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Web Transaction

Transaction of
Shopping Mall

(1) Purchase History
Extraction

T \L T

Purchase History of |
Each User :

(2) Caleulating
Purchase Count of Each

Purchase Count of

/J\

\._._‘__________,_,./

C
Category Information r | News Access Records
a
F ——
|
i
. . (5) News Access
(4) Topic Analysis ; Pattern Analysis
"""" Article-Topic | i User-Article ;
Correspondence i Correspondence
Matrix A Matrix

(6) Matrix Merging

Each Categary

(3) Purchase History-
based Repurchase
Prediction Modeling

____________ —

User-Topic
Correspondence
Matrlx L

(7) Purchase History
and Interests-based

Repurchase Prediction
Modeling

TAE, FujolH el

104

(8) Prediction Accuracy Comparison

e

(Figure 1) Research Overview
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of s A FF FHElaeE &5 AT o
H a3 23S AAg B A7 WA s
= <Figure 1>3 2o, 7z T 20 AR 3}
AL o] F AollA FAE] 2%t
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ALERE B Ol EAS S8 HAAH M5 B4 Wel
L Agbe] s AL 7|22 BAsle] 1A} (1) USER_ID, ITEM ID, 18] 3 PURCHASE
71AF 2t Ul-S M EY2E =& o] F L2 A TIMES. 2 FAEE 12 FujolgS AT
2 (6)> ZEAZ (~(5)9 AIdE HEso O 2o Z2Al2 20X E 7 a4 e] 71
w7 B3 3 o iEY2E 52PoRA  1Ed 7] 358 YAR olF 95 T2
A0 By o148 AFsatel Uehitk mix 2 ()l £2F 1AW FolelHs 37
gog ZEANA (NS EY YLrE gy ¥ <Figure 2(a)>9F 22 7} 4F9] 7Helae] A R7}
T2, 7ZHFEgE AT RS F3F HTE AR, O AR EE2F = 149 7HEH e
Rolstel AAHmed AT 2 mEE 7% 8 Tl 35 <Figure 2(0)>9 2ol ekt
3ot ol oY LR &gste] ZhE| A AT
% mYe FYShe HYL 4% UYL F
3.2 &3 FOH0I3 7|4t FHE|o2|ed RH*OH s 7fekeh
s 28
SXIo| DAl O|AE HIOiSH
B Ao A= Module 12 Z2A|2 (1)~3)°ll 3.3 ;{E'TIJEI}E:H:&EF:BEIIHTO?;S:
= [=>
sigEE Folold slu Al e A7) o o= Il
Z 2y 5y gL AgT $H ZEAx B oA B A7e] S4el <Figure 1)
ITEM.ID MNAME CATEGORY USERID ITEMID  PURCHASE TIME
1 Eye Cream Beauty g 33:;'3:‘3;
2 Lipstick Beauty u_2 - zmz:nm
3 Powdered Milk Kids 1 0131300
4 Baby Walker Kids 5 50108
3 Soccer Ball Sports T 5 2012-06.05
] Soccer Shoes Sporis 2 2012-11.24
7 Bicycle Sports Ua 2 2012-03.09
3 Toy Kids - ] 2012-0607
] Coke Food us 9 2012-11.01

(a) Category Information

(b) Transaction Example

USER ID  TOTAL Kids Food Sporis  Beauty
U2 4 2 0 1 1
U 3 3 1 0 1 1
u 4 2 0 1 0 1
U5 1 0 1 0 0

{c) Purchase Count of Each Category

(Figure 2) Calculating Purchase Count of Each Category
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DOC1 DOC2 DOC3 DOC4 DOCS DOC6E DOCT DOCE DOCS DOC10 X

U2 0 1 [ 0 L) 0 0 0

Topic.l Topic2 Topic3 Topic4d Topics

K] 0 1 o [] ] 0 [1] [

[}

'U:!' I e e e e e i i e e e i S

T

us 0 [ 1 | 0 o 0 1] 0
(a) User/Article Correspondence Matrix

]

DoC_1 1 o I o 0 0

DoC_2 1 0o I 1 0 0

DOC_ 3 0 1 I 0 1 1]

DOC_4 1 0o i o 0 0

0 DOC S 0 0 i 0 0 1

1 Doc._6 0 0 1 0 1
Doc_7 1 0 1 0 0

L0 Doc.s 1 0 1 0 0
Doc.9 0 0 0 1 0

DOC_10 0 1 1 0 0

(b) Article/Topic Correspondence Matrix

Topicl Topic2 Topic 3 Topicd Topics

] 2 0 o

1

1 2 ] 0

1

a 1 [ L]

[

1 ] 1 o

(c) User/Topic Correspondence Matrix

(Figure 3) Constructing User/Article Correspondence Matrix
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A2 PP Agtel o3 +P=m, 3 A4
7} <Figure 3(c)>°l &7l=o] Utk dE &

<Figure 3>914] AR&-2F U 39] o]+ Topic 39l
gk #42 DOC_15-E DOC_107FA12] 107112
s 714kl tidE %3] 7158 BE SAE &
Aom, B doA= Topic 3o Eg= = 7]A
DOC 2, DOC 6, DOC 7, DOC 8, #iL
DOC 10 % U 27} %3]3 7]AH= DOC 29}
DOC 10 5 719l Ao & Jehdth = <Figure
3(@)>9] U 30l sid=+= 33 <Figure 3(b)>9
Topic_3°l 3lE== €o] WMEF-S Sl <Figure
3epollA ek @ = 5 9o, o]

o] <Figure 3(a)>2] %A 2} <Figure 3(b)>2

@ﬂ] OEﬂoﬂ E]_].-J—ﬁf 2(‘1]‘%‘1:"]01 6@%% odﬂ._% %__B_H
<Figure 3(c)> AAE =& 4 Ao
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Topicl Topic2 Topic3 Topicd Topic5 TOTAL

u2 [T o0 1 0 0 2

us3 1
U4 1
us 0

1 2 0 0 4
0 1 0 0 2
1 0 1 0 2

(8) Raw User/Topic Correspondence Matrix

Topicl Topic2 Topic3 Topicd Topic5 TOTAL

U2 05 || 0 05 0 0 1
U3 0.25 i 0.25 05 0 0 1
U4 05 0 05 0 0 1
us 0 05 0 05 0 1

(b) Normalized User/Topic Correspondence Matrix

(Figure 4) Normalizing User/Topic
Correspondence Matrix
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Ao AHEE F59] N7 <Table 1> 2.0F 719k ZHe|l epd Al A 2y S 2l
Hoj St} . ALE Qg WMol 2 Wi )
<Table 2>°l] 8°f=|o] 9t}
(Table 1) Category Information
(Table 2) Variables for Category Repurchase

Category Num. Items Category Num. Items i
Appliance 626 Food 1758 Prediction Model
Beauty 1,227 Furniture 1272 e R Definition
Car 617 HObby 322 Total 3M  [Total number of purchases in the last 3 months
Computer 1,036 Kids 1,981 Total 9M  [Total number of purchases in the last 9 months
. Ratio 3M/9M [Freq_3M / Freq_9M
Culture 597 Living 1,937 Mumber of purchases of items from category
Digital 1,252 Sports 930 Appliance_3M  |*Home Appliances” compared to total number of
T 3611 Trip 51 purchases in the last 3 months
Mumber of purchases of.&ems from category
Input Trip_3M “Travel” compared to total number of purchases
5} et} (31 Variables.) in the last 3 months
§l—"l— Ho]E‘ﬂoﬂ 7]1:]]—0]‘0:] 71—15"*’“‘1] XH:FLUH Number of purchases of items from category
Bn= =517 =] 7 -7 5]_ Applicance 9M |"Home Appliances” compared to total number of
(ﬂTE dﬂ—' o]- ]_ HOH 14 H 7]‘]5"‘1—11] Oﬂ EH T purchases in the last 9 months
Wl JRERE F 3709 9 W A
q 193k /] :I‘LHH 7]‘%9-; :I‘LHQ Z{;‘(] ]O]H Number of purchases of items from category
= Z(j‘il_]_'l:[]« 7H ) H]O]Eii"r]ﬂ ?:]E':i @ = g Trip_9M ;;;ar;:;;ar:wop;rﬁjtomtal number of purchases in
et THHE 37 HolEHEZRE & EZ HEE Ves or No to whether items in category “Home
- ~ T_Appliance  |Appliances” will be purchased during the next 3
AASGTE B4 A1 AAe) F PG 3 Toget on
3 ool Gare 2 Aoz Boslel ge W 04 V)
71 A E E/\q 717} ;d Z ZH2 gMYU7Ie] = . Yes or No to whether items in category “Travel”
} g Ons ]L ]’ - ﬂl— 9 H—é‘_‘/] © T-Trp will be purchased during the next 3 months
T3l 2 5 717 147) ZhE aeE 3l
= oleE W E AL . SHE AR 77
¢S LSS TE IR 3 e B ol T 2E ws 4y
ohiiet Aol FujA5Tt G Fulol B 2
g FEFE EF ZoE Fdste] HZ /4L B BAME 72 714k tiRk B £4
T T3l 9 Y 713 1470 FHEaElE T < WA sy, AHEATE o| ol 7)AL
958 9 WFR 27k 22HG mAe B AL RIAQEAE BAS] 4 AEA
= A Fgs F A2 TR ANSE o B4 ol4E AR 43 By 2 A%
Hlgo] 5 ol mX= FEFS B8] s &N EY 4o SAS Enterprise
Sl H oMY F Ful3lgel Uig HZ Y Miner 12.19] Text Miner BES AM&3lH 2
& TSl HES Ay MR ARSIt ™, AA 4L v (Parsing), B E] H(Filtering),
3k = 3% 37 T 2L I EY BN o L
ol Bd Wses g3 V19 0 4 AT 29D B9 BA o o Rojgth Ao
o HE ul o RE ASHAT o5 Tolols  AHE =3 B Fof YME BHT
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ALBRE B Ol BMS S35

710l AAIE YA o, AR A
A A 2] 1/1000 ©]F 1/100 ©]3F E
7} AHEEO itk mEkA B AFelA s BEY
o] & 157 olF 15070 olstZ WAAT]
sl dde FRsidon, 1 23 E99
71 3071 o A Ego] 5 Edst= W
ErF gtomA ougles B o] AA
YEPE-S getslte] B Age By 5 307
2 AAs AT AA AREAF 3597 2] 3078 ©]

¥

=)

ol gk FF3HE & ‘:-4 A5, S AR
1002 570 o]spoll g EF3HE s =7t
<Figure 5>o AAFo . o5 EW

USER_ID7} 9’1 AR8-2}9] 79~ <Figure 5>l
FAIE 5719 ol Folle T1¢] o]l tht
AAE7F 71 =3 B E T49 Wi B4 =

A Ree ¥ F Aok

USERID Tl T2 T T4 TS

9 0.085 | 0.017 | 0.068 | 0.000 | 0.034
24 | 0000 | 0.000 | 0.000 | 0.000 | 0.000
26 | 0009 | 0.002 | 0.018 | 0.004 | 0.029
27 | 0000 | 0.071 | 0.071 | 0.000 | 0.071
31 | 0000 | 0.000 | 0.000 | 0.000 | 0.000
42 0031 | 0031 | 0031 | 0.000 | 0031
64 | 0019 | 0.056 | 0.019 | 0.000 | 0.019
70 | 0124 | 0.005 | 0.175 | 0.000 | 0.078
91 | 0067 | 0.011 | 0.068 | 0.005 | 0.062
101 | 0.000 | 0.000 | 0.000 | 0.000 | 0.000

W oo |~ ||| ro]

[y
=]

(Figure 5) Normalized User/Topic
Correspondence Matrix (Part)

4.4 FMEH2|Y XF0f ol 2Eo MEtM
A
==

2 FAo e & Fujoly 7]uke] o & &
&(TOM: Transaction-Only Model), <=5 AH&-A}
FA] o]gr 7]Hke] o= R F(IOM: Interests-Only
Model), 18] Fujo] 9 AREA} Al o)
Aol g 4l oS EY(TIM: Transaction
and Interests Model)®] &4 £4 A4S A|A|
3tk TOME] 73§~ <Table 2>0] 2719 31719
A8 AFTS AHESt 14709 53 HTE 9
=3ith Wb TIMe] ¢ A <Figure 5> A
H 3070 olgrol g thSEE U HTE AL

sto] 12} #4415 8T H 58 AR o

Al U
& 573
o] W FREE Zhe offike AWstaL ol &
< <Table 2>¢] 317 Y W<} Fste] HF

Ej|
do] 9 e AT

47} o] F 3/ YR B F, 97 Le] HolE =
BH 73 & =28y, =9 %
4o 7 atEE AT o
S skt AT 2 7} |
hde] AT ARE &
7 el A Al o] 7 ATl E o
a9 o Hlgl] XA A JERG
4 T AR kA v E JF o2 RE
AFH 2ol TEHE AL WAE] ) &
E-3Z(Oversampling) = A3t TE 71 3L
2 o dolee] AT vE&F ANREFZ
o] o] ) Ful] H]&o] <Table 3> LoFE o] 9J
T} <Table 3>9] 7} A& AA| 14 F A0 1L
A3t ATl S kA 2 A o] HlES UERY
i

o
H, 235 Y9 A= 14 £5 gu|dit) |

i
i

109



(Table 3) Repurchase Ratio Before/After
Oversampling

Before Sampling

After Oversampling

Category
Repurchase=Yes Repurchase=No Repurchase=Yes Repurchase=No

Appliance 8% (30) 92% (329) 50% (330) 50% (329)
Beauty 13% (47) 87% (312) 48% (282) 53% (312)
Car 9% (32) 91% (327) 50% (320) 51% (327)
Computer 12% (43) 88% (316) 49% (301) 51% (316)
Culture 3% (9 97% (350) 48% (324) 52% (350)
Digital 13% (48) 87% (311) 48% (289) 52% (311)
Fashion 19% (67) 81% (292) 48% (268) 52% (292)
Food 13% @7) 87% (312) 48% (282) 53% (312)
Furniture 10% (35) 90% (324) 49% (315) 51% (324)
Hobby 7% (24) 93% (335) 46% (288) 54% (335)
Kids 14% (49) 86% (310) 49% (294) 51% (310)
Living 22% (80) 78% (279) 46% (240) 54% (279)
Sports 12% (42) 88% (317) 48% (294) 52% (317)
Trip 1% (4) 99% (355) 45% (288) 55% (355)
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Abstract

Improving Performance of Recommendation
Systems Using Topic Modeling

Seongi Choi* * Yoonjin Hyun* - Namgyu Kim**

Recently, due to the development of smart devices and social media, vast amounts of information
with the various forms were accumulated. Particularly, considerable research efforts are being directed
towards analyzing unstructured big data to resolve various social problems. Accordingly, focus of
data-driven decision-making is being moved from structured data analysis to unstructured one. Also, in the
field of recommendation system, which is the typical area of data-driven decision-making, the need of using
unstructured data has been steadily increased to improve system performance. Approaches to improve the
performance of recommendation systems can be found in two aspects- improving algorithms and acquiring
useful data with high quality. Traditionally, most efforts to improve the performance of recommendation
system were made by the former approach, while the latter approach has not attracted much attention
relatively. In this sense, efforts to utilize unstructured data from variable sources are very timely and
necessary. Particularly, as the interests of users are directly connected with their needs, identifying the
interests of the user through unstructured big data analysis can be a crew for improving performance of
recommendation systems. In this sense, this study proposes the methodology of improving recommendation
system by measuring interests of the user. Specially, this study proposes the method to quantify interests
of the user by analyzing user's internet usage patterns, and to predict user's repurchase based upon the
discovered preferences.

There are two important modules in this study. The first module predicts repurchase probability of
each category through analyzing users' purchase history. We include the first module to our research scope
for comparing the accuracy of traditional purchase-based prediction model to our new model presented in
the second module. This procedure extracts purchase history of users. The core part of our methodology
is in the second module. This module extracts users' interests by analyzing news articles the users have
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read. The second module constructs a correspondence matrix between topics and news articles by
performing topic modeling on real world news articles. And then, the module analyzes users' news access
patterns and then constructs a correspondence matrix between articles and users. After that, by merging
the results of the previous processes in the second module, we can obtain a correspondence matrix between
users and topics. This matrix describes users' interests in a structured manner. Finally, by using the matrix,
the second module builds a model for predicting repurchase probability of each category.

In this paper, we also provide experimental results of our performance evaluation. The outline of
data used our experiments is as follows. We acquired web transaction data of 5,000 panels from a company
that is specialized to analyzing ranks of internet sites. At first we extracted 15,000 URLs of news articles
published from July 2012 to June 2013 from the original data and we crawled main contents of the news
articles. After that we selected 2,615 users who have read at least one of the extracted news articles.
Among the 2,615 users, we discovered that the number of target users who purchase at least one items
from our target shopping mall 'G' is 359. In the experiments, we analyzed purchase history and news access
records of the 359 internet users. From the performance evaluation, we found that our prediction model
using both users' interests and purchase history outperforms a prediction model using only users' purchase
history from a view point of misclassification ratio. In detail, our model outperformed the traditional one
in appliance, beauty, computer, culture, digital, fashion, and sports categories when artificial neural network
based models were used. Similarly, our model outperformed the traditional one in beauty, computer, digital,
fashion, food, and furniture categories when decision tree based models were used although the

improvement is very small.

Key Words : Big Data Analysis, Data Mining, Recommendation Systems, Text Mining, Topic Modeling
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