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[Abstract]

A recommendation system aims to provide personalized services or content by learning a huge amount of user behaviors with
artificial intelligence. It enables a user-centric personalization in a heterogeneous setting, while the recommendation system can
also be biased by focusing on only a limited viewpoint. A filter bubble, i.e., a typical bias of a recommendation system, signifies
the system utilizes filtered data according to the user; thus, it causes a side effect of confirmation bias and selective recognition,
which in turn leads to a decrease in user satisfaction. In this study, we employed a systematic literature review method to specify
the relationship between the bias of the recommendation system and user satisfaction. Based on a series of literature review
protocols, we analyzed the articles from three angles: (i) the relationship between the bias of the recommendation system and user
satisfaction and (ii) how to mitigate bias and improve user satisfaction. This research contributes to investigating a new angle, i.e.,

the relationship between bias and user satisfaction, rather than a new technical algorithm of the recommendation system.
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Table 1. Procedure for Search and Selection of
Kitchenham's Systematic Literature Review

Phase Description

Develop a literature review protocol

Phase 1: Search and

primary selection Filter articles based on a brief review with

the title and abstract

Recheck articles with a detailed review
considering the quality and relevance

Phase 2:
Secondary selection

Prepare the final literatures to be analyzed

Phase 3: Select a part of the references within the
Final selection final literature considering the quality and
relevance
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<ACM DL> search (n=77) <DBpia> search (n=57)
- keyword: AND( OR( “bias” “user”| |. keyword: AND( “ZEH A| A&l
“satisfaction” “filter bubble” I I
“algorithmic user bias” “diversity” OR(“H2 "UHHZ"))
“user centric” ), public(Recsys)) - period: 2012 ~ 2022
Checking - period: 2012 ~ 2022
\ |
Founded literature
(N=134)
Exclusions after
check title and
abstracts (N=118)
Review the reference
literature (N=19)
Screening
Selected literature
(N=35)
Exclusions after full
review (N=3)
. Analyzed literature
Selecting (N=32)

*"This study used a couple of Korean keywords to search for
domestic papers, and we included them as they are in this figure.
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Fig. 1. Procedure for selecting research literature
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Table 2. The topics of literature on bias and user
satisfaction in recommendation systems

Code Authors Topic
- Evaluation Perspective
Wang and ) .
R1 - Bias acceptance and recommendation
Chen o
based on user characteristics
Abdollahpouri | . )
R2 and Mansoury Popularity bias
R3 Abdollahpouri | Popularity bias
et al.
R4 Calegt) ;/laldez - Bias and improvement
R5 Bhadani - Improvement of user satisfaction
R6 Kim and Kim | - Filter bubble
R7 Hwang et al. |- Evaluation Perspective
R8 Hwang and - Bias and improvement
Kim
R9 Jun et al. - Filter bubble
R10 Kim - Bias and improvement
- Bias acceptance and recommendation
R11 Nguyen et al. o
based on user characteristics
Kaminskas and | - Bias acceptance and recommendation
R12 . s
Bridge based on user characteristics
- Evaluation Perspective
R13 Matt et al. - Improvement of user satisfaction
- Filter bubble
R14 Wang et al. : Evaluatl.on Eerspectlve
- Popularity bias
R15 | Krishnan et al. |- Bias and improvement
R16 Abdollahpouri | Popularity bias
et al.
) - Evaluation Perspective
R17 | Resnicketal. | Filter bubble
R18 | Tomlein et al. |- Filter bubble
Park and ) .
R19 Tuzhilin Popularity bias
R20 Zhou et al. - Evaluation Perspective
R21 Shi - Evaluation Perspective
Roo Chen et al. - Evaluation Perspective . '
- Improvement of user satisfaction
Tkalcic and |- Bias acceptance and recommendation
R23 o
Chen based on user characteristics
R24 Yao and - Evaluation Perspective
Harper
- Improvement of user satisfaction
R25 | Ekstrand et al. | - Bias acceptance and recommendation
based on user characteristics
- Improvement of user satisfaction
R26 | Ekstrand et al. | - Bias acceptance and recommendation
based on user characteristics
R27 | Nguyenetal. |’ Evaluation Perspective . ,
- Improvement of user satisfaction
R28 | Choi and Lee |- Evaluation Perspective
R29 Ziegler et al. |- Evaluation Perspective
- Evaluation Perspective
R30 | Ekstrand et al. | Improvement of user satisfaction ‘
- Bias acceptance and recommendation
based on user characteristics
Parapar and | . :
R31 Radlinski Evaluation Perspective
R32 Harper et al. |- Improvement of user satisfaction

http://dx.doi.org/10.9728/dcs.2022.23.9.1823

1826

QL
ke

)

ol

3) F8 AT FA
F8 AT FAE FUF B, ARA TSR 3
B w2 Jg % 9 3, Q7] FE uigk HF
(popularity bias), Z& W& (filter bubble), A%k
F 6712 i 5 9l (£ 318 Fa AT 7
T E %o JGH@ g} o] &, HrF I 3

dol 1 WA} B9k 1 oRe

A3 AT L Falstlc,

R, Q) BRL A28 A 981E 9% AT,
AgAe] BRI WEE IS AR AT 2 F A4
243 U BF 988 AP ATE, AHE

[e]

A ofe] W7 ¥AlE TR m=elElgit) &

2 217] 3% HAsKpopularity bias)Z} FE] B E(filter

bubble) 5 AR&X}el thal ASF 271 & vyelgte)
AREALO] IOl A T SRS 91g ATl A=, ARS

Ao B B 5Ltk Sl o) w=elaik

E 3. F2 AF FHof chsh Zot

Table 3. Literature code and frequency by study subject
classification
Topic Code Freq.

R1, R7, R12, R13, R14,
R17, R20, R21, R22, R24, 15
R27, R28, R29, R30, R31

Evaluation perspectives

Improvement of user
satisfaction

R5, R13, R22, R25, R26,
R27, R30, R32

Bias acceptance and | oy ‘g4 Rog Ros, R26,
recommendation based 6

- R30
on user characteristics

Popularity bias R2, R3, R14, R16, R19

Filter bubble R6, R9, R13, R17, R18

Bias and improvement R4, R8, R10, R15
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Table 4. Evaluation perspectives of recommendation

systems
Evaluation perspectives Explanation
The predictive accuracy of the
Accuracy recommendation system for the user's
assessment
The difference between the current
Diversity recommendation and the previous
recommendation or the user's profile
) The number of recommendations for
Long-tail )
non—popular items
The number of recommendations not
Novelty )
previously recommended
The number of recommendation
Serendipity unexpected, but relevant for user’s
interests
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Table 5. Relationships between the evaluation
perspectives of the recommendation system

Code | No. | (perapaives) | (Parspectes) | FE2Unshi>
R12 1 Novelty Diversity Positive
R12 2 Diversity Accuracy Negative
R13 1 Accuracy Novelty Negative
R14 1 Long-tail Accuracy Negative
R14 2 Novelty Accuracy Negative
R14 3 Novelty Long—tail Neutral
R14 4 Diversity Long—tail Neutral
R16 1 Long—tail Accuracy Negative
R20 1 Accuracy Diversity Negative
R20 2 Diversity Accuracy Negative*
R21 1 Novelty Diversity Positive
R21 2 Novelty Long—tail Relative
R22 1 Diversity Accuracy Negative
R22 2 Novelty Accuracy Negative
R22 3 Serendipity Accuracy Positivex
R22 4 Serendipity Diversity Positive
R22 5 Novelty Serendipity Positive
R30 1 Novelty Diversity Positive
R30 2 Diversity Accuracy Negative
R31 1 Accuracy Diversity Negative

* Conditionally accepted
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Table 6. Relationships between the evaluation
perspective and user satisfaction of the

recommendation system

Code | NO- | (perepentes) | (Satifaotion) | Fe121onsN®
R5 1 Diversity Satisfaction Positive
R7 1 Accuracy Satisfaction Positive
R7 2 Novelty Satisfaction Positivex
R8 1 Accuracy Satisfaction Positive* x
R12 1 Accuracy Satisfaction Negative*
R12 2 Diversity Satisfaction Positive
R13 1 Serendipity Satisfaction Positive
R13 | 2 Serendipity Satisfaction Negative*
R13 3 Novelty Satisfaction Negative*
R21 1 Accuracy Satisfaction Positive
R22 | 1 Serendipity Satisfaction Positive
R22 | 2 Novelty Satisfaction Positive
R28 | 1 Accuracy Satisfaction Positive
R28 2 Serendipity Satisfaction Positive
R28 3 Novelty Satisfaction Positive
R29 1 Accuracy Satisfaction Positive**
R30 1 Novelty Satisfaction Negative
R30 2 Diversity Satisfaction Positive
R31 1 Serendipity Satisfaction Positive
R31 2 Novelty Satisfaction Positive
R31 3 Diversity Satisfaction Positive

* Conditionally accepted, ** Partially accepted
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Table 7. Relationships between the user characteristics
and evaluation perspectives or satisfaction

Premise Consequence
Code | No. (User (Perspectives / | Relationship

characteristics) Satisfaction)
R1 1 Age Diversity Positive
R1 2 Curiosity Diversity Positive
R1 3 Curiosity Serendipity Positive
R2 1 of Egegjlfrnﬁgms Long—tail Negative
R11 1 Acceptance Satisfaction Positive
R11 2 Acceptance Diversity Positive
R22 1 Curiosity Novelty Positive
R22 | 2 Curiosity Serendipity Positive
R27 | 1 Diversity Satisfaction Positive
R27 | 2 Serendipity Satisfaction Positive
R27 | 3 of E(r)%fjlfrn:t:sms Satisfaction Positive
R29 1 Diversity Satisfaction Positive
R32 1 Self-adaptation Satisfaction Positive
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