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ABSTRACT

As the online commerce market continues to expand with an increase of diverse products and content, users find it challenging in
navigating and in the selection process. Thereafter both platforms and shopping malls are actively working in conducting continuous
research on recommendations system to select and present products that align with user preferences. Most existing recommendation
studies have relied on user data which is relatively easy to obtain. However, these studies only use a single type of event and their reliance
on time dependent data results in issues with reliability and complexity. To address these challenges, this paper proposes a recommendation
system that analysis user preferences in consideration of the relationship between various types of event data. The proposed
recommendation system analyzes the correlation of multiple events, extracts weights, learns the recommendation model, and provides
recommendation services through it. Through extensive experiments the performance of our system was compared with the previously

studied algorithms. The results confirmed an improvement in both complexity and performance.
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AAsHE 7HEA] 7 23 A2H0 A5

Ry =
£ QA T=E Yol S Mg 24 AARET HE

4.1 A Hojy ¥ A9

AP o]7]F A1H FH=uw Ho]EQl BeiBei HlOJE Al
E[3212} Sobazaar HoJE AE[33]E AMEEITh & 7]9] H]
of AEE2 5 AA 281 &Y & oA 3T b
o[glolw, 7} HloJE ANES] ARGA} 4=, ofol’] = AREA}
P59 FF= Table 29 2o} AFL Hloly & HES
Bl AFEAY 5= EYstd, EE AHEA F5Y SR
+ Table 337 &t & HolE= AEA 5 Foll 7H
=2 HSTE ZH= Beibei® ‘purchase’®t Sobazaar®]
‘purchase:buy_clicked 2 A3t}

Table 3914 Sobazaar®] EZ dHog 87}A] AMEAl F5
% EH t|o]El9l ‘purchase:buy_clicked ¥} AA#A| 7} Z2
‘pixel-order'?} ‘pixel-order-no-reference’= FH Lo
ARESHA] k=t

7FEA] B BES 5 HE HolEe B HolE 9] 4
HBAAE F517] A5 Beibei dataset2 [purchase, viewl,
[purchase, addtocart]9] A WAy SES -3t H= Ho]
9] &Y Hlrof 7|9kt [view, addtocart]d] 7F5AE A4
gttt o] % B4 B SEE BAEE A0 BX HolE Y

Table 2. Data Sets

A Rlko] 7|9kt 7M1 E F7t6t] $857) =2 H59
TFAE 771, S8 FE BEY TREAE Wl
At 7R 2 Sobazaar dataseto|A] Z3E T|o]E 2k
Bz fole9] A A &S otH, EX Hojg ] Ay
Hzof 7|gksto] BAE 7RIS WA AAE 7l
AREARS] o g F59] F5=0] ofoldl] AT ol et FF=
£ UEhdh

4.2 715X 4y 2t

Table 4= Beibei H|°]€] A Eo|A] 3}L}2] ofo]elof st
7k ARGARS] A £A43 B2 TlojH el A Rlkolth
Table 45 &3l ‘purchase’ & 7|£22 ‘view @} ‘addtocart’
o FHEAE SRS BEY 4 312, ‘addiocart 7}
view BT} ‘purchase’ @} T 2 FBHAAE 7 A FRl
g 4 Aok EZF V-AC T HIEE $3) ‘addtocart' 7}
view BT} B F83F BHX HoEUdE AT 5= Qlth o=
‘addtocart’ 7} ‘view Bt} © 0|t glo]E Q] AL EQIT
= AUtk

Table 5= Sobazaar H|°]E] A|EC|A 3}Lte] otoj=lo] gt
AREAF Al 9] ‘product_detail viewed', ‘pixel-init, ‘product_
wanted Al 7FA] &5 71520l Table 55 &3 Al 714
AEA 59l 7HEAE Blashd tiFE ‘purchase’ & 7%
o2 ‘pixel-init o] 7P 2 AH/HFAE 71X, ‘product_
wanted 7} th2o2 =2 AWIAE 7FAH, ‘product_
detail_viewed 7} 7P %2 AHHAE Eolth. o]& &3l A
B219] P52 ‘pixel-init’ ) ‘product wanted ) ‘product_
detail viewed' 9] ¢AHHE S-oju]sicty dkst 4= 9ok

(¢]

ol

S}
=

lf
X

Hir ©

User Item Recoded Event 7HSA A4 BEe o AGE 7RIS AREAL e
3+E 7|Hlo g 3t ofo|HlS du A5 S 2|3
Beibei | 21716 | 7.977 | 3359784 | 3 NPE 7o ST ofeldS It deshs 4 Ak
Tt} A5 AR AEES B9 AU HolE S 4
Sobazaar 17,126 24,785 488,996 9 }\6]‘8]'&] 011E1Q/{:1 Eﬂolﬂ‘% /\_1]:]]‘/_\_ ‘ir‘%i E%g ?Ja%}:.g_i A]—
|35ttt
Table 3. Event Type
User behavior type Table 4. Some of the Weights Generated Using Beibei
view View Addtocart V-AC
Beibet addtocart Userl 0.094 0.291 0.2
purchase User2 0.24 0.395 0.3
content:product_clicked
User3 0.11 0.553 0.2
content:product_detail_viewed
content:product_wanted
pixel-init Table 5. Some of the Weights Generated Using Sobazaar
Sobazaar pixel-order Product_detail o Product
) Pixel-init
pixel-order-no-reference _viewed _wanted
product_detailed_clicked Userl 0.37 0.71 0.47
product_wanted User2 0.31 0.56 0.49
purchase:buy_clicked User3 0.27 0.43 0.41
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4.3 QBN 0| &M Zut

ARSAE Bkt AAFL oldolH QAEBA Holgrt 12
AAEY, JAZE o]slo]d 0oz AAHT. AFAy}, A
Y A APS AYsZ o 0.57HA] = A5 °] 4553l
A9k 0.5 o9 AH§ ool Hashe FAFE otk o
A B =RoA JAZL 052 HHste] AeS A3t

Table 6= YZAZ TE AR P50l SA 5= Ho]
B} A A Holg7} 1= BHH tlo|g 9 H]E Wslolrt,
AAGke] 0.1Y AF 7217 A2 AREAF d5o] AT o
o= QIEHA Holgrl 12 FAEE AL 21T 4= 99
ok 283 038 YA R HAHFS A Beibei tlolH Al
EoA 7V527t 7 W& ARAF 5 view' Wt EA 5=
HolE7} A== Aol UATH

UEZFA R Sobazaar H|o|E AEo|A 7HE5A7F W2 AHE:
Z+ 5921 ‘product_clicked' ¥ &A5k= do]E7} A Q%=
Aao] ATt BHHE 0.99F Zo] 2 £5 dAFge=E 4
AES Y=, AEHA dlojE o] 12 HEAE H o8 7} Beibei
gloJg MEoJA tHFEE ‘purchase’ 7} LAY Hlo|E{ & &9l
H A}t E3F Sobazaard|oE ME A tEE ‘buy_clicked
7h 43k HolE R FRIE I

2 =579 A= dAGE 0.58 AR8sto] 271 o4
9] AR} PFEo] EAotE oto|dlE AREA) Asgitty
ot JAEIA HolHE 12 A5t 4 ndS 5t
AN7le A& BE2 o

i F

44 M5 Ht

34 A|2E A% H7H= Recall@K W3 NDCG@K HHE
= A8} Recall@K= A9 KNS ABES 5 B7F A&
2 A8ttt Ad-gol# Table 73 #o] &% JL(confusion
matrix)?} Equation 3)Z AH&Ste] AREA7E 3 A|AH|0]
A3 KA ofoldl] Fof AA| AH[FE ofol’lS H| WS
Rdl=g

NDCG@K-Z F7 A|AHo] 43t ofo]|l Y] A7} ARG
240} 4] A9t AX|sH=A] BIIRte} =3 AJAR0] K|

Table 6. Percentage of Interaction Data Based on Threshold (%)
(A) Beibei dataset

0.1 0.3 0.5 0.7 0.9
Userl 100 87.0 64.7 45.2 26.0
User2 96.1 94.5 68.8 475 413
User3 94.7 85.3 70.2 55.2 31.3

(B) Sobazaar dataset

0.1 0.3 0.5 0.7 0.9
Userl 93.0 88.2 75.7 61.8 48.1
User2 100 87.3 67.8 58.1 49.7
User3 97.5 90.1 69.6 61.6 51.4

0l AdE 2FUA MEA WS HIOES HHBA 2 J|dh FH ALY 17

TP
Recall = TP+ PN (3)

- TP A AAdo] 2% olo]dE AR A AHt

o EN 1 23 AAdo] 25H e ofolde ALgATE At

DCG=Y, @)
i=1
. DCG
NDCG = 555 5)

Table 7. Confusion Matrix

Actual values
True False
TP FP
True (True (False
Predictive positive) positive)
values N ™™
False (False (True
Negative) Negative)

ofo|dlZ FHYS W, FHE ofoldo] HR A E
ol ARAE AA &

5 g55HA = Wolth

w2t NDCG B7F ¥ &

A1E Equation (42} 5} AH&ste] H71Rtet. Relevance
= B4 HE ARRAS ofol”lo] dmbut W QI=AIE
Uetf &= $=x]0]H Equation (4)9] DCG(Discount culmula-
tive gain)g BH 971 Robdag & B9 B 1]
A= FFo| EolEA ot &, B2 <99 ofoldS & =4
Sz Zo] B2 919 ofo|dl S & FH = AR Bt
o 383t 847} "t} o]2d DCGE J++3HNormalized)3t
& NDCGEHL H-21 Equation (5)2F Ztt. NDCGE 7H
o4&l Fh(deal DCG)C.E AA NCGaHE Y 0~1 AFl
oz FHAZC)

Table 89] 27+ Bof 7|& 34 AARHSET AFE0
2 AE IRIT 5= AloH, 4 otoldl 9] A&k H5
o] /JAE It} o= oA Ajtste 7HEAIE ARE-SHo]
AREALS] MBS FAotal FuiehA] 92 ofold|] FoflA] A}
‘A7t A&st= ofo|dlat AFEAE A S 5HA] g ofoldl S
TEA =4 ZEE 55F7] gl

AR B5] ZW=7F 37191 (A) Beibei o8 A|ELE 774
Q1 (B) Sobazaar H|o|E| NES] ZAItE H|Wd| HH P52
7t gotdag tiiE 4 Aol RobsAwE Ajtsh= 7t
FA 7]8F 24 A A-oA = 50719 otoldlE FHFE 4

A o}A]

Z
90] o] §AHYUT. o] F Bl AGHeH AATL Qb

1T v O



18 FEXMEEl=2X/dFH % 4 AA™ H133 H15(2024. 1)

Table 8. Performance Comparison
(A) Beibei dataset

BPRH | EHCF | NCF ngft(e’fid
Recall@10 | 0.0512 | 0.1006 | 0.1668 0.1706
Recall@s0 | 0.2528 | 0.3422 | 0.5125 0.5221
NDCG@10| 0.0203 | 00623 | 0.0742 0.0833
NDCG@50 | 0.0724 | 0.1242 | 0.1382 0.1492

(B) Sobazaar dataset

BPRH | EHCF | NCF ngft‘;fﬁd
Recall@10 | 0.0324 | 0.0635 | 0.1245 0.1426
Recall@s0 | 0.2417 | 0.3425 | 0.5116 0.5282
NDCG@10| 0.0245 | 0.0537 | 0.0604 0.0732
NDCG@50 | 0.0682 | 0.1294 | 0.1409 0.1538

A BHo|A AaAo] Qthy Wslgdth ol NCFY s
2ol T2 QrR|ut A& A}O] Tl FH=of st AZro]
o} thfet BEES e dolg k= HolA 11 Azt
o] §-9Ju|attt.

ol Altsh= 75A] 718t 334 A AEH Q] Hlo|EE Ao
9] A7t A4S A5} AFRA} HEE Alo] ArTTHA] HA]
7ldto g2 YAE 712271 P50 2571 Wold: §8% 0
2 71EAE QA 9 BT S 9lor okt PEES HA
oto] AFEE 4= Qlthe A 9u|gith

5.2 E

2 =xoAe ARA E HlolE A 248 S8
AREARSL ofold] 2t deEE @1%@ 3 AaEE AR
ot Aljtehs AlAE s A 245§ 3E Hol
B 7REAIE B98Il o 7%*1% 7jto e 24 Bdg
Sh5olRiT. SR HlolE e Hx HlolE %%Zicd A
wAe 9 Alkte] BAEE w9doH, 24 452 =3
ot Hol 242 53 84" 7Ale B 03%5 3ol ¢
TR F5= 72T Aer ARBARY] AT ofeldlE I

=5to] 2357] 18] ALGEITh olgist o7]%F A W=
o GolE S o8 7HEA] Fvt 3 AATL ThE 24 A
A€} B E S v AAE A5E Bl B o)A A

of AF8T HlolE AL 37HA% o7hAI0) AR WEUS X
SeHAEE, A4 AAA HolEE I o] BE RS
¥ & g

2 =ROIAL A8 BEC o AL FA gkon
Hol A8 B Suct g FFo) dof 4g0] 7
T Zolekn 7|k, i FF| 7t golAw 1 of
BYTIL 371 Aolu R A2l el Relld B
Fg TSP A 27k A7 skt £ AefAn
olElE A4 T BA AFe B ATelN A
3 o] 4F A%E 9 AH2] AR ASHAA
AEH oz Mol QARS F7] U Pl AlLte] oo
e #7477 ek,
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