.175813 0.8196343 0 9
OutDegCent 9840 0.0238897 0.03409 0 0.232332
InDegCent 9840 0.0242664 0.0212238 0 0.0903841
GroupMatch 9840 1.639634 1.016589 1 4
(Table 2) Correlation Coefficients
LinkWeight Dist Conn OutDegCent InDegCent GroupMatch
LinkWeight 1
Dist -0.348 1
Conn 0.2437 -0.3475 1
OutDegCent 0.206 -0.3998 0.2846 1
InDegCent 0.123 -0.1881 0.3344 -0.0044 1
GroupMatch 0.2205 -0.1689 0.1609 0.0659 0.0554 1
(Table 3) Regression Analysis of Experiment Data
LinkWeight Coef. Std. Err. t P>t [95% Conf. Interval]
Dist -0.020112 0.0008378 -24.01 0.000 -0.0217543 -0.0184697
NodeConn 0.0305911 0.0032138 9.52 0.000 0.0242915 0.0368908
OutDegCent 0.4798415 0.0754506 6.36 0.000 0.3319427 0.6277402
InDegCent 0.3907402 0.1165285 3.35 0.001 0.1623203 0.61916
GroupMatch 0.0380566 0.0023082 16.49 0.000 0.033532 0.0425812
Constant 0.0906602 0.0108173 8.38 0.000 0.0694562 0.1118643
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(Table 4) Result of Performance Experiment

Decile Number of Links Cumulative Number of Links Decile Mean / Global Mean

1 269 269 4402618658
2 62 331 2.708674304
3 24 355 1.936715767
4 74 429 1.755319149
5 106 535 1.751227496
6 26 561 1.530278232
7 2 563 1.316343231
8 32 595 1.217266776
9 16 611 1111111111
10 0 611 1

T =AdE AAE 1097 d24 611719 F = 2Y glo]l 3oz A 7hsd il 6l
39}e] Yx| RE st =" P39 H(=611*¥10%)°ll B3} 4.4102] 26971 S & &1
Ml el AA HA9] AFE 1089 G2 =& 4 03, 20%2! L142RE A= A5

3
<Table 4> #7138}t © B MF 122709 2.7 33170 E ASE
230l o) FA MGt MBS AoF F Y Aoz FErh o] S <Figure 5>9
A== 49 10%20 STIA(=5711%10%)2] A AES & AES} <Figure 69 T AJER
B 5 2007071 AAl FAE FRAEASH o] w3sgct
Decile Chart
5 -
4.5
4_ -
:
Eu 3.5
£ 3
[
‘;- 2.5
Z 2
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g 1.5 o
=
1 .
0.5
U -
1 2 3 4 5 5 7 8 9 10
Ranking Dedles

(Figure 5) Decile-Wise Lift Chart
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Abstract

Extension Method of Association Rules Using
Social Network Analysis

Dongwon Lee*

Recommender systems based on association rule mining significantly contribute to seller’s sales by
reducing consumers’ time to search for products that they want. Recommendations based on the frequency
of transactions such as orders can effectively screen out the products that are statistically marketable among
multiple products. A product with a high possibility of sales, however, can be omitted from the
recommendation if it records insufficient number of transactions at the beginning of the sale. Products
missing from the associated recommendations may lose the chance of exposure to consumers, which leads
to a decline in the number of transactions. In turn, diminished transactions may create a vicious circle of
lost opportunity to be recommended. Thus, initial sales are likely to remain stagnant for a certain period
of time. Products that are susceptible to fashion or seasonality, such as clothing, may be greatly affected.

This study was aimed at expanding association rules to include into the list of recommendations those
products whose initial trading frequency of transactions is low despite the possibility of high sales. The
particular purpose is to predict the strength of the direct connection of two unconnected items through the
properties of the paths located between them. An association between two items revealed in transactions
can be interpreted as the interaction between them, which can be expressed as a link in a social network
whose nodes are items. The first step calculates the centralities of the nodes in the middle of the paths
that indirectly connect the two nodes without direct connection. The next step identifies the number of the
paths and the shortest among them. These extracts are used as independent variables in the regression
analysis to predict future connection strength between the nodes. The strength of the connection between
the two nodes of the model, which is defined by the number of nodes between the two nodes, is measured
after a certain period of time. The regression analysis results confirm that the number of paths between
the two products, the distance of the shortest path, and the number of neighboring items connected to the

products are significantly related to their potential strength.
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This study used actual order transaction data collected for three months from February to April in
2016 from an online commerce company. To reduce the complexity of analytics as the scale of the network
grows, the analysis was performed only on miscellaneous goods. Two consecutively purchased items were
chosen from each customer's transactions to obtain a pair of antecedent and consequent, which secures a
link needed for constituting a social network. The direction of the link was determined in the order in
which the goods were purchased. Except for the last ten days of the data collection period, the social
network of associated items was built for the extraction of independent variables. The model predicts the
number of links to be connected in the next ten days from the explanatory variables. Of the 5,711
previously unconnected links, 611 were newly connected for the last ten days. Through experiments, the
proposed model demonstrated excellent predictions. Of the 571 links that the proposed model predicts, 269
were confirmed to have been connected. This is 4.4 times more than the average of 61, which can be found
without any prediction model.

This study is expected to be useful regarding industries whose new products launch quickly with
short life cycles, since their exposure time is critical. Also, it can be used to detect diseases that are rarely
found in the early stages of medical treatment because of the low incidence of outbreaks. Since the
complexity of the social networking analysis is sensitive to the number of nodes and links that make up
the network, this study was conducted in a particular category of miscellaneous goods. Future research
should consider that this condition may limit the opportunity to detect unexpected associations between

products belonging to different categories of classification.

Key Words : Recommendation system, Association rule mining, Social network analysis, Association rule

extension, Cold start problem
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