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[Abstract]

A recommender system covers users, searches the items or services which users will like, and let users

purchase them. Because recommendations from a recommender system are predictions of users’

preferences for the items which they do not purchase yet, it is rarely possible to be drawn a perfect

answer. An evaluation has been conducted to determine whether a prediction is right or not. However, it

can be lower user’s satisfaction if a recommender system focuses on only the preferences, that is caused

by a ‘filter bubble effect’. The filter bubble effect is an algorithmic

bias that skews or limits the

information an individual user sees on the recommended list. It is the reason why multiple metrics are

required to evaluate recommender systems, and a diversity metrics is mainly used for it. In this paper,

we compare three different methods for enhancing diversity for personalized recommendation - bin

packing, weighted random choice, greedy re-ranking - with a practical e-commerce data acquired from a

fashion shopping mall. Besides, we present the difference between experimental results and F1 scores.

» Key words: Recommender system, Evaluation metrics, Relevance, Diversity, Filter bubble,

Greedy re-ranking
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I. Introduction
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II. Preliminaries

1. Recommender System Evaluation Metrics
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III. Methods Comparison

3.1 Data Configuration

2 oM 2780A 7]t
e-commerce Ho]E o] A-8-5}0]
A} sttt AFRE go]EHe mjAETRMHA WS {14]0A]
AR oju § I HojA glolE R Y3t 5 KA

232 AR 7}

= A} gro.
TIUT O WU«
TS W2 54”14 2571H A 71 2o gist 22
Tz, el JhEaelR ARRARSS] o] AlEH
AL 2 4 Uk
Table 1. Fashion Commerce Data’s Objects
Object Number of Features Total
User 3 254,958
Item 12 283,326
Event 13 5,880,407
Table 2. Main Features
Object Main Features
User id, birth date, gender
Item id, name, category, price, brand
session id, time stamp, event name, device,
Event .
region

Event HJo]8= gt FO] AREAP} 42 7Hf A&
Asto] A5 dARE Fui7bA] HE glolEjolt). =
g AFAPT AR s 2

‘ZolQ'E FAISI=A| (like_item), 7
=] (add_to_cart), JLOfsiE=A]

o M) u
ilel 4 o 7o) ol 52

il
=S

event_name<2

1

A] (click_item),

4ol

(purchase_success)

_I_LI»O]'O]' A O]l E?{
M T

AFEA A 45

FFSESH 74& 7}7<} ako 1\]/\%01]/\1 =13

7b SefE|9l ot 2021.06.03.~2021.08.04. 713 4 Af&o] Mgk oJHEL click_itemC & A& A4 5,880,407712]
T}. Table 12 Ho]8] FFet &5 Table 2= 72} 7IA12]  82% O]AFS AFA|5l= 4,845,691709] A|AoflA] LAdSiCE
i LA A ;}00 : f:;/“”&@r,‘o f:r\‘*\ & &»;" y vé"“\qe&“ r/@;}\‘j R {ofo é,e:i"\ g I/_u,;}\d & 1\9:@"‘ & &;&gp %bgt’v

j,\/ E¥ q‘&’

Fig. 5. Item Numbers on Top 25 of Category2



64  Journal of The Korea Society of Computer and Information

1eb itern_name

BLUE

=2 HE FE0

H ME HIHHH

Tumbler Jin

L i N <
;s & L

Fig. 6. Session Count of Each Event Type

3.2 Experimental Results
941 ofold] 715t Felet 2 Al Fgsto] A

o] zfo] g AT I 5 F1 scores AREsto,
dS vtgsh 34 Zxto] 25t ojojel o] ARR ARE Fig. 7. Top—20 Items from Simple Personalized
Recommendation

Ao} BAlS Qoi} WorEAIS Wolaich AR o]
gt ofol]l fAlE= ARSAL 7]F0] obd MM 71E< AFLAP} ofolEle ufsi=A] oplm s Zzlup
di-idf YAo2 ARSIt ol AN BAR AT gpix = Aol wlE olEd) mRl E R0 Aol
1 ofo|FS Toj2 hgstof ofo|dlo] Al Aot & = oy HoH Table 359 7H&A1E RIgettt 3l 71&
o] FUWAIS WP 2 HPoIME A oMIE  21u as1x ubwio 2 Msjx|7] o], 2 Aslofa] 2oj
SRolc 7HeAlE ROl ARE MBI DB L ym jaAel 42 AR 3 OE oMlESE 2RIK0
ohu MYtk 2B 27)& 20702 sHl $8 M 2 1w mlojxj gre Hojsjelt),
2= 37 100712 R

Fig. 72 O 7118 FAUE502, of = ARGAF DO 7 Taple 3. Weight Value of Each Event Type
9 3G 590 27 7|28 J|NtoR Fict AMAt prt Event Weight
2219 ojolsiSal 2 AMOIN WAEE ojojsige] o 4
TALEE Akt 2, ofol’lE A9 20712} [A} ofoldlE= add_to_cart 3
Agstol fAE 0= L 20709 FA1 ofo’lEo] | like_item 2
ok 205 1271 485 Aoo] BEY 2S¢ 4 gk | ik item 1

Intra-list ¥ Inter-list THQFA wido] e}, Fig. 7 Ay}
of wlmsto] AfolHo] Exfshx] clopurt A copd S0 ARl W AL ALl A
A 7152 B or 7] 71EA], 2 AdoA=

= category2, o T2} XA ¥
20) The] el mR]E Yl Fjh g ardaic, .
x} po] 7t 2] A5 715R|o] T} S w1 Fjsolth



Methods Comparison: Enhancing Diversity for Personalized Recommendation with Practical E-Commerce Data 65

Table 4. Bin Size of Each Category
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Table 5. Category Diversity and Scores
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A0, AZX 20|, YMA/HTAE:) REFQI: ZJCHI:3 21N E:
greedy re-ranking g{}l_ll:"r!l,} EZYO, FA/HELED, IR, ZAJAHE3, TN E N, 0182
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