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ABSTRACT

Personalized recommendations are generated by consideripgetheences of a target user and similar users.
Although explanabns of recommendationaffect theevaluations of personalized recommender systems (PRS),
PRSevaluations have focused primarily on the perceived accuracy and novelty of the recorgratgatithms.

The goal of this study is to examine the effectivenesssivfg social interaction factors (sefferencing and social
presence) to explain PRS. We developed six PRS for applicadpps) (onsmartphones by varying the level of
social presence and se#fferencing. We conducted Wilased experimenissingthes six types of PRSand we
then obtained participant evaluations of their social interactions and PRS. Our researclisnded&ned to
determine how social interactignsuch as social presence and -seférencing affect perceived accuracy and
novelty,and in turn how thesesffect satisfaction andntent topurchaseThe resultsobtaineddemonstratehat the
social context significantly increases the perceived accuracy and novelty of PRS. The results explain that perceived
accuracy and novelty positiyeinfluence user satisfactignand how satisfaction and perceived novel#ffect
purchase intentionin addition, we verify the effect afhediationon perceived accuracy, percet/@ovelty, and
satisfactionThus, by integrating PRS performance and sastalaction, this research contributesrtgoroving our
understanding dhesocial cognitive process related to user evaluation of PRS.

Keywords PersonalizedRecommenderSystems Social Presence Self-referencing Apps Perceived Accuracy
PerceivedNovelty

1. Introduction

The emergence of usbased Web services and personalization technologiealloaged many companies to
provide personalized content or services to ufldils and Troshani 201D and business intelligencfFoshayand
Kuziemsky 2014; McBde 2014. Userbased Web services and personalization technologiestoWeb services
and technologiethatemploypersonal user information. Rapid improvements in Yedbile facilities andservices
havesignificantlyincreased the variety of chogavailable tocustomersandhaveled to the development afvery
largenumber of mobile software programs calfe@p (application programs for PCs and mobile devisesh as
smartphones and tablgtsApps allow users to perform specific tasks onithgesktops and mobile devicés.g.,
iPads and Macintosbomputers For example, Apple OS X operates all programa@ss and manyMacintosh
(Mac) users search fapps in Webkbasedapp stores.

Several pps have beedevelopedFor example, Applé #\pp Store stocked more thamme million appsin
January 2015Gartner, 2013]Mostapp store sales araadein recreational categories, such as entertainment, social
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networking, and musid~aced withthe large amount ofontent available in many forms in artrelcompetitive
environment along with intense pricing pressure, wotli@ customers find it difficult tddentify and select
appropriate appfrom among themany similar onesthat areavailable[Herlocker et al. 2004 Gartner[2013
reported that annualownloads from mobilepp stores reached 102 billion in 2013, up from 64 billion in 2012
whereadotal revenue reached $26 billion in 2013, up from $18 billion in 28&2 Appendix )1 Therefore app
stores have had to deviseethods forassising custoners in their search for appropriaggpsthat satisfytheir needs.

Previous literature on recommender systdrasconsidered online contersuch as news and movies. However,
app markets have changed recently with the availability of more than one napjos) andit is difficult for
customerdo easily findsuitableapps on their mobile devices. App recommender systems are therefore important
because in thapp market contexthey can reduce customer search cost while yielding better search festikp
customers find suitablepps, personalized recommender syst¢RRS have been developgethus allowingthe
delivery of enhanced, customized information or products in resporidéetsearchegliang et al. 2007; Tarand
Ho 2005; Wangand Benbasat 2007 PRS determine and employ user preferenitesorder to generate
recommendations that hefuch userselectpersonallyhelpful and interestingtems[Benlian et al. 2012; Liang et
al. 2007; Tam and Ho 200Blerlocker et al. 2004 Their purposes to retain customers by making it less appealing
or attractive for them to switchand to facilitate customer searches for products or information [Shani and
Gunawardana 2011; Hess et al. 2009; Xiao and Benbasat FRS]arebased on the premise thatewsalready
exposed to relevant Web content seek less information and spend less time making d€tisicetsal. 204; Choi
et al. 2011; Tam and Ho 2005, 2006].

To this end,previous studieson recommender systentgve proposediarious predictive metricssuch as
accuracy, novelty, and varietwhichd i f f er fr om wus er s 6appreconareqmder gystems §Shanil uat i o
and Gunawardana 201Palanivel and Sivakumar 2018domavicius and Tuzhilin 2005; Herlocker et al. 2D04
Among those metrics, accuratyimportantin orderto ensure thatecommendedtems arethoseitems that users
want to find based on their preference. Neverthelass, stores cannately on theaccuracy measure alone to
evaluate recommender systerRslanivel and Sivakumar 20[L@se behaviorin terms ofchoice or purchasgoes
not always correlatéo high recommender accura¢licNee et al. 200R For example, most usemsight already
own a specificapp if thatapp is very famous amongsers In this case, the accuracy of a recomnesrglystem
might not be effective. Therefore, imprioig only the accuracyof PRSin orderto filter recommendations fahose
appswith which users are already familigg not sufficient

PRSnovelty is another important aspectdonsiderwhenlimiting irrelevant recommendations and prongl
new and worthwhile items to PRS users [Vargas 2011]. With novelty, PRS can dpldsghat arenew to users.

For this reason, this study focuses on accuracy and novelty because these are the most frequentlyutsedihmeas
assessing PRS [Shani and Gunawardana 2011].

However,the degree to which usevalue PRSremains unclearas doeshow they arrive at values, because
usersgenerallyreceive an explanation of how PRS arrive at their recommendations. Explara&dmportant
componerd of intelligent systems becauigey makesystemperformance transparent to users [Wang and Benbasat
2007]. PRS eplanations describe hothe recommendations were generated and provided to users. Therefore, an
explanation can transf&nowledge to users and help them make better decisions [Gregor and Benbasat 1999]. Choi
et al. [2011] also found th&RSexplanations improve user perception of how well systems perform. However,
there is still a lack of understandimgth regard tothe value of PRS tousers and howusersperceive valueln
particular understanding how customers arrive at their evaluations of PRS based on social interaction has been
studiedmuch lesghan evaluations based @orecasting metrig such as accuracy and mdty [Choi et al. 2011;
Hess et al. 2009; Wells et al. 2011].

The response to this gap by some studies has been to ptbpase of PRS for functional interfaces and
interactions between users asathod forhelping these users make their decisigBenlian et al. 2012; Komiak
and Benbasat 2006; Kumand Benbasat 2006; Liang et al. 2007; Waamgd Benbasat 2007 PRS can provide
social interfacesi.e., interfaces based on social interactions with others grtgalfistomers while considering user
basel featuredXiao andBenbasat, 2047 In contrast to researdhat investigatethe relationship between system
performance and user evaluatip6hoi et al. 201]l the effect of social interaction on PRS, explanation of
recommendations, and a list of useiith similar preferencelave notbeen evaluated:herefore, in his study,we
aim to examine the role of self and social interactions in the social cognitive process by identifyithghaiffect
user evaluation of PR8om the usemperspective When uses employ PRS to search foapps, they are usually
confrontedwith severalappsin the app store. Our study is unconcerned wikie designof app recommender
systemsinstead, we are interested in examining the impactisedfey characteristics @pp reommender systems.
The research questisof this studyareasfollows: First, how doesuser evaluation ofpp recommendationaffect
their decisioamakingin terms of perceived accuracy and noveityenpurchasing ap@sSecond how do the self
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and social mteraction characteristics of the recommendation system affect user evabfatie recommended
outcomegi.e., app recommendatio)d

To this end, we designeabp recommender systerttsat havevarying degrees of self and social interactjons
andwe usedthem to conduct our experiments. This study &rasnportant valudn verifying that technology does
not determine human actiprather,human action shapes technold&jjker et al. 1987] That is, human actiothat
is performedduring the selection angurchase of mobilepps determines the use gfp PRS and their desigim
orderto improve theperformance ofpp recommendation systems. This study also adds teléh&onic commerce
literature by examining the importance of effective smiid social riteraction interfaces in PR8uring user
evaluation In addition,in this study we propose measurement methods for ymEceived accuracy and novelty in
app recommender systemalthough previous studigsavefocused on improving PRS measyresch as mcision
and recall[Shani and Gunawardana 2011; Herlocker et al. RO@é measured perceived PRS performance
(perceived accuracy and novelty) based on-dspendenPRS evaluationThe findingsof this study can be used in
the design of future PRS andetihanagement @pp stores

2. Conceptual Background
2.1. Social Cognitive Process PRSUse
The social cognitive processfers toinformation processingith regard toall personsjncluding the self, and
the norms and procedures of the social w¢Bdndural986; Khang et al. 20]120ne component of the social
cognitive process includebe perception of other people. Maagp storeuses might employinformation from any
number of sensory channeilshen processg social cuesin order to understand others lmgse they are
overwhelmed by the sheer volumeapfpsthrough whichthey must sortTo improvethe search processuch users
mightturn to Web technologies to direct them to appropriate products. For examplapigdgneview the opinion
of other userspr employ search engines and PRS. These aaasbe categorized or labeled in order to extract
psychological meaning. In this studywe definethe social cognitive process #w behavioral intention of users
formed through outcome expectancy.
The other omponent of the social cognitive process is the self, which is a social object that needs to be
understoodKhang et al. 2012 The selfcanserve as a cognitive filter through which other people are perceived.
Even when users know whi@pps match theirnterests and needs, theyght still fail to make sound decisions.
This is because customers tend to make purchases based on choices made under previous and similar
circumstancegbecause of repetitive learningelated to specific environmental corndits, personal factors such as
motivation, and past behavipBandura 198p6 The environmentanaffect agivenus er 6 s subconsci ous
but specificsituationscanaffect his or her thought, behavior, and personal perception of aspects of theraawiron
such as time, activity, and pla¢gBandura 19861997. This reciprocal determinism results in customerth
different expectations each time they make a purchase.
Thus, environmental influencesuch as social pressure, unique situations, cognigiffects, personality,
behavior, and other personal factors interact to influence each[GthempeauvandHiggins 1995b; Compeau et al.
1999. In particular, many customers choose Web corteattisbased on observational learning, which decreases
their trial-anderror purchasing processg®andura 19861997. When customers encounter favorable reviews of
products or servicepostedby ot her customer s, they evaluate the rec
similarity to themselves and their personadfprencegLili, 2015; Benlian et al. 2012; Choi et al. 2011; Hess et al.
2009.
Outcome expectation is an important ingredient of user evaluati®R8fquality anduser satisfaction with
PRS in the social cognitive proceg8andura 1986 Recommenderystems that provide users with social
interactionsare reportedly more usdriendly andincreaseuser comfortievels[Choi et al. 201]L A userbds <cho
related to the use of PRE reinforced by outcome expectations; these expectations comprise pexderman
attainment and vicarious experienfBandura 199J Performance attainment i s b a:
experience in a similar situation (i.e., sedferencing), and vicarious experience is based on his or her observations
of other people in a simitasituation (i.e.social presence). Thughe outcome expectation for users can be formed
fromtheu s er s 6 o waandsiknfae expeeensmieothersobtainedby performance attainment and vicarious
experienceQutcome expectation plays animportanb | e i n expl ai nagpps.,g a userds choic
User outcome expectations of PRS increase the usefulness of recommendations andusepparehasing
behavior[Venkatesh et al. 2003This way,app customersendto preferapp stores that offer vast selexts, the
ability to sort and screemnd information usedfor evaluatiy alternatives and reliabijit Because PRS generate
outcomes for users based on their preferences and those of similaitusansportant todetermire the effects of
PRS social ineractions in terms of understanding how users arrive at their evaluation ofBAR&I onsocial
cognitive theoryanoutcome expectation consistsagferformance outcome (modeling franprevious experience)
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and vicarious experience (modeling from otherBhus, wecorsider two concepts, selfeferencing and social
presence, which are formed by PRS
2.2, Mobile Recommender Systems wibelf andSociallnterfaces

Previous PRS studies hafecused ortwo perspectives, such as improving PRS algorithms and ekavior,
and include discussionn PRS. PRS have been developed based on a variety of algorithms, data handling, and
predictive techniques [Herlocker et al. 2008¥.these algorithmsollaborativefiltering (CF) develops its targeted
recommendationdy consideing the preferences of the user and/or similar users [Herlocker et al. 2004]. CF
algorithms have been developed in various ways based on lil§ u s econéestbasedv(ne., itero-item)
preferences [Shani and Gunawardana 2011], (2) the pnefsyeof other users (i.e., uderuser) [Shani and
Gunawardana, 2011; Lee and Park 2007], and (3) hybrids [Burke 2002]. These CF algorithms are widely used
(Liang et al. 2007) because they are generally accurate. Most shatiesm todevise recommendon algorithms
focus on increasing their accuracy by measuring the accuracy of their predictions against the actual preferences of
customers [Herlocker et al. 2004].

However,self-interactionhas not been considerad another type of interactigie., ®lIf-referencing, although
social presence has been considered an important element in terms of social interaction [Choi et al. 2011; Hess et al.
2009]. Recommender systenmagnployed torecommendappsneed to consider user self and social interactions with
PRS. App store users need to make the effbaearcing for properapps. With more thawne million available
apps improved search performance and bettecisiormakingareimportant to customerd.o this endapp stores
havealreadyinstalledfunctiors related to self and social interaction environmémirderto help customerfnd
and selectpps.

Self and social interactions refer to a particular formmedérencecommunication (e.gself, family, neighbor,
and friends) that affed individual preference[Hill and Troshani 2010]. Several companies, including Amazon,

Net fl i x, and Genius on Applebdbs App Stor e, di splay the
ARecommended because you pur chasseacheffonts, PR&dt sedksglf.addo | n ad
social interactions can deliver more detailed information about the sources of recommenbdatians madeand

this information affects customelecisionmakingwhen consideringnd choosingrom among the recommeed

items [Benlian et al. 2012; Choi et al. 2011; Hess et al. 2009; Pu and Ch@nRus, customers purchase more

items and evaluate them more highihen they receivepersonalized recommendatioeempared withnon

personalized recommendations [Pu ami€20.0; Tam and Ho 20052006].

From this perspective, customearsnsiderinteraction interfaces when evaluatiagp recommender systems
[Benlian et al. 2012; Kumar and Benbasat 2006], and these interfaces are associateslsafisfactiorlevelsand
usefulness of the recommended outcomes [Wang and Benl
preferenceor that of other users, PRS have the abildfy providing userswith more information that explains a
recommendation. For example, if app recommender system uses a CF algorithm, it can list wgdrssimilar
preferences as an explanation for its recommendations. Thusglttend social interaction features of PRS can
enhance customer evaluation of PRS in ternthaif usefulness and safaction [Xiao and Benbas&011].

3. Conceptual Framework and Research Model

Self and social interactions (i,eselfreferencing and social preference) can elaborate on the recommended
information received fronapp recommender systems. When users arévatetl andcan pay attention, they bring
logical and conscious thinking the decisionmakingprocess This can lead to attitude changes as users adopt and
elaborate on PRS recommendations.

In addition to being based on accurate algorithms, PRS shousitlerself and social interaction interfaces that
elaborate on their recommendations becalissimilarity of perceived decision processes increases user perception
of the usefulness of the information. PRS that incorporate self and social interaatidtisat elaborate on their
recommendationsre more likely to persuade a user to make an additional purchase from among the recommended
apps. Therefore, weproposea conceptual framework based on the social cognitive prd&=sdura 198p (see
Figurel).
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Figure 1:ConceptuaFramework

Self and social interactions are defined as particular formefefencecommunicationthat affect individual
preference on PRS (i.e., informational and normative social interaction). With the two cosicpptformane
outcome (i.e.self-references) and vicarious experience (i.e., references from other people), individuals interact with
PRS that can permithe generation of recommendations aethodsfor achieving self-referencing and social
presence. When useasbtain recommendations from PRS based on their historical referenad¥RS can improve
the performance outcome for users. If PRS deliver recommendations batted pyaference afisers and similar
personssuchuserscanimprove their vicarious experiencasing PRS.

As described in Appendix 2, outcome expectation canefsa performance outcome (modeling from previous
experience) and vicarious experience (modeling from othertlei social cognitive procefBandura 198p Thus
there can be two typed social interface, i.e., seFRSself and seHPRSother usersSel-PRSself means that the
system provides an interfaggth which a user can interact withis/heself through hifher previous rating data
whereassel-PRSothers means that the systpnovides an interfaceith whicha user can interact with other users
throughtheot her user sd& pr ePREslfuses histotical dega dnarata recongreehdétion results
for individual user preferencesand provides a reasdor which PRS recommend results based e u s er 6 s
historical preferenced.histype of PRS useitem-to-item algorithms based dheuses histoiical data.Thus self-
referencing recommender systems interact witlsed past préerences and generadpp recommenationsfor the
useb preferenceFor example, when searching for mokdfgps, users expect to receive accurate results from PRS
based on their past preferences (i.e.,-igdfraction in terms of seleference:self-PRSself interaction). After
considemgauser 6 s past -bgsedatéraction with @RS psoeidedood quality items to usersThe
resultspresentecare in support of an advocadyom a person's careful and thoughtful consideration of the true
merits of the informationin particular the developnent ofa personal messagleat isrelevant to them increases
user motivatiorfor beng attentive to personal messages or informatg8atf-PRSself leads to selfeferencing. On
the other handself-PRSothers makes recommendationsing the preferences obther by combining individual
user preferences. Therefore, users feel a social presence whenimgaeivecommendation based self-PRS
others.

Self and social interaction in PRS can be understood in terms of how an individual is irdlbgribe behavior
of otherswith similar preferencesand also by systems that reference his or her preferencesasidersimilar
users[Venkateshand Brown 200]. According tothe sociatinteraction theory, social interaction should consider
two interations: informational and normativibeutschand Gerard 195h In this study, informational social
interaction refers tahe influence of acceping as evidence informatiothat has beermbtained from another
comparative source. When usemploy PRS to seah for apps, they expect to receiieom PRS accurate
recommendations that reflect their preferences. In this study, normative social interaction réfensfiioence of
conforning to the expectations of another person or group. When users conforonntative social interaction,
they feelthatthe group is more important and consider the opinions of similar users. Users tend to be more open to
PRSrecommendations when thepp recommendations reflect the preferences of similar users. In short, dlif usua
generates recommendationsing methodghat are conterAvased and uséo-userbased.When comparing CF
methods, two social interactioby PRS social presence and seffferencing, can cexist because of differences in
the wayin which CF forms itsrecommendationfBurnkrantandUnnava 199h SelfPRSself generates results only
byconsidering a user hadditon sif-PRSothera conspersedtherrpeferenees vitie
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us er 6 sln particolar self-PRSself interactions mearthat PRS use historical preferences based on self
experiences after users provide geformation. ThenPRS considetheu s er 6 s

algorithms in our study can reflect differanethods forconsidering social presencelf-PRSself by itemto-item
CF), selfreferencing gelf-PRSothers based on ust&s-user based CF), and hybrid (sedferencingand social

presence based on itemritem and useto-user CFs).In order b identify two social interaction factors (self

referencing and social presence), we manipulate-teitem (selfreference) and us¢o-user (social presenceds
described in Table 2. Thuag verify the manipulation of our experiment settings

After interactingwith PRS fom recommendations that ardfseferencing and exhibit social presence, PRS

s e | -feferantidg. Three m

elaborate on their recommendatiathsough their perceived accuracy and novelty. These are determined by the
methods used to develop recommendations (threthodsin the case of CF). Thus, elaboration refergpaying
attention tg and comprehendinghe recommendeBRSresults. When PRS present detailed information related to

their recommendat.i
decision[Choi et al. 201]L By incorporating perceived interactigraich as selfeferencing and social presence,

ons, t he enriched infor mat.

PRS can deliveto usersnrichedapp recommendations that increase their satisfaction with PRS.

Our study focuses on an examination of how user evaluatiappofecommendations affect user satisfaction

on

and purchase decisions. Over the course of the process, there will be user evaluation and pesssiasiamin

Figure 2. Persuasion means the modification of a private attitude or belief as the result of re@R8ng

el

sel f

abol

recommendations. This elaboration by PRS persuades users to purchase the recommended items. The research
modelthat incorporateself-referencing and social presence is shown imifeg.

In this study we consider twoparametergor PRS performancedsed on user perceptions: perceived accuracy
and novelty. These measurements differ from predictions of accuracy and novelty for systgerseral PRS
performancas tested by calculatinthe error rategpresenin therecommendations. According fGha et al. 201],

user perceptioms importantin orderfor users to evaluate recommender systams$the ratability of predicting
metrics for PRS. Thusa consideation of user psychological measures agp recommender systems can better
influenceapp-purchasedecisioamaking Therefore, because of the usentric context of this study, we focus on
the psychological assessments made by users of recommender ss{gemiscular, the prceived novelty satisfies

systemusers and increases unplanned buyingpps when PRS report the availability of items previously unknown

to users. In addition tthe perceived accuracy, this performance of novel recommendations is importapfor

recommender systems.

Self and Social

: Elaboration
Interaction
i Self i H1 ' | Perceived H5 - o :
i : » Satisfaction '
! reference ' H accuracy H
: N H2 ; H7 :
: i i HO :
5 i ! i Persuasion
5 3 : 1H6 . y i
' Social presenc ! A Perceived ' : N Purchase !
: P 1 H4 | novelty 'H8 + | intention ;
i ———— i I — :
Figure 2: ResearctModel
3.1 SelfReferencing and SodiBresence

Customers who use PRS to identify products related to their interests bagRiBeiraluations on their perception
of the usefulness of these topBobbitt and Dabholkar 200]L. When the systemproposegersonalized information

that incorporates usdrased stimuli, its usenmnight feel asthoughthe system héfiread their mindd Customer
cognitiondepends on a specific context, such as the purchase of goods or use of services. Thus, on the Web, users
need to be mindful of contextual cumsdtheir experiencefzhu et al. 201D

Selfreferencing refers to the cognitive processesed by individuals to understand incoming PRS
recommendations that pertain to them by comnmgesiich recommendationte selfrelevant information stored in

memory[Benlian et al. 2012; Compeau et al. 1P9eople often make decisions based on personal memories of
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certain meaningful experiencésleyersLevy and Peracchio 1996 Thus, seHreferencing is induced by giving

users tasks in which they relate words or statements to aspects of themselves. PRS on the Web provide customers
with meaningful seireferencing as part of their effarto create elaborated recommendations and improve customer
evaluation of the PREKumarandBenbasat 20Q06r'amandHo 200§. Many stulies have described seferencing

as having beneficial effects in delivering information to u$&isi et al. 201p Selfreferencing can make users

who want to find valuable information receive accurate information based on their prefefBobégtt and

Dabholkar 2001FishbeinandAjzen 1975. This explains why selfeferencing in PRS can increase their usefulness

and the likelihoodf customerdo follow their recommendatiorfita et al. 1993

Previous studies related to PRShani and Gunavardana 201J1 have proposedthat welldeveloped
recommendation algorithms increabe accuracy and noveltgf PRS and ultimatéy, the results with customers.
Individuals recognizéhe perceived accuracy and novettyPRS when PRS provide recommendadithat consider
the preferences of theser or othes. Althoughthe generation ofappropriaterecommendations is important in the
operation of PRS algorithms, users place a high value on accuracy and novelty as they percdiShahiemd
Gunawardana 20]11Perceived accuracy represents the extent to which predicted preferentbe eausdt o me r s 6
actual preferences correspond with one another. This valuation is becausarasgenerallyunaware ofthe
algorithmthatis used and are more interested in the accuracy of the recommendations. Thefrseifing can
improve the perceived aegracy ofapp recommender systems and cause customers to evaluate them more positively.
This way, seHreferencing can be an effectiveethod forfosteiing a positive attitude toward recommendations and
PRS.Thus, seHreferencing increases perceivactuacy. Therefore, our hypothesis with regard to selerencing
is as follows:

H1: Selfreferencing in PRS has a positive effect on perceived accuracy.

Providing recommendation® userson new products or services indicates novelty or serendipity from the
perspective of userfShani and Gunawardana 2011 Perceived noveltyefers tothe uses 6 f eoe PRSn g
performance when they learn of previously unknown items because PRS delivered nove]Sitamsand
Gunawardana 20]1According to studies related to the CF algorithm, personalized recommendations with self
referencing should help users deter mi nlélerlickeeaval.2304 0 and
Shaniand Gunawardana 20]11When users experience sedferencing that promotes elaborate PRS processing of
to-beremembered seihformation, selfreferencingcan promote user cognition fdts perceived novelty with the

recommended resultshTat i s, PRS can check an i n-cferencitbuBy theckimger 6 s hi
historical data, recommendation systems can find items that a usempbs/edbeforeandhis or her preferences.
Based on this information, recommendationteys can detect items thagreewe | |  wi t h t he,butser 6s p

which have not beepreviouslyused or recommended to the person (using the-tibeitem-based CF algorithm).
When PRS deliver items to users, recommendation systems tend to reconithendhavel or accurate items.
Recommendations can be made basedheu s er s 6 prhe witowud caél fdat a antde si mil a
recommendtion of repetitive and restricted itenmnharmtheu s er s 6 moemplay thém. Useranigiot
percéve greater novelty for PRS when thesceiverecommendations of novel items along with explanations of
self-referencing.For this reason, PRS can recommend novel items based erfeedincingln many cases, users
will not report all rating scores forllathe items they have used previously. Therefasimply improving the
accuracy of PRS is not sufficiefdr filtering therecommendations of items already known to u$8tsaniand
Gunawardana 2011The novelty of PRS is importafidr limiting irrelevant recommendations and naiify users
of new and worthwhile items. Thus, usean feel good about the pereeid novelty of PRS when they use PRS
based on selfeferencing Self-referenced recommendatioae based otheus er sé prior rating re
items,and arenot a record of their surfing. Although useansearch forappswith PRS,the recommende items
are generated frotheu s er s 6 r at ed pr ef e-reierencedl redommendatiodstcanrpm\ide users s e | |
with novel apps about whichthey were previously unaware. Thiselfreferencing increases perceived novelty.
Therefore, our hypotheswith regard toself-referencing is as follows:

H2: Seltreferencing in PRS has a positive effect on perceived novelty.

Severaklements on the Wetanhelp users decide what items to buy. When users interact with other people on
the Web, social presen@an play a role. Social presence represents the paheafutcome expectation that
influences users to consider the opinions of others with similar intgi@sfen and Straub 2004 Kumar and
Benbasat 2006 Recommendations that elaborate on the informatiabthey contain and also incorporate social
presence ar e i mp o fChaetal 201hFutthermares the sindadty betiveem amother person and
the self tendsto make the other party more attractildboud and Mendelson 1996 When users want to make a
choice, social presence can create a context of electronic interd@iuriset al. 2011HassaneirandHead, 2006
Karahannaand Limayem 2000. This study defines social presenas the extent to which a psychological
connection is formed between PRS and its ufeawvlouand Gefen 2004 In this paper, social presence is not
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related totheu s e r s logrow® sudhas friends. Instead is provided by suggesting other usevih similar

tastes and their preferences for items. For instance, if users receapp aacommendation and knothat the

outcome is based dhe preference of similar users,eth are more likely to evaluate the outcome more positively
andalsomore likely topurchasehe recommendegpps.Therefore,e c i a | presence a-fndkiegct s a u:
in the form of external stimuli that serve as cli¢smar and Benbasat 2006TamandHo 2005 Zhu et al. 201D

Because PRS that use CF are basetherpreferences of similar users, P& affect a heightened awareness of

social presengewhich increases the perceived accuracy of HR$r et al. 200]. Recommendations based on

similar userghat alsoexplain their procedures as a reflection of the experiences of similar users can increase their

target customer perception of their accurpCloi et al. 201]L

H3: Social presence in PRS has pasteffects on perceived accuracy.

According to social cognition studighge perception of otheraakes individuals elaborate on informatidhi et
al. 2015;Khang et al. 2012 Social presence stimulates searching by users, allowing them to obtain information
about many new and unexpected products. When individealsive novel recommendations through social
presence, perceived novelty is increasetiefinformation is new to themi\s described in previous studip&/ang
andBenbasat 20J7 PRS caremploy the preference scoresathersusers which includethe recommendations of
other userswhenproviding many usefudpps while decreasintpe newu s er s 6 search efforts. Tt
presence of PRS can delivapps tailored more accurately to users, but they are less helpful if the users are already
aware of the suggestapps. Thus, PRS filtethoseitems that users have already ratedt@mhich they have
previously beemxposedItemsthat are excludettom one usefor these reasorshould be considered for different
users with similar user preferences. When PRS deliver rapgedto users,the novel recommendations @pps
should also include information for similar users becausedtn enhance the target user s¢
through their recognition that the items are unexpected and reflect the preferences of simildhrmagh. the use
of PRS based on similar user preferences, userseeceiveapp recommendatiorthatarenew to thenandderived
from the actions of similar users. Therefore, users per@peecommender systemsth a high level of social
presence aseingmore novel.

H4: Social presence in PRS has a positive effect on perceived novelty.

3.2 System Perforiance of Personalized Recommender Systems

Previous studies havyaroposedthat improved (in terms of accuracy) recommender systamsncrease the
quality of recommendationgand consequently, user satisfaction with user adoption of[RRRatour et al. 208;
WangandBenbasat 2007 Among the many measures for evaluating recommender systems, accuracy and novelty
are the two most usef{iLiang et al. 200 Studies have also suggested that user satisfaction increases when users
perceive a recommender systess being accurate[Al-Natour et al. 2008; Liang et al. 2Q07Therefore,
recommendations based on similar users that also explain that their procedures reflect the experiences of similar
users can raise the sense of perceived accuracy among target caistoiedncreasng user satisfaction with PRS
[Choi et al. 201]L

H5: Perceived accuracy has a positive effect on user satisfaction with target PRS.

Another feature of PRS is perceived novelshich represents the evaluation of recommendations for items
about whichthe users were not awarf&hani and Gunawardana 20]1 Users might want to experience
recommended items that are releyantaddition tothose they have ngireviously seen or experienced hus,
perceived novelty needs to be considered as@if in user evaluation of recommender systgfosissand Saerens
200§. Users who receiveovel messages tend to adopt the recommendations more[8ftani and Gunawardana
2017. For examplepsers who receiva novel recommendatiorcan besatisfied wih the itemsaboutwhich they
were not awareUser satisfaction does not always correlate with high recommender acfiMicdge et al. 2002
For example, most usemsight already own a specifigpp if thatapp is verypopularamong userslherefore, i this
case, the accuracy of a recommender systegit not be effectiveand simplyimproving the accuracyof PRS is
not sufficientfor filtering therecommendations fappswith which users are already familiaFhe novelty of PRS
is another important aspefor controling irrelevant recommendations and prdaglnew and worthwhile items to
PRSusers[Vargas 201].L With novelty, PRS can delivapps about whichusers are unawar&hus, considering
both the accuracy and novelty foapp recommender systems sk increase user satisfaction and the level of
purchase intention for the recommendggps. Thus, novel recommendatiorean help users develop positive
feelings about the recommender systems, atite perceived noveltycan improve user satisfaction with BR
[Herlocker et al. 2004

H6: Perceived novelty has a positive effect on user satisfaction with the target PRS.

PRS users can obtain accurate recommendations related to their interests using recommender systems. PRS that
provide accurate recommendationgk® users more inclined to purchase the recommended items because the
recommendations match their ne¢tierlocker et al. 2004 In addition,accurate items related to user preferences
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stimulate the formation of motivation of user intention to purchaseeRed accuracy fostesstrusting beliefand
positive assessment toward a recommender system if its recommendations match user preferences, and such
matching also increasdiseir intention to use PREChoi et al. 200R This way, perceived accuracy inflnces user
intention to purchaséhe items recommended by PRS. Novel recommendatiamsalso help users reduce their
efforts to search for new items. PR8an predict user desire in finding something new, and the novel
recommendationshat they delivercanincrease user intention to purchase those itgfieslocker et al. 2004
Regardless of user satisfaction with PRS, perceived novelty can increapeobfadbility of impulsive buying
becausehe purchase intentiomight increase if customers encounter ymested and novel iten#\delaar et al.
2003; Hausman 2000

H7: Perceived accuracy has a positive effect on purchase intention.

H8: Perceived novelty has a positive effect on purchase intention.

Satisfaction is known to be an important determinant of akiéudes andit is an especially critical factor for
products or services sold in Web stofesngandTam 2006; Lee et al. 20D7There are many aspects afstomer
satisfactionand many companies want to incredésé# is clear that highly satisfamty PRScani ncr ease t heir
intention to purchasf.ee et al. 200 Therefore,a i ndi vi dual 6s satisfaction with
or her intention to make a transaction based omghegecommendation.

H9: User satisfaction with targt PRS has a positive effect on purchase intention.

4. Research Methodology
4.1. Data Collection

Userbased information, such as social interaction, is very important to user evaluation of PRS and for
purchases of the items they recommé¢Ndkatsuand Benbasat 203]. However, there is no universally accepted
methodfor measuing user perception related to recommendations. This study aims to identify the effaet of
customersd perceived accuracy an dappstorough RRS thappliesttwoe i r a't
types of social interfacend in this study, this ieflected as social interactidrased influences (i.e., social presence
and selfreferencing) We employedipps and descriptions from Podgate (www.podgate.com), an online community
in Souh Koreafocused orsmartphoneapps. We selected the top 80ps, as ranked by Apple Apiore, for our
experiments. We also used customer reviews for the selepigsl from www.podgate.com. We conducted
experiments with members of Web communitiessfoarphones.

In the early stages, we obtained preferences for thapp® from 50 early raterim orderto obtainthe basic
preference data for all tha@pps, as shown in Fige 3. In general PRS performance is reliable wharspecific
numberof preferences f@ve 30to 35 preference data3 collected [Lee and Park 2007; Herlocker et al. 2004].
These 50 early raters were then excluded from participation in the main experiment. After the prefereneeedata w
collected the participants in the main experiment n@easked for their own preferences among2@s because CF
al gorithms generate recommendations based ,oronthistoe si mi
her own ratingsCFsgenerateecommendationthat considethe preference sitarities ofuses for the suggested
apps(i.e., social presence)Resnick et al., 1994 In thisresearchwe employuserto-userCF in orderto identify
users with similar taste3his method calculatethe similarities between usetsy employingPearsorcorrelations

; _Cov(i,j) _ %(Sk_ S)(SW 31)

L A 6s)

based on , Where Sii_is the rating value of customérfor product J "i is the correlation

coefficient between customefsand J , and S is the average preference score of customémlike CF, content
based filtering is @elfreferencing method for generatisgnilar products or services by comparing usexfifas
and product informatignsuch agproductdescriptions and features. Hybrid approaches combine collaborative and
contentbased filtering, either in parallel fashion to calculate prediction values or sequentially, in stages, to increase
recommendatiorperformance[Cheoh and Lee, 2008Each recommender algorithm examined for each group
differs in itscapabilityto generate recommendations with enriched information interfaces.

The mrticipants in the main experiment were randomly assigned to one gfaips when they entered a
starting page. These preference data from the main participants and the early raters were used to generate
personalized recommendations. The main participants received and evaluated five recommendations based on their
preferencesfter evaluating 20 items. Finallthe participants in each group were asked to complete-géskd
guestionnaires.
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Preferences rated for 50 apps

by rators who did not Rating preferences for 50
participate in the main apps by rators
experiments

Obtaining user Rating preferences for 20

references v q
p apps by participants
v
Based on preferences
from rators and Recommending five apps

participants

A 4

User evaluation for the
recommender system

Figure3: DataCollection Procedure

We designedis types of experimental pages that providgg recommendations in six different wayshis
was doneto determine the differential effects of social presence andrefeliencing on PRS, aadicatedin
Tablel. In order b identify two sociainteraction factors (selfeferencing and social presence), we manipulated
item-to-item (selfreference) and useo-user (social presences described in Table Because CF algorithms have
characteristics fothese factorsThus,we verifiedthe manipulation of our experiment settingée usedheitem-to-
item CF to generategpp recommendations i@roups A (Appendix 3) and B based treus er s 6 ewes pr e f
betweenapps[Sarwar et al. 2001 With each recommendation for Group B, we provided an explanation for the
recommendation, similar tahat is provided on Amazon.cofitinden et al. 200B Theefore, Group B was
considered to be a selferencing group with PRS (Appendix 4).

We assignedsroups C and D as sociptesence group@and employeduserto-user CFin orderto provide
recommendations (Sarwar et al. 2001). To increase social presemcgrowded similar user lists and made
recommendations based on useuser CF, asxplainedin Appendices 5 and 7. Finallyye useda hybrid
algorithm of both useto-user and itento-item CF to generate recommendations@ooups E and fBurke 2002.
Hybrid CF mixedthe self-referencing in Group B and social presence in Group D with the resitdmedfrom
hybrid recommendationd’he PRS in Appendix 7id not suggestexplanations for recommendations. Thtise
participants in Group F were exposed tplanationghat originatedrom both selreferencing and social presence,
as explainedin Appendix 8. Groups B, D, and F explaihthe reasons for recommendations based on how they
generatd therecommendations, where@soups A, C, and E did ngirovidea reason for their recommendations.
Choi et al.[201] investigated the different effects between PRS with and without explanations. Their results
suggestedhat PRS with explanations affect user behavior more than those without explanations. TheRR®re, P
without explanations were not considered in this study.

After the participants evaluated these recommendations, they completedbd¥etd surveys.The
guestionnaires were composed of 29 items wihienpoint Likert scales. The measurement scales weaptad
from previous studies, a&xplainedin Appendix 9.In particular our survey itemsor self-referencing are related to

PRS performance. Selfef erencing is related to fiRelevanceo (infor
informationretrieval system retriewetopically relevant results. When useeseiverecommendations, they feiblat
self-referenced recommendatioaset he results of PRS performance. I'n the
ratedapp _ -ceference cue. Thebote,fthe user respondedo the selfreferencing of PRS

performance. We adopted douttdack translation methods translate Korean survey items into English and then to
Korean. Thus we correctly managed the survey itemsAppendix 10 explainsthe selfreferencemeasure in
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comparison withthe original study. Two information system (IS) researchers and one marketing researcher reviewed
the survey instrument. It was then reviewed for ambiguity by a focus group of six usgns fcommendation
systems.

Table 1: SixExperimentalGroups: SeHreferencingand Social Presence

Group | Recommendation algorithm Recommendation results

A Item-to-item collaborative filtering - Provideapp recommendations
- Provideapp recommendations
B . .

- Reasons for recommendations (gefierencing)

C Userto-user collaborative filtering - Provideapp recommendations
D

Item-to-item collaborative filtering

- Provideapp recommendations

Userto-user collaborative filterin . . o
9 - Reasons for recommendations (social presence, simila)use

Hybrid: Userto-useranditem-to-item
collaborative filtering

Hybrid: Userto-useranditem-to-item | - Provideapp recommendations

collaborative filtering - Reasons for recommendations (social presence aneaincing)

E - Provideapp recommendations

F

4.2. Demographics

We recruited 156 participants from communities of smartphone users in Korea who had used more than one app
from app stores. In particulave collected most samples from teandadults between the ages2afiand39 years
Accordingto the CFI group reportalmost allteers andadults between the ages 2 and 39 yearsuse mobilen-
storeapps[CFI Group, 2014Neilsen, 2011]Most notably, this study focuses on mobile recommender systems for
app use. According to Neilsen [2011], dkoid users between the ages of 25 and 34 are the most active on
Facebookds apps in their mobile devices (81%), foll owe
users between 35 and 44 years (77%). In conclusion, our samples for app redemsystems are mainly teens
and adults between the ages of 20 and 39 years to satisfy the purpose of our research, although older individuals can
also use recommender systems

Table2: ParticipantDemographics

Group n (%) Age n (%) Number of Appspurchased

A 25 (16.0) Below 19 21 (13.5) n (%)

B 24 (15.4) 20-24 58 (37.2) 0 39 (25.0)

C 26 (16.7) 2529 50 (32.1) 1 14 (9.0)

D 25 (16.0) 30-34 20 (12.8) 2-3 23 (14.7)

E 25 (16.0) 3539 3(1.9) 4-5 13 (8.3)

F 31 (19.9) 40-44 1(0.6) 6-8 10 (6.4)
4549 2(1.3) Above 9 57 (36.5)
Above 50 1 (0.6)

Usedapp category n (%) n (%) n (%)

e-Books 29 (18.6) Medical 4 (2.6) Sports 14 (9.0)

Business 34 (21.8) Music 74 (47.4) Travel 16 (10.3)

Education 38 (24.4) News 39 (25.0) Utilities 46 (43.8)

Entertainment 117 (75.0) Weather 36 (23.1)

Finance 3(1.9 Photo 43 (27.6) Gender n (%)

Lifestyle 56 (35.9) Reference 39 (25.0) Male 109 (69.9)

I;e'glthcare 22 (14.1) Social _ 114 (73.1) Female 47 (30.1)

itness networking

Table 2lists the demogaphic information of the participant§he ages of lmost all of the responderstrange
from teers to 34years According to Flurry's latest pdsteenage groupsftenplay free gameand searclor them,
andthose in the group d?5 to 34 years ofage payfor apps.Younger players are the primary users of freemium
games, downloading and playing more games than anyoneHals@ver,the 25-34 age groupwhich isin the
middle of the demographicmainly pays for freemium gamed-lurry commented a®llows: A Sur e, t hey' re p
their share of the games, but freemium titles are almost completely funded by that stripe of the age demographic.
And when you consider that the average freemium title only really pullpprpurchases from a small percentage of
tsaudi ence anyway, that age gr oupsthatthe @38%age geoupechasmorer e i mp

L http://flurrymobile.tumblr.com/post/113370692935/moklieemiumgamesgeny-playsbutgenx-pays
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money but not as much free time as the younger audience, and thus are wipiagfto items that help them in the
game. hus we contend thah our experiments, thespoises of the teeto-34 age group are especially important.

We gave US $10 gift card® use inApple App Store as a reward to a randomly selected 10% of the

participants. We described the features of PRS and our experiments partitipants. Most of the experiment
participants (69.9%) were male because we recruited participants from online comnmatlziteg tosmartphones,
mobile devices, anllac user groups. These online communities are largefgposed omales seeking infonation
on electronics. In addition, most participants (69.3%)ged in age from 20 to 29 yea®ver 35% of the
participants had purchased more than mipes within thepreviousmonth andthe most frequently purchasepps
were in entertainment, socia¢tworking, and music.

5. Data Analysis and Results
5.1. Instrument Validation

For instrument validation, we first conducted exploratory factor analysis. Three items were excluded from

satisfaction(SAT1, SAT4, and SAT6) because of low factor loading and damdings. We then conducted
confirmatory factor analysis (CFA) using partial least squéPeS) and SmartPLS 2[Ringle et al. 200%. The
convergent validity is the extent to which variable measures ad¢hagyh they were measuring underlying
theoreticalconstructs because they shargariance[Schwab 198D Fornell and Larckef1981 proposedthree

criteria related to evaluating convergent validity. The first is #ilafiactor loadings must be significant and greater
than 0.7. In our study, all loadings are significant and greater than 0.7, as summarized in Table 3. The second is that

the construct reliability should be greater than 0InCour study, B constructreliabilities are greater than 0.70 (self
referencing = 0.894, social presence = 0.878, accuracy = 0.925, novelty = 0.927, satisfactionan@.pliichase
intention = 0.948). Finally, the average variance extracted (AVE) must exceed the veaiasedyy measurement
error for those constructs, which medhat AVE must exceed 0.50. AVE values range from 0.732 to Oi@2iur

study Cronbachés U values are also greater than 0.8

Table3: ConvergenWalidity Testing

Construct Factorloading Cronbach| AVE ConstructReliability
Selfreference (SRF) 0.708, 0.727, 0.802, D16 0.894 0.760 0.894
Socialpresence (SP) 0.771, 0.785, 0.818, 0.781| 0.878 0.732 0.878
Purchaseéntention (PI) 0.824, 0.727, 0.800, 0.789| 0.927 0.821 0.948
Satisfaction (SAT) 0.717,0.747,0.642, 0.613| 0.878 0.733 0.916
Perceivedaccuracy (PA) 0.645,0.580, 0.631,0.819 | 0.892 0.755 0.925
Perceivechovelty (PN) 0.651, 0.779, 0.708, 0.655| 0.894 0.760 0.927

Next, we examined discriminant validity, which is the degree to wthieimeasures of two or more constructs

are empirically distincfBagozzi et al. 1991 Discriminant validity exists for a construct if the square root of its

AVE value exceeds the square root of the correlations between that coastiube other latent variablgsornell
and Larcker 1981 The dements shown on the diagonal in the matrix (Ta)lare the square roots of the AVEs.
Table 5indicatesthat all constructs have discriminant validity.

We evaluatedhe common method bias test (CMB test) based@reralsteps. First, these included appropriate

instrument design and datallection procedureproposedy Podsakoff et a[2003. In the second step, we tested

our data forcommome t hod variance using the BentfdctertestahicdareBonnet
stepsproposedby Sharma et al. [2009] and Malhotra et al. [20@8YIB extent was evaluated through Harman's
singlefactor test [Podsakoff et al. 2003]. All variables were loaded into a principal component factor aaaty/sis
we obtdanedthe unrotated factor solutioBix factorswith Eigenvaluesabove 1 were extracted. Although one factor

accounted for 44% of the total varianees concluded thaho single factor emerged from the factor analyaisino
one general factor accountéal the majority of the covariance among the meas[Pesisakoff et al. 2003]. No
single factor dominated the total variance, indicatiigck of CMB. In thethird step, we examine@MB using the
method factor whose indicators include all the principaistwct indicators from previous studif®aviou et al.
2007; Liang et al. 2007; Podsakoff et al. 2D@ased on the guidelines of Liang et [&007, we calculated each
indi catoro6s variances substanti vel factee Apdestribedendlable ¢,
the average substantively explained variance of the indicators is 0.684. Williamg680dl.found that 466 of the
variance in the indicatorss accounted for by its trait factors, and%83s accounted for by method facs on

average. The average metHoased variance is 0.005. If the method factor loadings are insignificant and the
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i ndi catorsd substantive variances ar EMBsisuunlkdalyambeiaal | y

serious concerifiLiang et & 2007]. Considering the small magnitude and insignifemof the variance of the
method variancé CMB is unlikely to be a serious problamthis study.

Table4: CommonMethodBias Analysis

Construct Indicator Suf;;zri]rtllg\]/e(;f)ctor R1? Method F?F;:;c))r Loading R2?
SP1 0.779 0.607 0.026 0.001
Social Presence SP2 0.846 0.716 0.012 0.000
SP3 0.818 0.669 -0.008 0.000
SP4 0.765 0.585 0.013 0.000
SRF1 0.779 0.607 0.031 0.001
Seltreference SRF2 0.803 0.645 0.025 0.001
SRF3 0.910 0.828 0.018 0.000
SRF4 0.818 0.669 0.017 0.000
PA1 0.829 0.687 0.158 0.025
Perceived PA2 0.810 0.656 0.161 0.026
Accuracy PA3 0.875 0.766 0.206 0.042
PA4 0.765 0.585 0.070 0.005
PN1 0.821 0.674 0.002 0.000
Perceived Novelty PN2 0.892 0.796 -0.026 0.00L
PN3 0.845 0.714 0.007 0.000
PN4 0.754 0.569 0.028 0.001
SAT2 0.873 0.762 0.026 0.001
Satisfaction SAT3 0.776 0.602 0.015 0.000
SAT5 0.786 0.618 0.049 0.002
SAT7 0.780 0.608 0.057 0.003
PI1 0.886 0.785 -0.006 0.000
Purchase Intention PI2 0.856 0.733 0.010 0.000
PI3 0.901 0.812 -0.013 0.000
Pl4 0.851 0.724 0.006 0.000
Average 0.826 0.684 0.037 0.005
Table 5: Correlations among Constructs
Selr Social Accuracy Novelty Satisfaction [Purchase
referencing presence intention
Selfreferening 0.872
Social presence 0.555 0.856
Accuracy 0.661 0.529 0.869
Novelty 0.660 0.463 0.760 0.872
Purchase intention 0.618 0.472 0.589 0.674 0.906
Satisfaction 0.612 0.550 0.710 0.698 0.645 0.856

* Leading diagonal shows the square robAVEfor each construct

We tested the difference between fagelconstraint modalfor perceived novelty and accuracyalignificant
model fit was generatedthe discriminant validity was identified. Using this procehs,x? difference between ¢
pair of constructsgx® = 59.774,p = 0.000) was significant, and each original model had a better model fit compared
with its corresponding constrained modéinderson and Gerbing 19B8The resulk indicate that the measurement
model was significantlpetter than other alternative models. Thus,verifieddiscriminant validity
5.2. Manipulation andHypotheses Testing

This study focuseon the effects of social presence and-seférencing orthe perceived accuracy and novelty
of app recommender systems. eWinvestigated these effects using experimental groups assigned different
experimental page#n order toidentify the differences between the manipulated settings, we conducted analysis of
variance (ANOVA). Comparisons of the differences in social presend seHeferencing among the groups are
shown in Tableé. The esults show that both social presence andrsfdfencing have significant group differences
atp < 0.00. In terms of social presence, the valugsrolips D and F that explain the reconmadationsindicate that
for similar usersthe valueswere greater than the values @Gfoups C and Eln addition, the values of self
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referencing for recommendation groups with explanati@msyps B and F) were greater than the valueSrofips
A and E, wich do not give reasons for their recommendations.

Table6: Differencedn PerceivedSocial Presencend Self-referencing

Dimension Group N Order Mean S.D. S.E. F Sig. Duncané
C 26 4 3.731 | 1.259 | 0.247
Social D 25 2 4.950 | 0.984 | 0.197 _
presence E 25 3 4.040 | 1.133 | 0227 | 2>132| 0000 | C=E<D<F
F 31 1 5766 | 0.398 | 0.071
A 25 4 4.130 | 1.021 | 0.204
Self B 24 2 4.802 | 0.978 | 0.200 _
referencing E 25 3 4340 | 1.129 | 0206 | 4220 | 0007 | AsE<B<F
F 31 1 5080 | 1.246 | 0.224

Group F hathe highest values for both social presence andrefdfencing, andsroups C and A ha the
respecti velGyoupsBccordir
and F have significantly different sociatesence values, and the valuessobups A and E dnot differ. In terms of

selfreferencing, the values @roups A and E dnot differ, although the values @roups B and F are greater than

lowest social presence andsele f er enci ng

the values oGGroups A and E.

v al

Table7: Comparisons oPerceivedAccuracyand Novelty

ues,

Dimension | Group N Order| Mean| S.D. S.E. F Sig. 1 D2u ne a3n S 4t €
C 26 6 3.952| 1.140| 0.224 3.952
E 25 5 4.170| 1.181| 0.236 4170 | 4.170

i A 2 4 4.4 1.02 2 4.4 4.4

Perceived 5 00 026 | 0.205 8.646| 0.000 00 00

Accuracy B 24 3 4.750| 1.229| 0.251 4.750 | 4.750
D 25 2 5.290| 0.773| 0.155 5.290 | 5.290
F 31 1 5.387| 0.882| 0.158 5.387
C 26 6 3.904| 1.198| 0.235 3.904
E 25 5 4.200| 1.201| 0.240 4.200 | 4.200

Perceived A 25 4 4.370| 1.429| 0.286 9.099 | 0.000 4.370 | 4.370

Novelty B 24 3 4.792| 0.988| 0.202 4,792 | 4.792
D 25 2 5.360| 0.711| 0.142 5.360 | 5.360
F 31 1 5.468| 0.942| 0.169 5.468

* A: ltemto-ltem; B: Itemto-ltem and Explanation; C: Usetto-User; D: Userto-User and Explanation; E: Hybrid; F: H/brid

and Explanation

Using ANOVA, we obtainedamparisonf the six groupdor the different effects on perceived accuracy and

novelty (see Tabl&). Boththe perceived accuracy and novelty of PRS differ significantly between the six groups at

p = 0.01. This suggests that recommendations with explanations of their safffieetdthe useiperceived accuracy

of the recommendations. Group B (with sedferencing), Group D (with social presenca)d Group F (with both
self-referencing and social preseh&how greater perceived accuracy and nowadtypared withhon-explanation
groups such asGroups A, C, and E. Group F shew greater perceived accuracy and novelty for both social
presence and seléferencingcompared withGroup E (no explanation). Aocr di ng t o t he
perceived accuracy and novelty differ significantly betw&esups A, C, E, D, and F.
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Table8: Comparisons dPurchaseritentionand Satisfaction

. . . Duncanos
Dimension | Group N Order Mean S.D. S.E. F Sig. 1 2 3
C 26 6 3.760 1.408 0.276 3.760
E 25 5 4.400 1.369 0.274 4.400 4.400
A 25 4 4.610 1.301 0.260 4.610 4.610
Purchase 6.132 | 0.000
Intention B 24 3 4.990 1.131 0.231 4.990 4.990
D 25 2 5.290 0.906 0.181 5.290
F 31 1 5.306 1.253 0.225 5.306
() 26 6 3.808 1.213 0.238 3.808
E 25 5 3.940 1.042 0.208 3.940
. . A 25 4 4.030 1.098 0.220 4.030
Satisfaction 6.325 0.000
D 25 3 4.650 0.848 0.170 4.650
B 24 2 4.823 1.036 0.211 4.823
F 31 1 5.016 1.072 0.193 5.016

We further tested thgroup manipulationsof satsfactionand purchase intentiamsing ANOVA (see Table).
Both thepurchase intentioand satisfactionof PRS differ significantly between the six groups at p.01. This
suggests that recommendations with explanations of their sources wfégcsatifaction for PRS and increase
purchase intention for recommended items differer8iynilar to the results for perceived accuracy and novelty,
Group B (with seHreferencing), Group D (with social presence), and Group F (with bothedefencing and sodia
presencehavegreaterpurchase intentioandsatisfactioncompared witmon-explanation groupsuch asGroups A,

C, and E.nterestingly,Group D (with social presencean increase purchase intention better Gaoup B (with
selfreferencing) Howeve, in terms of thesatisfactionof PRS,Group B (with seHreferencing)satisfiesusers more
than Group D (with social presence}or Group F, hybrid recommendatiarbtains thehighest scores for
satisfaction and purchase intention.

We tested our hypotheseising PLS, and Fige 4 shows the results. The path coefficient it (from self
referencing to perceived accuracy) is positive and significant (0.5810.91). ThusH1 is supported, indicating
that perceived selfieferencing increases the perceiaeduracy of PRS. The hypothesis for the relationship between
selfreferencing and perceived noveltfl?) is also supported, with a path coefficient of 0.583<(f.01). The
hypothesis that social presence increases perceived acctt@rys(also supportedhaving a significant path
coefficient of 0.234. Moreover, the hypothesis that social presence increases perceived Hdyedtys(pported
(p < 0.05). Therefore, we conclude that perceived social presence inctieapesceived accuracy and novelty of
app recommender systepand that perceived saléferencing increases both perceived accuracy and novelty. The
results support our hypothesis that perceived accuracy increases satisfd}itlf a significant path coefficient
of 0.404 (p < 0.01). Ourhypothesis that novelty increases satisfactidf) (is also supported; its significant path
coefficient is 0.97 (p < 0.01).
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(R?=0.475) (R? = 0.564)
Self 0.531* 0.404**
> Accuracy »|  Satisfaction
reference N
N
N
ns s
0.583** \
N 0.325**
N
0.234* 0.397% s
AR v
. t Purchase
Social presenc - Novelty > intenti
0.140* 0.415** ntention
(R? = 0.449) (R?=0.515)

* p< 0.05, **; p < 0.01, ns: inggnificant at the level of 0.05
Figure4: Hypothesed estingResults

Although the relationsph between perceived accuracy and purchase interti@ni¢ not significant (p> 0.1),
the concept that perceived novelty increases purchase inteid8pis(supporteddy a significant path coefficient of
0.280 (p< 0.05). These results demonstrate ttatinct, but different, roles that perceived accuracy and novelty play
in satisfaction and purchase intention.

Finally, we also evaluated user satisfaction for PRS and purchase intentagp f@commender systems. Our

0.325 (p< 0.01). Our results, which are consistent with earlier stydiesgandBenbasat 20Q7iang et al. 2007
Thirumalaiand Sinha 2009, indicate that ugsancreased satisfaction can further incretimeintent to purchasehe
recommendedpps.

We further tested the mediation effects of satisfaction, perceived accanacyerceived novelty (see TaBle
Perceived accuracy partially mediates the relationship beteatereferencing (SR satisfaction (SAT) andocial
presege (SP)SAT. We also foundhat perceived novelty has partially mediating effects on boti53R and SP
SAT.

Table9: MediatingEffects obtainedfor Satisfaction,PerceivedAccuracy and PerceivedNovelty.

Path Test Sobel test

Mediator Path Path Coeffient S.D. S.E. t-value Sig. z-value Sig.
PAA PI 0.043 0.079 0.079 0.545 n.s. 2749 | 0006

Satisfaction| SAT A PI 0.325 0.079 0.079 4.092 p<0.01

(SAT) PNA PI 0.375 0.124 0.124 3037 | p<0.0l | 2439 | 0.015
SATA PI 0.325 0.079 0.079 4.092 p<0.01

Pereived | SRA SAT | 0.166 0.067 0.067 2.479 p<0.01 | 5729 | 0.006

Accuracy | PAA SAT | 0.363 0.127 0.127 2.866 p<0.01

(PA) SPA SAT 0.139 0.062 0.062 2.241 p<0.01 2.303 0.021
PAA SAT 0.335 0.114 0.114 2.930 p<0.01

Perceived SRA SAT 0.166 0.067 0.067 2.479 p<0.01 2581 0.010

Novelty PNA SAT 0.313 0.118 0.118 2.653 p<0.01

(PN) SPA SAT | 0.215 0.053 0.053 4.039 p<0.01 | 5847 | 0004
PNA SAT 0.313 0.118 0.118 2.653 p<0.01

We compaed the path ofperceived accuracy and novelty to satisfaction u§ing regressionfPLS-R) with
variable importanceby conducing xIstatPLSPM We combined botiPLSR and thevariable importance in
projection (VIP)scorefor variable selectiom orderto estimate the contribution of each variable to the mpictain
et al.2014; Zuber and Strimmer 2010 he advantage of using a modelsed approach is thiais more closely tied
to model performanceén addition, by doing so, weanincorporate the correlation structure between the predictors
into the importance calculatio
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We examined the variable importance to determine which varigblesibute statistical significaoe to the
model. The variable importance measure is basethemveighted sums of the absolute regression coefficients
[Green et al. 19798 The weights ar@a function of the reduction of the sums of squares across the number of PLS
componentsand are computed separately for each outcome. Therefore, the contribution of the coefficients is
weighted proportionally to the reduction in the sums of squares. dimia& different contributions of varialsléeo
the dependent variahléhe variable importance uses the squared-pamtial correlatioTran et al. 201} If the
predictors are correlated, the squared geamiial correlation represents the unique vamaegplained by a given
predictor. Semi-partial correlation refers to the unique contribution of a factor to the modeltifiecrelationship
between the dependent variable and predictor after the contributions of the other predictors have been removed fro
the predictor). In this case, the sunthd squared senpartial correlationss less than R This remaining explained
variance representthe variance explained by more than one variablable 10 describs the impact and
contribution of both variabteto SAT.We consider that thsatisfactionis well explaned (%= 0.564. The result
shows that perceivedccuracyhasa greateeffect onsatisfactionthanperceived noveltyTable 10 summarizes the
preceding resultdn order b calculatethe contributon of each independent variabtlege correlation betweetthe
independent and dependent variabiaultiply independeris path coefficient The @ntributiors of perceived
accuracy and novelty are 0.287 and 0,2€8pectivelyWe see thaperceived accuracyas a 5% contribution to
R In addition the effect ofperceived novelty on satisfactia®m a49% contribution to R Figure5 illustrates the
information presented in thables Thus, we contend thabthperceived noveltand accuracy arienportant fictors
for user satisfactian

Table10: Contributiors of PerceivedAccuracy andNovelty to Satisfaction

Perceived Accuracy Perceived Novelty
Correlation 0.711 0.698
Path coefficient 0.404 0.397
Correlation * path
coefficient 0.287 0.277
Contributionto R? (%) 50.863 49.137

Path coefficients

0.406

0.404 —+

0.402 +

0.4 —

0.398 +

0.396 +

0.394 +

0.392

Contribution to
R2 (%)

100

- 80

-+ 60

Perceived Accuracy

Perceived Novelty
Latent variable

Path coefficient —c— Cumulative %

Figure5: Impacs of PerceivedAccuracy andNovelty on Satisfaction

6. Discussion and Implications

6.1.

Discussion of Findings

This study identifies how agpp recommender system basedtiomsocial cognitiveprocess can provide user
friendly recommendations that increase customer satisfaction for PRS and purchase intention. The results confirm
the effectiveness of including two types of self and social interabtiged influence (social presence and-self
referencing) when customers search é&pps. Although PRS were examined using similar user lists and self
referencing information for item preferences, they were more effective when they included social presence and self

referencing.

Our results further ideify the roles of social presence and gefferencing as predictors of the perceived
performances of PRS in terms of characterigigshas perceived accuracy and novelty; these results are consistent
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with previous researcfArazy et al. 201D Thus,app recommender systems, including those that incorporate social
presence and seléferencing, increase user evaluation of the perceived performance of recommender systems. In
contrast, previous studidgvenot considegd self-referencing. This study examithe effect of selfeferencing
from PRS and confirgiits importance in addition to social presenceparticular we foundthat selfreferencing is
important in relation to how users evaluate PRS performance with the recommendation of accurate apgsiovel
Selfreferencing increases user evaluation of PRS, although previous studies have stigafesteid| presence can

be used to evaluate PRS performaficoi et al. 2011; Hess et al. 2Q0Similar to the findings by Zhu et al.
[201Q, our resultsndicate thaby incorporating interfaces and socializing cues gypp recommender systemse
canincreasesheuser s® sense of s formatibn frpm \d@carieus experidnelrs alditionp n
individual preference rating scores improve seferencing in PRS. Furthermore, thee of thehybrid approach of
combiningGroups B and D is superior tasing either Group B or Group D alone as a wafyincreasng social
presence and seléferencing. Hybrid recommendations that combine algoritisotdh as useto-user CF or item
to-item CF, mightimprove recommender systerfdurke 2002. These results demonstrate that the PRS algorithms
examinedin this study differ in their abilit to generate outcomes with enriched saifl social interactichased
interfaces.

The results also show the superiority of personalgmzrecommender systems that use socializing interfaces
over those that lack them. Those that incorporate them increase user elaboration, such as perceived accuracy and
novelty, in outcomaecommendation§Xiao and Benbasat 20Q7 More interestingly, similauser lists and self
statements are most effective with hybrid recommender sysémitheyincrease perceived accuracy and novelty.
However, recommendatiomgven without providing theeecommending reasons do not increase either of thede
do not differ intheir evaluations of perceived accuracy and noveBiyo(ips A, C, and E), although these groups
deliver recommendation outcomes based on different algorithms. In other words apeeskapp recommender
systems without explanatisio not improvetheu s er s 6 per c ei vagdecgmmentieo sysems. PRS o f
can also ensur¢hat they generateaccurate and novel outcomes by taking care to base their recommending
algorithms ortheus er s ® i ndi vi dual i nformapgs oinnc Mhese accsuerade ax
or she will have received from PRS recommendations of relepastavailable impp stores.

Previous studiebavefocused on improving PRS algorithms basedpredictive measurgsuch as precision
and recall[Herlocker et al. 2004 However, this studywhich is based on a useentric evaluation perspective,
proposes thgberceived accuracy and novelty are related to perceived PRS performance. Our éirglicgssistent
with previous studiethat proposehat social presence results in higher quality recommendations and improves user
attitudes. Thusapp recommender systems with social presence can improve the attitudes efhesesgarching
for apps.In addition,userper cei ved novelty of the recommended items
[Shani and Gunawardana 20],land thusapp recommender systems with social presence aneesetencing
increase perceived novelty using tg preferenes of similar userflGefenand Straub 2004; Wells et al. 20[L1n
summary, this study has described the social cognitive process that affects how self and social interactions elaborate
on user evaluation of perceived performances (perceived accuracyosally) in app recommender systems.
Although previous studieBaveimproved the prediction measures of PRS performance (precision and recall), we
measuredthe perceived concept of novelty and accuracy. Our findings confirm the importance of perceived
accuacy and novelty by showing their significance when users searepgerinapp storesln particular,our result
indicates the importance of perceived novelgnd accuracyn recommender system3here is increased user
satisfaction by gstomerspleasedwith receivingnovel and accuratééems from recommender systenmigius, we
contend that customers evaluate recommender sysbased onthe perceived noveltyand accuracyof app
recommender systems.

In addition, we found that perceived accuracy increases satisfaction witlapp recommender systems, but
does not significantly increase purchase intention because ofle of perceived accuracy in fully mediating the
relationship betweerfiself-referencingjs at i sf acti ono asnadt i & § éocutadeldtems @d@ soe n c e
alwayscorrespond tmewitems(i.e., app recommender systernanalso have the potentiaf delivering appswith
which usersare alreadyfamiliar from other sources). This suggests that user perceptid*R&8 accuracy only
indirectly affects purchase intention as a factor in increagimgjr degree ofatisfaction with PRS.

We also found that perceived novel t-yeferpmmingts atail $ yameido @
and fisoci-a&t ipsrfeascetnicoerperceived novelty dcani directtpffiect purchase intention. For
example, if useracquirenovel appsfrom PRSbased on their preferergsand werepreviouslyunaware of these
apps,the perceived novelty for PRS could give ustiys opportunity ofnaking impulsive app purchasegHausman
2004. Furthermore, when theseceivenovel app recommendations related to their preferences, mhigit also
becomesati sfied with PRS. The definition of a psychol og
irresistibke urge; a sudden inclinatio t o act wi t fRpakt198H Anotheb mossibilityi aosebecause
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almostall our respondentgange in agéetween 20 and 29 yeats general younger peopleare more likelythan
older individuals to purchasenew andchallengingitems Therefore therecould be a direct relationship between
perceived novelty and purchase intention

Interestingly, we foundhat perceived novelty directly increasd®RSsatisfaction and purchase intention.
Although previous studigsavefocused orPRSaccuracy, our res@isuggesthat perceived novelty can be another
important factor foPRSuser satisfactiorNovelty from PRSis a highly desirable feature for recommendatieor
mostintentions the purpose of recommendation is inhéselinked to a notion of discovery th#te usemight not
have foundalone (i.e., PRSaccuracy) Considering the result operceivednovelty to satisfactionperceived
accuracyhas theinability of captuing the broader aspects of user satisfaction istigexg systemgMcLaughlin and
Herlocker 2004. In order b increase user satisfaction and purchase intention, recommendations should provide
novelty and accuracy. This mearnthat wser satisfaction with recommender systeimiselated not only to how
accuately the system recommentisut al so t o how mudecisioambakingbaspdon gehesating he us e
novel items.When useracquirenovel apps generated frorapp recommendation systspsuch users mighhen
wantto purchasehe appsin addition,although accurate results increase user satisfaction with iBefurchase
intention could not be affected without satisfaction with PRS, which dsliseccessful impulsive outcomes.
Recommender systems with accuracy can incrérgseser$ benefitof searchingor appsin app stors. However,
perceived accuracgoes notalways support purchaseecisionmaking because eurate recommendations are
generally related to usémterest predictios that involve inherent uncertainty based on incomplete evalerfic
interests[Zhang, 2013] Perceived accuracy is more related to the satisfaction of recommender systems to not
immediately purchase produdscording tothe resuls, the research for recommender systems should consider
perceived novelty for increasinthe useis purchasedecisionmaking Becausethe perceived noveltyof app
recommender systems increases both user satisfaction and intention to pappsasecommender systems should
deliver novel and accuragpp recommendatioria orderto increase ser satisfaction and purchase intention.

6.2. Limitations and Future Direction

The results of this study should be interpreted in the context of its limitations. First, the results are lithéed to
context ofapps This might suggest that users evaluate difet product types differentlyn particular there are
different perspectives to thgerceived accuracy and novetifyapp recommendations becalwggps pose a low risk
to theu s ededsnrmaking Therefore, a wider variety of product types and infdromasources with high costs
should be compared with the results in this study. Sed¢bedpps used in our experimergpanall categorieghat
existin Apple App Store. However, moapp store salebelong torecreational categories, such as entertaimme
social networking, and music. Thirthe participants in this study were from Korea, and the resuight differ in
other countries because of different types of network infrastructures and cultural trakgdition,in future work
we should congler all age groupBy focusing oncategories relateth older age groupsRecentlyconsumers oéll
ages have begun to utilizeervices on their mobiledevices, although most consumengo usesuch devicesange in
age from20 to 29 yeargSalesforce 2014 According toprevious studies [CFI Group, 201Mgilsen, 2011] this
study focuseon teers andadultsin the 20i 35 age grouplt is expected thandividualsin older age groups would
participatemore if theresearctwere tofocus onapp categories thappeal to the interest eficholderindividuals,
such aghe life and healthapp categoriesThird, our experiment was based on scenbased manipulation. To
improve realism, random sampland data should bebtainedin real situatios. Furthemore our experimental
systems did not consider privacy issues related to user inforniatimderto generate recommendatiohs practice
managers should carefully consider how to control the privacy of their useremloy recommender systems.
Future stugks should consider detailegp categories and compare high and-lowolvement products. Although
this study was limited in scope, we hope thatereffort will be devoted to this important research aesal that
the proposed model will serve as &fus guide for such future work.

6.3. Implications for Research and Practice

The primary contribution of thistudy extends socialognitive theory in the field of personalizeapp
recommender systeny consideringself and social interactionk order b identify the self and social interactions
of PRS, performance outcomes and vicarious experience were used to identiéfeseticing and social presence
in app recommender systemis addition, we employed bothinformational and normative social interactitm
explain the perceptioof self-referencing and social presence in PRS. Therefore, this study extends the self and
social interactionsf PRS in terms of socialognitive theory.

In this study weidentified four important implications thatre theoretally related to theuse of PRSin orderto
extend the sociatognitive processind allowa better understanding oferpurchase intentianWe assessd the
effectiveness of self and social interactions ¢sefiérencing and social presence, respectivaty@asued the
perceived accuracy and novelty in usdrat evaluatePRS perspectives, and ascentgithe differences in the
effectivenessn terms of their assessmaeagitperceived accuracy, perceived novelty, and satisfaction.
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First, this study extered the socialcognitive process by applying it to the field of PRS, especially self and
social interactions (i.e., social presence and-reé#frencing), elaboration (i.e., perceived novelty, perceived
accuracy, and satisfaction) gfp recommender systeprand persuasion (i.e., purchase intention). This study helps
bridge a gap in research and the literature by explaining the role of the-cagmétive processand the
effectiveness of self and social interaction factors in the ugppofecommender sysis. Similar to the findings of
Wells et al.[2011], this study shoed that social interactiofvased influence factoiacrease user cognition 8RS
quality in terms oftheir elaborated perceptionsuch as perceived accuracy and novelty. Moreover, positive
perceptions oPRSperformance influence user satisfactj@Mells et al. 201JLland persuade users to purchtse
PRSrecommendedpps.

Second,in order to increase user evaluation of social interactions and perceived performance, it is very
important for PRS tadeliver recommendations that incorporate explanationparticular in this study,we found
that selfreferencing increases user cognition related to the suitability of the recommendations to social presence
[Hess et al. 200%Zhu et al.201Q. As indicatedin Table 8, recommendations with personalized reasons that use
social presence and setfferencing lead users to increase their positive evaluatidPR& quality in terms of
perceived accuracy and noveltilowever, his is not true of users who received recommendations without
personalized reasons. This findiisgin good agreement wittmose of previous studigérazy et al. 201p0Wells et
al. 201]. Based on our results, it is apparent that social presence amdfesdhcing are important sources of the
perceived accuracy and noveltyRIRS. Therefore, practitioners should understand the importance of designing PRS
with social interaction factorandthe importance of improving the performance of PRS algorithms.

Third, this study measured the perceived accuracy and novelty of recomragstgensn orderto understand
user perceptual evaluation of PRS. Previous studies have focused dhehe# of accuracy to decrease errors in
PRS algorithms also affects the performance of recommender sypB#tasi and Gunawardana 20]1with
precision and recall measures; however, this study found how to deliver and measure thepestasivafd novelty
in PRS evaluation. When users evaluate PRS, tegyally use their perceptions of its accuracy and novelty in
forminganopi ni on of t he s This tstady @lso cpnéredfpreviomsa studies. on improving
algorithms for recommersd system$Herlocker et al. 2004 which concludedhatuserbased perceptual measures
such as perceived accuracy and novyel#yn ultimately cause highBiRSevaluation.

Fourth,we identified the mediating effects of three mediators (satisfaction, perceived accurapgraaided
novelty). As discussed earlier, the importance of perceived accuracy lies in its contribution to user satisfaction,
which in this studyis directly linked to userpurchaseintent and according tderlocker et al[2004, to better
evaluations of recommender systems. However, perceived novelty is a factor in both satisfaction and intent to
purchase as a mediat®erceived accuracy functioms convindng users that PR8ansimplify their searchrelated
problems, and this waperceived acuracy contributes to satisfactidmwever,perceived novelty goes furthby
arousing user interest with information, services, and prodiatsarenew to them. Tis does noimply thatPRS
do not contribute anything to thetention topurchaseThis added interest not only adds to user satisfaction with
PRS, but also increases their intention to purchase and adds to their impulsive [blogtigr et al. 2011 In
summary, recommender systems should ensure that they include both accuracy and novelty in their
recommendations asmaethod forimproving user evaluation ohese systems and their satisfaction with P&&ani
and Gunawardana 2011 The demons#aited importance of these factors illustrates why ordime stores should
ensurghattheir recommendations are not only accurtg also incorporate novelty.

This study also has importaptacticalimplications First, it provides new insights toompanies that selbpps
on the Web and mobile devicedth regard tcstrategieshatcanimprove their delivery of suitablgopsandincrease
their sales.Sales of mobileappsare a key revenue source iretimobile app economy(Kim et al. 2016).The
sustainabity of social media services is often plagued by their insufficiency (Kim et al. 20A&)agers can
benefit by devisingthe delivery of recommendations that use social ciegh as social presence and -self
referencing. Recommendations that incorporateeninformationmight cause users to give higher evaluations and
increase their purchase intentions. This can improve their expectattoasusing recommender systems and
purchasingapps. Therefore, in developing their recommender systeorporatemanagrs need to go beyond
merely focusing on the performance of their algorithamelshouldrecognize the importance of social presence and
self-referencingln particular developers should include the social context of tygir content. This is particularl
importantwhendelivering novel recommendations that increase user purchase intentions.

Second, although perceived accuracy only increases user satisfaction, perceivedsalsgtdirectlyrelated
to the intention to purchase recommendaaps. Capitlizing on this advantage conferred by perceived novelty can
give app vendersa competitive advantage by increasing the possibility of impulse buying by their customers
[Adelaar et al. 2003 Thus,PRSdesigners should attempt to deliver novel recemdationsn orderto increase
user satisfaction with PRS and their intention to purchase.
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Third, the experimentemployedin this study were conducted solely wiapprecommendations. Although the
socialcognitive process appears to be an important aviaruacreasing user evaluation of recommender systems,
care should be takemith respect tahe types of products under consideration, such as whether they are utilitarian
versus hedonijcor tangible versus intangible. Thus, comparsésuld consider whib products or services are
successfulwhen using PRS Although this study did not use any specific features of mabpits, such appsare
available for both mobile and desktop environments from sosteasas Apple App Store on iTunes and the Web
Store of the Chrome browser. Therefore, the results of this study can be generalized in personalized
recommendations to delivproductssuitable to users.
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Appendix 1. App Store Growth and Revenues (Gartner 2013)
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Appendix 2. Conceptualization for Theoretical Development
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Appendix 3. Recommendation fromltem-to-Item Collaborative Filtering (Group A) ?

Adobe Photoshop Express

Straighten Description
ADOBE® PHOTOSHOP® EXPRESS: Edit and share — anywhere

Rotate

S Adobe Photoshop Express software lets you use simple gestures o quickly edit and share photos trom your mobile device. Enjoy having your photo and video library right in
Flip ~ your hand — without wasting your device's valuable storage space.

Photoshop Express is a companion to Photoshop.com, your online photo sharing, editing, and hosting resource. Create a free Photoshop.com account 1o upload and store
2G8B of photos and videos online.

HAVE FUN ON THE RUN
With Photoshop Express, its easy to improve your photos. Choose from a variety of one-touch effects, or simply drag your finger across the screen 1o crop, rotats, or adjust
color. Add arstic fiters like Soft Focus or Sketch. And never fear: You can undo and redo changes untl you get just he look you want—a copy of your original file s always

saved. v

Customer Reviews

Photoshop. il
by 2014ever- Version 2.0.2 - Jul 26,2011

Easy 1o use; has limiled functions but meels the purpose.

\wos et
by Juice 1985 - Varsion 2.0.2 - Jul 20, 2011

Suer awesome ago and 1s freell

ol
oy Jsirabz - Version 2,02 - Jul 26, 2011

L but.. ko
by Daysie Jerez - Version 2.0.2 - Jul 26,2011

love the app, but the reduica nolse option sometimes makes the picture ook blurry. Would be nice fo Insert captions on the piciures, and the option for mare borders.

How do you prefer this App?
1 2 3 4 S 6 ¥
| J ) J J ) 9 ) B
Don't Like it llove it!

Appendix 4. Recommendation fromltem-to-Item Collaborative Filtering
with Self-referencing Sentences (Group B)

T
1
crop VHIg fecommendstion s recommended) . .ol Lad st W UL G
Adobe Photoshop Express
Straighten
Description

Rotate ADOBE® PHOTOSHOP® EXPRESS: Edit and share — anywhere

Flip Adobe Photoshop Express software lets you use simple gestures to quickly edit and share photos from your mobile device. Enjoy having your photo and video library rightin
your hand — without wasting your device's valuable storage space.

Photoshop Express is a companion 1o Photoshop.com, your online photo sharing, editing, and hosting resource. Create a free Photoshop.com account to upload and store

2GB of photos and videos online.

HAVE FUN ON THE RUN o
With Photoshop Express, it's easy 1o improve your photos. Choose from a variety of one-touch effects, or simply drag your finger across the screen to crop, rotate, or adjust

color. Add artistc filters like Soft Focus or Sketch, And never fear: You can undo and redo changes until you get just the look you want—a copy of your original fle is always
saved

Customer Reviews
Photoshop app good ok k.
Ty 2ot mver deraon 202 126,201

Easyto use: has limiled functions but meets the purpose.

Awosoma App! # &k &
by Juice1985 - Version 2.0.2 - Jul 20,2011

Super awesome 80p and s vee!!
Swag kakHk
by Jstrabz - Version 20.2 - Jul 25, 2011

*xk m
by Daysle Jerez - Version 2.0.2 - Jul 26,2011

Hlove the app, but the reduce noise 0Dton SOMEUMES ak Woud be nice 1o the pictures, and the 0pton or more borders. .

How do you prefer this App?
1 2 3 4 5 6 7
4 J J Q Q Q . ) >
Don't Like it I love it!

2 The photographof a womarused heravas selected frora Photoshop app. Because this photo is neither a recommending agent
nor the photo of a similar user, we do not consider it to have any effect on social présetiver wordsthe photagrapts inthe
appendices armerelyadvertisingfor AdobePhotoshop, and are unrelatedhe useréperceived social presenireapp
recomnendersystems. fip recommendesystemshat want tancrea® social presence for usezandeliver pictures of similar

users or friendPresentingmages of similar users to usean beanadditional way 6adding an element of interaction.
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Appendix 5. Recommendation fromUser-to-User Collaborative Filtering
without A Similar UserList (Group C)

Recommendation based on your preference 1/20

WhatsApp Messenger
Description
6:02 PM B L

Great color! BTW you gotta All featy
hear this audio note: 100 ot

V;n.m,yAThlrﬂsaoﬁnnylu

nge IPhone, Android, BlackBerry and Nokia phones. The application utiizes push
colle: ind family. Switch rom SMS 10 exchange messages, pictures, audio notes and video messages with WhatsApp

* NO HIDDEN COST: Once you and your friends download the appiication, you can use it 10 chat as much as you want. Send a million messages a day 10 your friends for free.
wh; your Y

‘Oh you can tap and hold
message to get more .
608 P14 - Options! Customer Reviews
Oh yeah, | knew that o8 e IO verion 2.4 -Apr 21,2011
iPod Touch support please
“| wi-Fi oniy and wont work overseas «( & « « « +
by planeKrazy - Version 2.6.4 - Apr 23,2011
‘Response to Fanlassc™ -> Yes, . Well, for
ovoraeas. notonce! 0
ATaT, 308 monmn. e o
your status as )
How do you prefer this App?
1 2 3 4 5 6 7,
< ("] 9 9 9 9 ) 9 >
Don'’t Like it | love it!

Appendix 6. Recommendation fromUser-to-User Collaborative Filtering
with A Similar User List (Group D)

- Recommendation based on your preference and |

= WhatsApp Messenger
" . Description
602 PM - il smartphe messenger currently available for iPhone, Android, ki The application
S — Y iends, colleagues and family. Switch ‘pictures, audio nole: WhatsApp
Great color! BTW you gotta no cost. Al feat for
506 o « That is 5o funny! & b ; ¥ Yo ot w":ﬂ .':;:;“w can S you want. Send a million messages a day 1o your friends for m:
©Oh you can tap and hold =
message to get more .
508 7 Options! | Customer Reviews
Oh yeah, | knew that 608 PM m;’:{‘ﬂm;;;-‘»:umu
ol em—" ] i
B “|' Wi only andwont work overseas (( &+ + « +
by planeKrazy - Version 2.6.4 - Apr 23,2011
Response 1o Fantastc” -> Yes. Well,
overseas, notoncell
\TAT akving
d i i Wi-Fi for it to work.
o - A -
(e ————————
1 Similar Users ]
: ID Number Review Score : How do you prefer this App?
: : 1 2 3 4 5 6 7
flsee (4 0 9 9 0 90 0 9 P
U T ..
1 1574266 1 Don't Like it | love it!
1 2551764 1
: 1546535 -
L |
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Appendix 7. Recommendation fromHybrid Filtering
without A Similar User List and Self-referencing SentencegGroup E)

) i\d¢/2e Photoshop Express
e, Description

N 3 ADOBES PHOTOSHORS EXPRESS: Editand share — anywhere

Adobe Photoshop Express software lets you use simple gestures o quickly edit and share photos om your mobila device. Enjoy having your photo and video library right in
your Rand — without wasting your device's valuable siorage space.

Photoshop Express is a companion to Pholoshop.com. your online photo sharing, editing. and hosting resource. Creats a free Photoshop.com account 10 upload and siore
2GB of photos and videos ontine.

HAVE FUN ON THE RUN

With Photoshop Express, it's easy 1o improve your photos. Choose from a variety of one-ouch effects, or simply drag your finger across the screen 10 crop, rotate, or adjust

saved,

Customer Reviews
Photoshop app good # 4 44

oS aear Vv 203 90l 26,2011

Easy % use: has imiad octons bt meats ine purpose.

Awesome App! &k k&
Dy huca 1985 . Versior

Su

Sway
by st

Luv it bt W
by Daysie Jerez - Version 2.0.2 - Jul 26, 2011

HHove the apo. sometimes

T
How do you prefer this App?
1 2 3 4 5

6 7
(™} 9 v J L) J J
Don't Like it | love it!

Appendix 8. Recommendation fromHybrid Filtering
with A Similar User List and Self-referencing Sentences (Group F)
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color. Add ariistc filters like Soft Focus or Skekch. And never fear: You can undo and redo changes until you gel just the 1ook you want—a copy of your original file is always



