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초   록

고객 취향에 가장 적합한 제품을 선택하는 것은 전자상거래에서 중요한 문제이다. 전자상거래 
그러나 온라인 추천시스템으로서 알려진 소셜 필터링은 전자상거래에서 기술적 접근이 활발히 
연구되어왔다. 온라인 추천시스템은 사용자의 개인적 취향과 관련하여 적절한 제품을 필터링하여 
제공함으로서 사용자의 의사결정 품질을 향상시키는 것에 목적을 두고 있으며 그 결과 사용자의 
제품 탐색과 선택에 대한 지원이 가능하다. 그러나 대다수 추천시스템의 선행연구들은 추천 
알고리즘의 정확성을 향상시키는 것에 집중해 왔으며 사용자 기반의 인터페이스나 사용자 
관점의 사용방식에 대한 연구는 매우 적은 실정이다. 추천시스템의 추천 상황에 대한 시스템 
투명성과 사용자의 추천에 대한 피드백을 통한 추천방식 개선을 통하여 본 연구는 사용자 
관점의 추천시스템 활용에 대한 시스템 투명성과 피드백의 영향력을 파악하고자 하였다. 실험을 
통한 연구 결과에 따라, 시스템 투명성과 사용자 피드백 모두 추천시스템에 대한 사용자의 
인지된 신뢰, 프로세스 가치, 인지된 즐거움에 영향을 주는 것으로 나타났다. 특히, 인지된 
신뢰, 프로세스 가치, 즐거움은 사용자가 추천시스템을 지속적으로 사용하기 위한 의도를 
향상시키는 것으로 나타났다.

ABSTRACT

The problem of choosing the right product that will best fit a consumer’s taste and preferences 
extends to the field of electronic commerce. However, e-commerce has been able to create 
a technological proxy for the social filtering process, known as online recommender systems 
(RSs). RSs aid users in filtering products and decisions on matters relating to personal 
taste. RSs have the potential to support and improve the quality of the decisions consumers 
make when searching for and selecting products and services online. However, most previous 
research on RSs has focused on the accuracy of the algorithms, with little emphasis on 
user interface and perspectives. This study identified transparency and feedback as possible 
ways to effectively evaluate RSs from the user’s perspective. Thus, this research focused 
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on examining and identifying the roles of transparency and feedback in recommender systems 
and how they affect users’ attitudes toward the system. Results of the study showed that 
both transparency and feedback positively and significantly affected perceived trust, perceived 
value of the process, and perceived enjoyment. Furthermore, we found that perceived trust, 
perceived value of the process, and perceived enjoyment positively and directly affected 
users’ intentions to use/reuse a recommender system.
 

키워드：추천시스템, 투명성, 피드백, 전자상거래, 재사용의도

Recommender System, Transparency, Feedback, E-Commerce, Reuse Intention

1. Introduction

One of the hardest decisions that people face 

in dealing with products and services that they 

want to purchase is how to choose the right 

product that will best fit their tastes and 

preferences. Because of this, people tend to 

seek recommendations and the most common 

way for people to decide is to ask their friends 

or relatives for suggestions. This problem also 

extends to the e commerce field. However, in 

e-commerce a technological proxy for this so-

cial filtering process was created, known as 

online recommender systems (RSs). RSs con-

stitute a web technology that proactively sug-

gests items of interest to users, based on their 

objective behavior or explicitly stated prefer-

ences [7, 38]. According to Medhi and Dakua 

[34], RSs aid users in filtering products and 

decisions on matters related to personal taste 

[42]. RSs have the potential to support and 

improve the quality of the decisions consumers 

make when searching for and selecting prod-

ucts and services online. Industry experts and 

researchers agree that the emergence of these 

systems is also important for reducing in-

formation overload and maximizing the benefit 

that can be gained from e-commerce. That 

is why RSs are often regarded as an important 

application in e-commerce.

Because of the importance and benefits 

brought about by RSs in the field of e-com-

merce, many researchers have addressed this 

topic. However, most previous research on RSs 

has focused on the accuracy of the algorithms, 

with little emphasis on user interface and user 

perspectives although some experimental 

studies have studied the role of transparency 

[38, 42, 43]. Because studies tackling user per-

spectives are relatively scarce, in this research, 

we identified two factors that could affect the 

behavioral intentions of users. 

This paper offers a fresh perspective on on-

line recommender systems by looking at how 

the interaction between users and such systems 

influences a user’s intention to reuse the 

technology. We identified transparency and 

feedback as two possible factors that could 

increase interaction between users and RSs 

that would result in effectively evaluating RSs 

from the user’s perspective. Thus, this research 

focused on examining and identifying the roles 
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of transparency and feedback in RSs and how 

they affected users’ behavior toward the rec-

ommender system.

The main objectives of this research were 

to examine the roles of transparency and feed-

back on the behavioral intentions of users to 

reuse a recommender system. Specifically, the 

study aimed: 1) to explore how transparency 

affects user attitudes regarding RS reuse, 2) 

to ascertain how feedback affects user attitudes 

regarding RS reuse, and 3) to identify factors 

which affect the behavioral intention of users 

regarding RS reuse. Thus, we performed an 

online experiment to see the effects of trans-

parency and feedback on the recommendation 

process for user evaluations of RSs. We made 

four different recommendation processes by 

inserting steps to review ratings and give feed-

back on recommendations. We summarize re-

lated literature in Section 2 and address hypoth-

eses and the research model in Section 3. 

Experiment procedures and data collection are 

stated in Section 4 and the results of the experi-

ment are discussed in Section 5. We conclude 

with discussions and conclusions in Section 6.

2. Literature Review

2.1 Personalized Recommender System

According to Resnick and Varian [39], rec-

ommender systems (RSs) were originally de-

fined as systems in which “people provide 

recommendations as inputs, which the system 

then aggregates and directs to appropriate 

recipients.” However, the definition of these 

systems has evolved over the years, giving 

a broader perspective and a more general def-

inition now. RSs can now be defined as an 

automated and sophisticated decision support 

system that provides a personalized solution 

briefly, without going through a complex 

search process [28]. RSs intend to provide 

people with recommendations for products 

they will appreciate, based on their past pref-

erences, purchasing history, and demographic 

information [3, 18, 20, 50]. Because of the 

demonstrated benefits and advantages of RSs, 

they have gained popularity on the web, both 

in research systems and online commerce 

sites that offer recommendation systems as 

one way for consumers to find products they 

might like to purchase.

Typically, the effectiveness of recommender 

systems has been indexed by statistical accu-

racy metrics. However, satisfaction with a rec-

ommender system is only partially determined 

by the accuracy of the algorithm behind it [32, 

35, 44, 45]. Xiao and Benbasat [47] stated that 

the design of a RS or recommendation agent 

(RA) consists of three major components, 

which are: input, where user preferences are 

elicited, explicitly or implicitly; process, where 

recommendations are generated; and output, 

where recommendations are presented to the 

user. According to Pu and Chen [38], numerous 

studies to make RSs more accurate and efficient 
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have been undertaken previously; however, 

most of them have common critical limitations. 

So far, research on RS evaluation has focused 

primarily on algorithm accuracy for generating 

recommendations and, especially, in examining 

the objective prediction accuracy of such 

systems. Xiao and Benbasat [47] supported this 

by saying that research on RAs has focused 

mostly on process, which consists of developing 

and evaluating the different underlying algo-

rithms that generate recommendations [12, 32, 

44], while failing to focus on, and adequately 

understand, input and output design strategies. 

They further stated that most of the review 

articles regarding RAs [27, 10, 35, 40, 49] pro-

vided either evaluations of different recom-

mendation-generating algorithms, focusing 

primarily on criteria such as accuracy and cov-

erage, or taxonomies of currently available 

RAs, mostly in terms of the underlying algo-

rithms and techniques, without paying much 

attention to other design issues. However, from 

the customer’s perspective, the effectiveness 

of RAs is determined by many factors aside 

from the algorithms [28, 30, 43], including the 

characteristics of RA input, process, output, 

source credibility, and product-related and 

user-related factors. That is why Pu and Chen 

[38] noted that other researchers are now also 

investigating user experience issues, such as 

identifying determinants that influence user 

perceptions of RSs, effective preference elic-

itation methods, techniques that motivate users 

to rate items that they have experienced, meth-

ods that generate diverse and more satisfying 

recommendation lists, explanation interfaces, 

trust formation with recommenders, and design 

guidelines for enhancing a recommender’s in-

terface layout. Furthermore, from the early 

systems to date, most of the published empirical 

evaluations have focused on measuring only 

how close a recommender system predictions 

are to a user’s true preferences [26].

More recently, researchers have begun to 

examine issues related to users’ subjective 

opinions and to develop additional criteria to 

evaluate recommender systems. In particular, 

they suggest that user satisfaction does not 

always correlate with high recommender accu-

racy [38, 46]. However, none of these studies 

have focused on the roles of feedback or 

transparency. The works mentioned above lack 

a general definition and evaluation frame-

work of what constitutes an effective and sat-

isfying recommender system from the user’s 

perspective. Previous papers also failed to dis-

cuss how the interaction between users and 

RSs influences users’ reuse of the technology 

[47]. Thus, in this study, we attempted to ad-

dress these limitations by identifying two ex-

ternal factors that enhanced the interaction be-

tween users and RS–feedback and trans-

parency–as ways to effectively evaluate rec-

ommender systems from the user’s experience.

2.2 Communication Support

Communication support ensures that shop-
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pers can communicate their opinion with rec-

ommender agents to share or control their 

preference. In order words, sometimes, users 

want to change their opinion or preferences 

when they get information that is not suitable 

to their interest. To resolve these problems, 

media should make sure their information 

suitable to users. According to media richness 

theory [14, 15], less-rich communicative me-

dia should understand the limitations of that 

medium in the dimensions of feedback, multi-

ple cues, message tailoring, and emotions. 

This means the more equivocal a message, 

the more cues and data needed to understand 

it, and media richness theory places commu-

nication mediums on a continuous scale that 

represents the richness of a medium and its 

ability to adequately communicate a complex 

message [16]. When recommender systems 

make recommendations to users with more 

communicative cues, the users can be more 

satisfied with the results of recommender 

systems which provide richer interactions.

Xiao and Benbasat [47] suggested that dis-

playing trust-assuring arguments that include 

more controlling information to users are able 

to increase users’ trusting belief. According 

to adaptation-level theory, user judgements are 

separate as different levels such as past experi-

ence, a context and treatment. When recom-

mender systems  deliver recommended items, 

users only get recommendations. However, 

users’ judgement for recommendation quality 

if recommender systems provide additional 

functions to change or treat the results by users. 

These vividness presentation make users in-

crease trusting belief. That is because recom-

mender systems make transparent control en-

vironment, and that may lead the representa-

tional richness of a recommending environment 

[47].

Recently, researchers have begun to examine 

issues related to users’ subjective opinions and 

to develop additional criteria to evaluate recom-

mender systems. In particular, they suggest 

that user satisfaction does not always correlate 

with high recommender accuracy [38, 46]. 

However, none of these studies have focused 

on the roles of feedback or transparency. The 

works mentioned above lack a general defi-

nition and evaluation framework of what con-

stitutes an effective and satisfying recom-

mender system from the user’s perspective. 

Previous papers also failed to discuss how the 

interaction between users and RSs influences 

users’ reuse of the technology [48]. Thus, in 

this study, we attempted to address these limi-

tations by identifying two external factors that 

enhanced the interaction between users and 

RS-feedback and transparency-as ways to ef-

fectively evaluate recommender systems from 

the user’s experience.

3. Research Model

The technology acceptance model (TAM) 

[17] was used to develop the model for this 
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research. The key purpose of TAM is to provide 

a basis for tracing the impact of external varia-

bles on internal beliefs, attitudes, and intentions. 

Based on this, in the study, we tried to identify 

relationships between transparency, feedback, 

internal factors (perceived trust, perceived val-

ue of process, perceived enjoyment) and the 

behavioral intention of users to reuse a recom-

mender system as <Figure 1>. The researcch 

model was presented in our previous paper [25] 

without an empirical result [26] and this paper 

includes our empirical analysis based on the 

research model.

Previous research has shown that expert 

systems that act as decision guides need to 

provide explanations and justifications for 

their advice [5]. In the context of recom-

mender systems, understanding the relation-

ship between the input to the system (ratings 

made by user) and output (recommendations) 

allows the user to initiate a predictable and 

efficient interaction with the system [24]. 

Transparency

Feedback

Enjoyment

Perceived
Value of Process

Trust

Intention to 
Use

H1

H2

H3
H4

H5

H6

H7

H8

H9

<Figure 1> Research Model

In this study, we identified transparency as 

one way to effectively evaluate recommender 

systems from the user’s perspective. Specifically, 

transparency allows users to meaningfully re-

vise the input to improve recommendations, 

rather than making “shots in the dark.” By 

allowing users to review their initial ratings, 

they will be able to reassess their decision, 

based on their tastes and preferences.

Transparency aims to increase under-

standing and entails offering the user insight 

into how a system works, for example, by of-

fering explanations for system behavior and 

the results from the system. Lee and See [31] 

states that appropriate trust depends on how 

well the capabilities of a system are conveyed 

to the user. Transparency has also been found 

to influence user confidence in recommen-

dations provided by the system. Thus, as the 

system becomes more transparent, users will 

perceive that the system is trustworthy.

H1 : Transparency increases the user’s 

perceived trust of the recommender 

system.

Bilgic and Mooney [4] argued that a system’s 

ability to make its reasoning transparent can 

contribute significantly to user acceptance of 

the system’s suggestions. Because of this, if 

the user fully understands the whole procedure 

with regard to how the system was able to 

provide recommendations, then users will find 

the recommendation more reliable and trust-

worthy. Thus, process transparency is believed 

to increase the perceived value and overall ac-

ceptance of RSs. Transparency is thus expected 

to be an important factor in determining wheth-
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er a recommendation will be accepted and eval-

uated positively.

H2 : Transparency increases the user’s 

perceived value of the process of the 

recommender system.

Many researchers have emphasized that 

transparency has an impact on other aspects 

of user perceptions [38]. User perception af-

fects enjoyment: people find the system en-

joyable if the whole system and procedure is 

easy and convenient to use. If the user under-

stands how a system works and can predict 

system actions and outcomes, then the user 

can focus on his or her task, instead of trying 

to figure out the system. Thus, they will enjoy 

using the system.

H3 : Transparency increases the user’s 

perceived enjoyment of using the 

recommender system.

In this study, feedback is defined as the 

process by which the effect or output of an 

action is “returned” to modify the next action 

after users getting recommendations. The 

concept of feedback in this study includes the 

system’s ability to allow users to revise their 

preferences, to customize received recom-

mendations, and to request a new set of 

recommendations. It is assumed that by doing 

this, recommendation results will be more ap-

propriate to the users. According to Pereira 

[37], increased user control over the inter-

action with recommendation agents results in 

increased trust in the system. When users are 

given more control to revise their preferences 

at any given point in time, the user will con-

sider the results more useful and effective. 

Thus, the user will be more confident in the 

results.

H4 : Feedback increases the user’s per-

ceived trust of the recommender system.

The ability of the system to produce highly 

personalized recommendations based on the 

system’s capability to identify user tastes and 

preferences is important in the personalization 

processes involved in producing a positive at-

titude towards the services the system pro-

vides [24]. If the user understands how the 

procedure can predict outcomes and how the 

whole process works, and the user has oppor-

tunities to reassess initial decisions, the user 

will find the whole procedure to be valuable 

and important. Thus, users will have a better 

understanding of the reasons behind the 

recommendations.

H5 : Feedback increases the user’s per-

ceived value of the process of the 

recommender system.

According to Cramer et al. [13], giving 

users more control gives them more oppor-

tunities for a more entertaining and enjoyable 

personalized experience. Giving users more 

opportunity to interact with the system and 

providing them with more chances to modify 

their preferences helps them to understand 
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the procedure better, which leads them to en-

joy the whole process. 

H6 : Feedback increases the user’s per-

ceived enjoyment in using a recom-

mender system.

In this study, perceived trust is defined as 

the user’s willingness to believe in the in-

formation from a system or make use of its 

capabilities [13]. The concept of trust consists 

of trust in the intentions of a system (goal 

alignment) and trust in the competence of the 

system. Competence is seen as the perceived 

skill of the system, i.e., the extent to which 

it is able to offer the right recommendations. 

The perception of the alignment of goals of 

the system and the user’s goals, coupled with 

a belief that a system will perform its task 

competently, form the basis of trust [13, 22]. 

Because of this, perceived trust will drive 

users to reuse a recommender system.

H7 : Perceived trust positively affects the 

intention to reuse a recommender 

system. 

The value of the process lies in its ability 

to identify a user’s tastes and preferences. Its 

potential to produce highly personalized rec-

ommendations is crucial because person-

alization processes result in more positive at-

titudes toward the services a system provides 

[6]. Customization attracts customer attention 

and fosters loyalty and personalized content 

increases the user’s motivation to elaborate on 

items suggested by a recommender system. 

Thus, the evaluations of the system’s capacity 

to capture their preferences and provide use-

ful suggestions are expected to affect their in-

tention to reuse the system [24].

H8 : Perceived value of the process pos-

itively affects intention to reuse a 

recommender system.

Perceived enjoyment can be defined as the 

extent to which the activity of using a spe-

cific system is perceived to be enjoyable in 

its own right, aside from any performance 

consequences resulting from system use [24]. 

According to Gretzel and Fesenmaier [24], 

there is increasing evidence that enjoyment 

of one’s interaction with technology has im-

portant consequences for one’s perception 

and subsequent evaluation of the technology 

and can be manipulated by the design of the 

technology. On the other hand, great effort, 

lack of transparency, and having to answer 

irrelevant questions will presumably de-

crease a user’s enjoyment.

H9 : Perceived enjoyment positively af-

fects the intention to reuse a recom-

mender system.

4. Methodology

A movie recommender system was selected 

as the context of the study. Specifically, re-
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Group Recommendation procedures Description

A

1) Rating on 20 movies

2) Getting 5 movie recommendations

3) Rating on the 5 recommended movies

Basic

B

1) Rating on 20 movies

2) Reviewing ratings

3) Getting 5 movie recommendations

4) Rating on the 5 recommended movies

Transparency

C

1) Rating on 20 movies

2) Getting 5 movie recommendations

3) Rating on the 5 recommended movies

4) Getting 5 new movie recommendations

5) Rating on the new recommendations

Feedback

D

1) Rating on 20 movies

2) Reviewing ratings

3) Getting 5 movie recommendations

4) Rating on the 5 recommended movies

5) Getting 5 new movie recommendations 

6) Rating on the new recommendations

Transparency + Feedback

<Table 1> Experimental Treatments in the Study

spondents were asked to rate different movies 

that were presented by the movie recommender 

system and evaluate the recommendations it 

provided through a survey questionnaire. We 

used the preferences for movies from Netflix 

data to provide personalized movie recom-

mendations. We selected 100 movies that were 

released in Korea from the Netflix data. There 

were 20 movies each from the genres of action, 

drama, comedy, science fiction, and animation. 

Movie information was obtained from a Korean 

movie portal, Naver Movies.

Subjects rated their movie preferences and 

evaluated the recommended movies. In the 

first stage, we showed 20 movies to obtain 

user preferences. Four movies were selected 

from each movie genre. According to Lee et 

al. [29], we needed to collect user preferences 

for more than 20 items to make reliable re-

commendations. Then, we recommended five 

movies among the remaining 80 movies on the 

basis of the user preferences obtained during 

the first stage and movie preferences from the 

Netflix data.

In total, 135 undergraduate students located 

in Seoul, Korea, were invited to participate in 

the study. The participants were pursuing a 

variety of majors at a university. In the ex-

periment, we varied the procedures for get-

ting preference data and presenting recom-

mendations as shown in <Table 1>. The 135 

respondents were randomly assigned into one 

of the four groups. All groups used the same 

recommendation algorithm, called item-to- 

item collaborative filtering [41]. 

Group A had the basic recommendation 
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procedure. After subjects rated their prefer-

ences for the 20 movies shown in <Figure 2>, 

they got five movie recommendations. Then, 

the subjects rated the recommended movies 

<Figure 3>. Group B had the same procedure 

as Group A and then an additional step to review 

and update their ratings after rating the 20 

movies <Figure 4>. Group C had the same 

procedure as Group A. However, after the sub-

jects rated the first recommended movies, they 

got new recommendations for five movies, 

based on the feedback for the first recom-

mendation. Group D had the same procedure 

as Group A, with the added steps of reviewing 

their initial ratings, as in Group B, and reassess-

ing the recommendations, as in Group C.

Upon receiving the recommendations in 

each of the four groups, participants were 

prompted by the system to proceed to the eval-

uation survey. All groups answered the ques-

tionnaire, but they went through different ex-

perimental procedures. The survey asked them 

to respond to the questions about their evalua-

tion of the recommendations and their percep-

tions of their interaction with the four different 

recommendation procedures. The question-

naire was developed from materials discussed 

and tested previously and consisted of 24 

items. Because the items in the questionnaire 

were derived from existing literature, they 

were modified slightly to fit the context of the 

study. Each item was measured on a sev-

en-point Likert scale, ranging from “strongly 

disagree” (1) to “strongly agree” (7). The 

sources of the scale items from each of the 

constructs are summarized in <Table 2>.

<Figure 2> Preference Rating for a Movie

<Figure 3> Getting Recommendations 

and Ratings for the 

Recommended Movies

<Figure 4> Reviewing Ratings
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　 Group
A B C D Total

Freq. (%) Freq. (%) Freq. (%) Freq. (%) Freq. (%)

Gender
Male 17(45.9) 15(42.9) 16(50.0) 16(51.6) 64(47.4)

Female 20(54.1) 20(57.1) 16(50.0) 15(48.4) 71(52.6)

Age

11～19 0(0.0) 0(0.0) 1(3.1) 1(3.2) 2(1.5)

20～29 36(97.3) 35(100.0) 29(90.6) 30(96.8) 130(96.3)

30～39 1(2.7) 0(0.0) 2(6.3) 0(0.0) 3(2.2)

> = 40 0(0.0) 0(0.0) 0(0.0) 0(0.0) 0(0.0)

Internet Usage

< 1 h/day 2(5.4) 3(8.6) 2(6.3) 2(6.5) 9(6.7)

1～2 h/day 18(48.6) 19(54.3) 16(50.0) 17(54.8) 70(51.9)

3～5 h/day 13(35.1) 11(31.4) 12(37.5) 9(29.0) 45(33.3)

> 5 h/day 4(10.8) 2(5.7) 2(6.3) 3(9.7) 11(8.1)

Number of 

Movies/month

1 movie 15(40.5) 17(48.6) 19(59.4) 19(61.3) 70(51.9)

2～3 movies 13(35.1) 14(40.0) 11(34.4) 10(32.3) 48(35.6)

4～5 movies 7(18.9) 1(2.9) 2(6.3) 2(6.5) 12(8.9)

> 6 movies 2(5.4) 3(8.6) 0(0.0) 0(0.0) 5(3.7)

Recommender 

System Experience

Yes 11(29.7) 5(14.3) 3(9.4) 5(16.1) 24(17.8)

No 26(70.3) 30(85.7) 29(90.6) 26(83.9) 111(82.2)

<Table 3> Demographics of the Respondents

Dimensions
Number 

of Items
Sources

Transparency 4 Pu and Chen [37]

Feedback 3 Pu and Chen [37] 

Perceived Trust 3
Flavian et al. [21],  

Gefen et al. [23]

Perceived Value 

of Process
4

Gretzel and 

Fesenmaier [24] 

Perceived 

Enjoyment
3

Gretzel and 

Fesenmaier [24] 

Behavioral 

Intention to Use
3 Pu and Chen [37] 

<Table 2> Sources of Questionnaire Items

5. Results

The demographics of the 135 participants 

with valid responses are shown in <Table 3>. 

The gender of the respondents was almost 

evenly mixed, with 47% males and 53% 

females. As expected, most of the respondents 

in the four groups were in the same age 

bracket (20～29 years old) because they were 

all university students. Only about 1.5% of the 

respondents were below 20 years old and 

2.2% of them were in the age range of 30～39 

years old. Results also showed that more than 

50% of the respondents used the Internet for 

1～2 h per day while 33.3% of them used it 

for 3～5 h per day. Only 6.7% and 8.2% of 

the respondents, respectively, reported that 

they used the internet for less than 1 h and 

more than 5 h per day. Furthermore, results 

revealed that more than half (51.9%) of the 

respondents watched only one movie per 

month, while 35.6%, 8.9%, and 3.7% of them 
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Proposed Dimension Extracted Dimensions

Dimensions Items
Factor 
Loading

Cronbach’s
α

Transparency
(Trans)

The recommender system helps me understand why the items 
were recommended to me.

0.782

0.885

The recommender system gives me a chance to review my 
preferences.

0.798

The recommender system gives me more control in telling what 
I want. 

0.724

I understand why the movies were recommended to me. 0.781

Feedback
(FB)

The process provides an easy way to inform the system if I 
dislike/like the recommended item to get more refined ones.

0.797

0.802
The recommender system gives me a chance to update the outcome 
of the recommended items based from my preferences.

0.738

The recommender system provides an easy way for me to get 
a new set of recommendations.

0.801

Perceived 
Trust
(Trust)

I think I can have confidence in the promises that the recommender 
system makes.

0.770

0.899
I think that the recommender system has the necessary abilities 
to carry out its work.

0.791

I think that the recommender system knows its users well enough 
to offer them products and services adapted to their needs.

0.870

Perceived 
Value of 
Process
(PVP)

The task I had to complete provided a valuable means for capturing 
my preferences.

0.629

0.886
I think I had a lot of influence over the recommendation process. 0.719

This recommender system is worth using when trying to find 
a movie that suits to my tastes and preferences.

0.584

The process the system made me go through was worthwhile. 0.550

Perceived 
Enjoyment

(PE)

I had fun completing the whole process of getting a recommendation 
using this system. 

0.808

0.895Receiving a movie recommendation this way was enjoyable. 0.803

I expect that using mobile recommender system would be 
interesting.

0.743

Behavioral 
Intention
(IU)

I will use this recommender again. 0.669

0.953I will use this type of recommender frequently. 0.764

I prefer to use this type of recommender in the future. 0.755

<Table 4> The Results of Exploratory Factor Analysis

watched two or three movies, four or five 

movies, and more than six movies per month, 

respectively. Regarding recommender system 

experience, 82.2% of the respondents reported 

having no experience in using such a system.

The collected data sets were analyzed us-

ing exploratory factor analysis (EFA) to check 

the validity of each dimension, such as trans-

parency, feedback, perceived trust, perceived 

value of process, perceived enjoyment, and 

intention to reuse a recommender system as 

<Table 4>. The values of Cronbach’s α were 
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Construct
The number 
of Items

AVE
Construct 
Reliability

Cronbach’s α
Square root 
of AVE

Trans 4 0.745 0.921 0.885 0.863

FB 3 0.716 0.883 0.802 0.846

Trust 3 0.832 0.937 0.899 0.912

PVP 4 0.745 0.921 0.886 0.863

PE 3 0.827 0.935 0.895 0.909

IU 3 0.916 0.970 0.953 0.957

<Table 5> Results of Convergent Factor Analysis (CFA)

all greater than 0.7, indicating that each con-

struct had high consistency. This result was 

also demonstrated by the values of the factor 

loadings. Additionally, one question item in 

the survey failing to meet the standard was 

deleted to boost the overall validity of the 

questionnaire survey.

To identify convergent and discriminant 

validity, we conducted confirmatory factor 

analysis (CFA). Usually, convergent validity 

indicates the extent to which measures for a 

variable act as if they are measuring under-

lying theoretical constructs because they 

share variance [41]. To test convergent val-

idity among constructs and their items, we 

used averaged variance extracted (AVE), as 

suggested previously [19]. With these criteria, 

each construct must exceed the variance due 

to measurement error for that construct. As 

shown in <Table 5>, the AVE values for each 

construct were greater than 0.5, suggesting 

that the scales of the research model had con-

vergent validity. Additionally, the reliability 

of the scales was evaluated using the values 

of construct reliability, which demonstrated 

sufficient reliability, because all values were 

greater than 0.80 (range, 0.8830.970).

Discriminant validity indicates “the degree 

to which measures of two or more constructs 

are empirically distinct.” [1]. Discriminant val-

idity can be assessed by identifying that the 

AVE for each construct should be greater than 

the squared correlation between constructs. 

Thus, we conducted testing of discriminant 

validity using the square root of AVE, and 

it was found that the square roots of AVE 

of each construct were greater than the co-

efficients of each construct. According to Chin 

[8] and Compeau et al. [11], the square root 

of AVE should be greater than the variance 

shared among constructs and other constructs, 

which was the case in this study <Table 6>. 

In <Table 6>, elements shown on the diagonal 

in the matrix are the square root of the AVE. 

Thus, the constructs of the research model had 

discriminant validity.

Structural equation modeling (SEM) [9] 

was conducted using SmartPLS. <Figure 5>  

illustrates the explanatory power (R2) of each 

latent independent variable for the entire 

model, with perceived trust (0.249), perceived 

value of the process (0.341), perceived enjoy-
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Constructs FB IU PE PVP Trans Trust

FB 0.846          

IU 0.448 0.957        

PE 0.496 0.745 0.909      

PVP 0.474 0.756 0.624 0.863    

Trans 0.562 0.469 0.468 0.548 0.863  

Trust 0.388 0.575 0.433 0.707 0.478 0.912

<Table 6> Discriminant Validity Results

Transparency

Feedback
Enjoyment

Perceived
Value of Process

Trust

Intention to 
Use

0.381**
(6.240)

0.413**
(8.023)

0.276**
(4.683)

0.174*
(3.441)

0.242*
(4.875)

0.341**
(6.002)

0.088*
(2.766)

0.414**
(9.223)

0.381**
(6.240)

* p-value <0.01
** p-value <0.001

<Figure 5> Analysis Results

ment (0.299), and intention to reuse (0.698). 

Based on the results, the proposed model is 

acceptable. Both transparency and feedback 

significantly and positively influenced per-

ceived trust, perceived value of the process, 

and perceived enjoyment. The path co-

efficients of 0.381 (p < 0.01), 0.413 (p < 0.01), 

and 0.276 (p < 0.01), respectively, indicated 

that transparency directly impacts perceived 

trust, perceived value of the process, and per-

ceived enjoyment, supporting H1, H2, and H3. 

Furthermore, path coefficients of 0.174 (p < 

0.01), 0.242 (p < 0.01), and 0.341 (p < 0.01), 

respectively, indicate that feedback sig-

nificantly influenced perceived trust, per-

ceived value of the process, and perceived en-

joyment, confirming the propositions of H4, 

H5, and H6.

Similarly, the results revealed that perceived 

trust, perceived value of the process, and per-

ceived enjoyment significantly and directly in-

fluenced the intention of the user to reuse the 

recommender system, with path coefficients 

of 0.088 (p < 0.05), 0.414 (p < 0.01), and 0.449 

(p < 0.01) respectively. This also means that 

perceived trust, perceived value of the process, 

and perceived enjoyment positively affected the 

intention of the users to reuse the recommender 

system. Thus, hypotheses 7, 8, and 9 were con-

firmed and supported.

To examine the mediating effects of trust, 

perceived value of the process, and enjoyment 

between intention to reuse and transparency/ 

feedback, we used competition models, which 

were adopted from the method developed by 

Baron and Kenny [2]. The mediator test refers 

to a four-step method that attempts to examine 

mediating effects and proposes the following: 

(1) the independent variables (Transparency, 

Feedback) and the dependent variable (Intention 

to reuse) have significant relationships, (2) the 

independent variables (Transparency, Feedback) 
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Transparency

Feedback

Intention to Use

0.315**
(5.198)

0.278**
(4.733)

Transparency

Feedback

Intention to Use

0.380**
(5.840)

0.283**
(4.929)

Perceived
Trust

Perceived
Enjoyment

0.177**
(3.187)

0.337**
(5.566)

0.413**
(7.663)

0.242**
(4.500)

Transparency

Feedback Intention to Use

0.087*
(5.840)

0.414**
(8.655)

Feedback

0.451**
(10.264)

Perceived 
Enjoyment

Transparency

Intention to Use

0.089*
(2.791)

0.418**
(9.025)

Feedback

Perceived Value 
of Process

Perceived Trust

0.453*
(9.712)

-0.015
(0.383)

0.005
(0.130)

Competition Model  A

Competition Model  C

Competition Model  B

Competition Model  D

* p-value <0.01
** p-value <0.001

<Figure 6> Competition Models

and the mediators (Trust, Perceived value of 

the process, Enjoyment) have significant rela-

tionships, (3) the mediators (Trust, Perceived 

value of process, Enjoyment) and the dependent 

variable (Intention to reuse) have significant 

relationships, and (4) the combined independent 

variables and mediator reduce the direct effects 

of independent variables to dependent variables. 

Accordingly, when the direct effects of in-

dependent on dependent variables are sig-

nificant, the mediating effects are partially 

mediated. On the other hand, if no significant 

relationship exists between independent and 

dependent variables, their effects are fully 

mediated. <Figure 6> suggests that the test 

results of competition models A, B, and C satisfy 

conditions 1, 2, and 3. Furthermore, competition 

model D also satisfied condition 4 in that, by 

incorporating mediators of the independent 

variables, the direct effects of independent on 

dependent variables (Transparency → Intention 

to reuse, Feedback → Intention to reuse) be-

come insignificant. This result demonstrates 

that perceived trust, perceived value of the 

process, and perceived enjoyment fully mediate 

between the independent variables (Transpa-

rency, Feedback) and the dependent variable 

(Intention to reuse).

6. Discussion and Conclusions

In this study, we investigated the role of 

transparency and feedback on the behavioral 
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intention of the users to use/reuse a recom-

mender system. This research also identified 

other factors that induced users to use/reuse 

a recommender system. The results of the study 

showed that both transparency and feedback 

positively and significantly affected perceived 

trust, perceived value of the process, and per-

ceived enjoyment. The results demonstrated 

that both factors can be considered as external 

variables that influence user attitudes and in-

tentions in technology adoption.

Furthermore, we showed that perceived 

trust, perceived value of the process, and per-

ceived enjoyment positively and directly af-

fected user intentions to reuse a recommender 

system. Transparency most affected the per-

ceived value of the process, strengthening the 

proposition that the more the system proce-

dure is transparent to the user, the more the 

user will perceive the whole process and re-

sults to be valuable. The results also showed 

that feedback most influenced perceived en-

joyment, validating the proposition that the 

more control the user is given, the more the 

user will enjoy the experience of using the 

system.

This study has both academic and practical 

implications. First, we propose a new con-

ceptualization of transparency and feedback 

in recommender systems. In contrast to pre-

vious research, in this study, we used the 

combination of transparency and feedback to 

measure the effectiveness of recommender 

systems from the user’s perspective. The pa-

per deviates from the usual approach of seek-

ing more refined algorithms and suggests, in-

stead, that greater interaction, through trans-

parency and feedback, and a recommendation 

agent, has added value for users. Second, the 

current work constitutes a pioneering effort 

to study empirically the effects of the combi-

nation of transparency and feedback on user 

behavior. The research model offers new 

mechanisms through which transparency and 

feedback influence users’ behavioral inten-

tions to adopt a technology, such as a recom-

mender system. Finally, these results can 

guide system developers and online mer-

chants as to how recommender systems can 

be improved by developing a system that is 

more transparent and a technology that al-

lows the user to have more control. This will 

help to enhance the effectiveness of recom-

mender systems in the field of ecommerce. 

This study has some limitations. First, the 

study failed to consider that some users might 

be heavily tied to another recommender sys-

tem and that it might be difficult for them to 

move or change to another recommender sys-

tem, considering their past investment in an-

other service. For example, users may be un-

willing to use a new recommendation system 

because they have been actively using anoth-

er service where they have already stored 

personal information or where they have 

made many past ratings. Second, almost all 

respondents were limited to one age group 

and location, making it difficult to generalize 
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the results. Future research should examine 

a more diverse range of respondents to get 

a more generalizable result. Finally, the rec-

ommender system used in the study only of-

fered one specific product (movies). Future 

studies should use other products or a range 

of products that are appropriate to, and will 

catch the attention of, the respondents. 
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