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Trust is a main success factor for automated recommendation agents on e-commerce sites. Various
aspects can contribute to the development of trust toward such an agent, including perceptions about
the usefulness of the recommendations, the transparency of the recommendation process, and the gen-
eral quality of the website. These factors have been analyzed in isolation in the literature though. We pro-
pose and evaluate a new trust model that integrates these factors, and allows us to assess their relative
importance for trust-building. We conducted empirical studies in the context of two popular e-commerce
websites. The findings suggest that transparency is equally important to consumers for building trust as
recommendation quality, and that general we site quality contributes to the development of trust. The
findings indicate that focusing on recommendation quality may be insufficient and higher levels of adop-
tion of the recommendations can be achieved when several trust-building factors are considered.

� 2016 Elsevier B.V. All rights reserved.
1. Introduction A key prerequisite for such positive experiences and, conse-
Automated recommendations have become a ubiquitous part of
our online user experience and many modern e-commerce provi-
ders employ recommendation agents on their websites. The task
of such agents is to point consumers to additional items of interest
in the catalog, either based on their current activity or based on
their long term preference profile. Several works in the literature
show that recommendation agents have a measurable impact on
the consumers’ purchase behavior and can also improve their
decision-making processes (Aksoy et al., 2006; Gomez-Uribe and
Hunt, 2015; Häubl and Murray, 2006; Häubl and Trifts, 2000;
Xiao and Benbasat, 2007).

Several studies in real-world environments provide evidence
that recommendation agents can drive the short-term behavior
of their customers (Dias et al., 2008; Garcin et al., 2014; Jannach
and Hegelich, 2009; Zanker et al., 2006). Providers are typically
interested in the long-term success of their websites and the
embedded recommendation agents though. Whether consumers
adopt the recommendations in the long run depends on their trust
in the recommendation agent (Grabner-Kräuter and Kaluscha,
2003), which can be developed by repeated positive experiences.
quently, trust is that the recommendation agent is continuously
able to generate useful recommendations that help the consumers
make better decisions or find better suited items in the catalog.
Improving the quality of the recommendations in different dimen-
sions is therefore a major focus in the academic literature on rec-
ommender systems (Jannach et al., 2012). In addition to the
capability of an agent to select presumably relevant items for a
consumer, the perceived transparency of the recommendation pro-
cess is often considered a key factor for the establishment of trust
toward the recommendation agent (Gedikli et al., 2014; Sinha and
Swearingen, 2002; Tintarev and Masthoff, 2007b). Transparency
means that the recommendation agent is capable of conveying to
the user – for example with the help of system-generated explana-
tions – why certain items were recommended.

Looking beyond trust-related aspects of recommendation
agents, the topic of trust in e-commerce has been extensively dis-
cussed in the research literature, and trust is often considered as a
key enabler for the success of e-commerce in general
(Adamopoulou and Symeonidis, 2014; Gefen, 2000; Grabner-
Kräuter and Kaluscha, 2003; Jarvenpaa et al., 1999; Moody et al.,
2014). In the e-commerce settings considered in this paper, the
online shop is often the only way in which a company communi-
cates with its customers (Chang and Chen, 2008), and one common
assumption in this stream of research is that Internet users at least
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partially rely on website attributes like information quality, inter-
action quality, or performance to judge the trustworthiness of the
site. Since recommendation agents are typically part of the web
shop, we can conjecture that such website quality attributes may
also affect to what extent consumers trust the embedded agent.
Overall, a number of aspects can contribute to the development
of trust toward a recommendation agent (Wang and Benbasat,
2008). A number of previous studies focused on the understanding
of individual components of trust-establishment. Pu and Chen
(2006, 2007) and Zanker (2012), for example, focus mainly on
the role of explanations as a mechanism for trust development.
Komiak and Benbasat (2006) on the other hand found that person-
alization positively affects the trust toward the agent.

Continuing these lines of research on trust-promoting factors,
the goal of our work is to investigate and quantify the relative
importance of the different factors. Our general research question
is: What is the relative importance of general website quality, rec-
ommendation quality, and transparency as trust-building factors
for recommendation agents in e-commerce?

To answer this question, we developed a layered trust model
that considers the following: recommendation quality, trans-
parency of the recommendation process, and general website qual-
ity. The trust-promoting factors recommendation quality and
website quality are furthermore decomposed into components in
the layered model, which allows us to obtain a better understand-
ing of the role of their constituent factors. Since from a provider’s
perspective trust is not the ultimate variable of interest, our trust
model, unlike for example the one proposed in (Wang and
Benbasat, 2008), includes the analysis of the impact of trust on
the user’s behavioral intentions, which is in our case their intention
to adopt the recommendations made by an agent.

Overall, the novelty of our model lies in its comprehensive nat-
ure, layered design that allows us to assess the relative importance
of the factors, and the consideration of website quality as a trust-
building factor, which has not been investigated in combination
with the other aspects. In contrast to previous works (Baier and
Stüber, 2010; Pu and Chen, 2006; Wang and Benbasat, 2008),
which base their empirical evaluations on websites that were only
created for the purpose of the studies, we conducted our analyses
with two real e-commerce websites.

As a practical outcome, our findings should help the providers
of recommendation services make better-informed decisions about
which aspects they should put particular focus on when trying to
improve the adoption of the recommendation agent.
1 A detailed review of the characteristics of digital trust, the factors that influence
trust, and approaches to trust modeling and management can be found in Yan and
Holtmanns (2007).
2. Theoretical background

Our proposed trust model combines existing insights related to
general trust-promoting factors in e-commerce as well as specific
trust-building factors for recommendation agents.

2.1. Trust in e-commerce systems and the WebQual model

We first briefly review the literature on the general role of trust
in e-commerce settings and elaborate on the WebQual model,
which serves as a basis for the development of the website quality
aspect of our integrated trust model.

2.1.1. The role of trust in e-commerce
The question of which factors help to promote the consumers’

trust toward online stores or e-commerce websites has been
extensively covered in the fields of information systems (IS), mar-
keting, and e-commerce. One frequently cited definition of trust in
various contexts is the ‘‘willingness to be vulnerable,” proposed by
Mayer et al. (1995). Chopra and Wallace (2003) define trust in the
e-commerce environment as the willingness to rely on a specific
other, based on the confidence that one’s trust will lead to positive
outcomes. For Lim et al. (2006), consumer trust in online shopping
is defined as the willingness of a consumer to be exposed to the
possibility of loss during an Internet shopping transaction. This
trust is based on the expectation that the merchant will engage
in generally-acceptable practices, and will be able to deliver the
promised products or services.1

As the definitions indicate, consumer trust is a precursor of
behavioral intentions (Gefen et al., 2003; Pu et al., 2011), referred
to as ‘‘trusting intentions” (McKnight et al., 1998). Different empir-
ical studies have shown that trust in an e-commerce website can
help to increase the customers’ intention to purchase products
from it (Corbitt et al., 2003).

A number of trust-promoting factors and their impact on con-
sumer behavior intentions have been explored, including for exam-
ple, the perceived level of privacy and security (Pavlou and
Chellappa, 2001), organizational reputation, relative advantage
and perceived risk (de Ruyter et al., 2001). The relation between
the perceived size and perceived reputation of an Internet store
and its impact on trust was discussed in Jarvenpaa et al. (1999).
Karimov et al. (2011) focused on establishing trust. Their review
provides ample support that website design is important for devel-
oping trust in unfamiliar online vendors and emphasizes the
potential value of recommendation agents.

The effects of visitors’ experiences with a user interface on trust
formation have also been investigated (Koufaris and Hampton-
Sosa (2002). In their work, a trust model was established and eval-
uated which showed that usefulness and perceived ease of use of
the website are positively associated with consumer trust in the
online company and the customers’ intentions to purchase and
intentions to return. The role of a website’s appeal and usability
on trust was further explored (Hampton-Sosa and Koufaris,
2005). And finally, a model was proposed that included a familiar-
ity and trust aspect of e-commerce adoption (Gefen et al., 2003).
The related analysis showed that purchase intentions of repeated
buyers were influenced by the customer’s trust in the e-vendor
and the perceived usefulness of the website.

2.1.2. The WebQual model
Since the importance of website quality is a general trust-

promoting factor, a methodology is needed to measure it. We rely
on the WebQual model (Barnes and Vidgen, 2002, 2003), which
was s designed to evaluate and operationalize this measurement.
WebQual numerically captures the quality of a website but is
based on subjective quality impressions. So it is suitable for our
research, which is also based on subjective quality perceptions.

With WebQual, the quality of a website can be expressed in
terms of numerical quality indicators in different dimensions with
the help of a questionnaire. The relevant dimensions are related:
(1) information quality as a core area of IS research; (2) interaction
and service quality from marketing, e-commerce, and IS service
quality research; and (3) usability aspects from the field of Human
Computer Interaction. The three major dimensions of e-commerce
website quality according to the WebQual 4.0 model are usability,
information quality, and service interaction quality.

For each of the dimensions, Barnes and Vidgen (2002) propose a
number of questionnaire items (e.g., ‘‘I find the site easy to
navigate” for the usability dimension). In our work, we adopt the
quality factors and the related questionnaire items of the
established WebQual model to assess the perceived quality of
the website. In our case, we are not interested in the absolute
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values of the individual quality indicators but rather in their rela-
tionships with the other variables of our integrated trust model.

Alternative frameworks for assessing the quality of online ser-
vices and Websites are described by several authors (Hasan and
Abuelrub, 2011; Jiang et al., 2002; Olsina and Rossi, 2002; Wang
et al., 1999). Some of them are however more complex thanWebQ-
ual or have to be tailored to our specific problem setting first. Note
that website quality may not only influence the consumers’ trust as
proposed in our research. Website quality aspects have also been
shown to be relevant factors that can influence the general online
shopping value and customer repurchase intentions (Huang and
Benyoucef, 2013; Kim et al., 2012).

2.2. Trust in recommendation agents

Next, we review existing works on trust-promoting factors that
are specific to recommendation agents. We discuss those factors
that are part of our proposed trust model, especially recommenda-
tion quality, as well as transparency and explanations.

2.2.1. Trust-building factors of recommendation agents
A variety of aspects can contribute to the adoption and success

of e-commerce recommendation agents. Xiao and Benbasat (2007)
developed a comprehensive conceptual framework and made 28
propositions based on existing research on how different factors
impact the users’ decision making processes and their evaluation
of a recommendation agent. In the context of trust, which they
define as the ‘‘user beliefs in the [agent’s] competence, benevo-
lence, and integrity,” the authors identified that, among others,
the type of the recommendation agent – pure, content-based, or
hybrid – the reputation of the provider, and the ease of use of
the system can increase the consumers’ trust in the system. In
another study, Wang and Benbasat (2008) investigated the main
reasons why users trust or do not trust a decision support technol-
ogy during the early stage of using it and highlight that trust
toward a recommendation agent is mainly triggered by the experi-
ential use of the system.

Besides these factors, user experience, user control, and the
usability of the system were mentioned as trust-building compo-
nents in other research on recommender systems (Konstan and
Riedl, 2012; McNee et al., 2006; Polatidis and Georgiadis, 2014;
Sinha and Swearingen, 2001; Swearingen and Sinha, 2002). More
recently, user experience in mobile recommender systems (Sun
et al., 2015a,b) has been examined, for additional factors related
to pull versus push communication and privacy issues.

Our proposed research model covers such aspects of usability
and user experience in general through the constructs that are
related to website quality. Also different other aspects mentioned
in the literature – such as the reputation of the provider, the per-
ceived level of personalization, or the provided information – are
part of our model through usability, service interaction, and infor-
mation quality which we adopted from the WebQual model.

2.2.2. Recommendation quality: accuracy, novelty, and diversity
Whether online users will trust the advice of a recommendation

agent in the long run and continue to adopt the recommendations
depends on the usefulness of the recommendations, especially
their quality. What makes a recommendation useful, may again
depend on different factors.

The main research focus in computer science is on improving a
recommendation agent’s ability to predict to what extent an item
will match the user’s preferences and interests. This is accuracy
(Herlocker et al., 2004), and our model includes a related construct,
recommendation accuracy. Being able to accurately predict the
user’s preference does not directly inform us to what extent such
recommendation approaches are suited to increasing consumer
trust in the recommendations. Indirectly, being able to accurately
predict the preferences allows us to achieve more precise forms
of personalization and higher user satisfaction. These may result
due to better decision support (Aksoy et al., 2006; Liang et al.,
2007; Ku and Tai, 2013; Komiak and Benbasat, 2006). This, in turn,
helps to establish long-term trust toward the recommendation
agent. On the other hand, if the users feel that the recommenda-
tions are unsuited or biased, they can begin to distrust the system,
which in the worst case has a negative impact on the website’s per-
formance (Chau et al., 2013).

High levels of accuracy allow us to distinguish between items
that are relevant for the user and those that are not. Depending
on the domain, focusing only on accuracy may not be enough to
generate useful recommendations (McNee et al., 2006). Consider,
for example, a recommendation agent for an online music service,
which recommends tracks to play to its users. If the agent mostly
recommends tracks of an artist that the user has listened to in
the past, the novelty of the recommendations for the user may
be limited. It will not help the user much in discovering new artists
or musical styles, a typical expectation of users of such services in
some domains.2

Vargas and Castells (2011) propose different computational
metrics to assess the level of novelty of recommendations. Their
metrics, for example, consider the general popularity of an item
in the community or the similarity of a recommendable item to
the items that the user had positive experiences with in the past.
In addition to these factors, Ge et al. (2010) consider serendipity
as a form of novelty that has the potential to contribute to the use-
fulness of the recommendations. Our trust model thus includes a
construct, recommendation novelty, which captures these aspects
of recommendation quality. Note that higher levels of novelty do
not necessarily lead to better perceived recommendation quality
(Cremonesi et al., 2011; Ekstrand et al., 2014; Said et al., 2013),
when the recommended items are too different from the user’s
general taste and the user’s familiarity with the recommended
items is low.

In addition to novelty, diversity has received increased interest
as a quality factor in recent years. The underlying assumption is
that, if the recommended items are too similar too each other,
the value for the user can be limited. If all recommended items
are quite similar, they may not be well-suited to help users to
understand the space of options or may be perceived as being
too monotonous or even biased. In fact, limited recommendation
diversity and catalog coverage can be problematic also from the
perspective of the provider of the recommendation service
(Bodoff and Ho, 2015; Fleder and Hosanagar, 2009). Recommenda-
tion diversity is typically measured in the literature in terms of the
similarity of the recommended items to each other and different
studies suggest that increasing the level of diversity has a positive
effect on the users’ quality perception of the recommendations
(Ekstrand et al., 2014; Said et al., 2013; Ziegler et al., 2005). We
thus include the corresponding construct recommendation diver-
sity in our trust model.

Transparency, an agent’s capability of explaining to the user
why certain items were recommended, is viewed as a central
trust-building factor (Pu and Chen, 2007; Swearingen and Sinha,
2002; Wang and Benbasat, 2005; Xiao and Benbasat, 2007). We
include transparency in our research model. Similar to the other
factors, we consider how users perceive the transparency of the
recommendation process, and how users think that the agent
determines the recommendations. Historically, explanation facili-
ties as trust-building mechanisms have been in the focus of
ca
re
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research in different fields already, for example, in traditional
knowledge-based expert systems and general IS (Johnson and
Johnson, 1993). In the context of recommendation agents, early
studies by Swearingen and Sinha (2002) showed the positive role
of transparency for establishing trust. Another example of trust-
related research is Zimmerman and Kurapati (2002), who proposed
a method for increasing trust in a TV show recommender, which
was based on displaying a reflective history in the user interface
of the system.

Questions of how to present the explanations to users and
which information to display have been explored too (Gedikli
et al., 2014; Tintarev and Masthoff, 2007a; Herlocker et al.,
2000). The focus was not on trust though. Instead, the studies focus
on individual effects of explanations such as perceived trans-
parency, effectiveness, efficiency, and persuasiveness. These serve
as a basis for the development of trust toward the agent. The stud-
ies also emphasize the importance of the interface in transparency
and trust.

Trust-inspiring explanation interfaces have also been explored
(Pu and Chen, 2007). The authors develop a research model to ana-
lyze the effects of two different user interfaces on user trust toward
the agent. Their work is similar to our research in that we aim to
identify and quantify trust-building factors. We do not compare
artificial user interfaces but instead use real online shops. Further,
our research approach includes trust as a factor in the model.

Recently, Wang et al. (2016) investigated the differential effects
of using avatar interfaces and explanation facilities as a means of
increasing the persuasive power of recommendation agents.
Observations from an experimental evaluation confirm that expla-
nations are suited to increasing cognitive, rationality-based trust.
Interface avatars, on the other hand, have the potential to create
affect-based, emotional trust, provided that the implementation
of the avatar is considered as being highly professional by the par-
ticipants. In our research model, we focus on cognitive trust; the
real-world websites used in our experiments do not use interface
avatars.
3. Research model and hypotheses

Our review of the literature shows that various factors con-
tribute to the user’s trust toward a recommendation agent. Our
Fig. 1. Trust model for e-comme
resulting research model is based on the three main factors: gen-
eral website quality, recommendation quality, and transparency.
The key research question is about the relative importance of the
factors. Fig. 1 shows the hypothesized effects among the variables
in our layered model. We discuss our hypotheses in detail. We
measure the different qualities based on the responses of partici-
pants in two user surveys. All measurements relate to perceived
qualities. We do not measure recommendation quality with objec-
tive measures such as precision and recall though.

3.1. Website quality and trust: Hypotheses 1–4

The WebQual model assumes that the quality of a website is
influenced by its usability, information content, and aspects of ser-
vice interaction. These directly lead us to the first three research
hypotheses related to website quality. The literature confirms in
various forms that aspects of website quality have an impact on
the consumers’ trust toward the website. Based on these findings,
we also offer Hypothesis 4, that website quality has a positive
trust-inspiring effect toward the recommendation agent.

To summarize:

� Hypothesis 1 (Usability?Website Quality). The usability of a
website that hosts a recommendendation agent has a positive effect
on perceived website quality.

� Hypothesis 2 (Information Quality?Website Quality). Infor-
mation quality has a positive effect on perceived website quality.

� Hypothesis 3 (Service Interaction Quality?Website Qual-
ity). Service interaction quality has a positive effect on perceived
website quality.

� Hypothesis 4 (Website Quality? Recommendation Trust).
Website quality has a positive effect on consumer trust in the rec-
ommendation agent.

3.2. Recommendation quality and trust: Hypotheses 5–8

Several factors, accuracy, novelty, and diversity, may impact the
user’s perception of a recommendation agent’s quality. Not all
effects are positive, and Ekstrand et al. (2014) and Jannach et al.
(2015) suggest that a high level of novelty can be detrimental to
consumer perceptions of quality. These observations lead us to
rce recommendation agents.



Table 1
Demographic profile of the participants.

Items Frequency Percent

Age 22 14 9.33
23–26 44 29.33
27–35 54 36.00
36–40 23 15.33
>40 15 10.00

Gender Male 87 58.00
Female 63 42.00

Education Master stud. 49 32.67
Ph.D. stud. 101 67.33

Experience with Amazon.com <1 Years 3 2.00
1–3 Years 9 6.00
>3 Years 138 92.00

Experience with Lazada.com <1 Years 12 8.00
1–3 Years 17 11.33
>3 Years 121 80.66
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the Hypotheses 5–8. We relate these quality factors to recommen-
dation quality. In Hypothesis 8, we assert that recommendation
quality has an influence on the consumer trust because of a higher
perceived level of personalization. Again, to summarize:

� Hypothesis 5 (Recommendation Accuracy? Recommenda-
tion Quality). The accuracy of the recommendations has a positive
effect on perceived recommendation quality.

� Hypothesis 6 (Recommendation Novelty? Recommenda-
tion Quality). Recommendation quality has no positive effect on
perceived recommendation agent quality.

� Hypothesis 7 (Recommendation Diversity? Recommenda-
tion Quality). Recommendation diversity has a positive effect on
perceived recommendation agent quality.

� Hypothesis 8 (Recommendation Quality? Trust in the Rec-
ommendation Agent). Perceived recommendation quality has a
positive effect on consumer trust in the recommendation agent.

3.3. Transparency, trust, and intention to purchase: Hypotheses 9–11

The final three hypotheses concern the relationships between
the explanations made by the recommendation agent, the per-
ceived level of transparency, and the possible effects on trust and
the user’s intention to make a purchase (Pu et al., 2011). The
hypotheses are summarized as follows:

� Hypothesis 9 (Explanations? Recommendation Process
Transparency). Explanations have a positive effect on the per-
ceived transparency of the recommendation process.

� Hypothesis 10 (Recommendation Process Transparency?
Recommender System Trust). Transparency has a positive effect
on the consumers’ trust in the recommendations made by the
agent.

� Hypothesis 11 (Trust? Purchase Intention). Increased levels of
trust positively impact a consumers’ intention to purchase an item.

4. Survey design

We conducted a laboratory study with 150 participants to test
our research hypotheses. The survey design and our observations
are described next.

4.1. Participants

We recruited 150 master and PhD students Computer Science
and Information Systems at the Universiti Teknologi Malaysia
(UTM) to participate in the survey. Most of them were between
23 and 35 years old and experienced users of online shopping plat-
forms. The detailed statistics of the students, who were selected
based on convenience sampling, are given in Table 1.

4.2. Data collection process

The task of the participants was to interact with two different e-
commerce websites (Amazon.com and Lazada.com). On Amazon.-
com, they were asked to inspect and select 10 different shop items
in the book section of the online store. On Lazada.com, the target
domain was digital cameras. Choosing two different item cate-
gories should allow us to validate that the observed effects gener-
alize to different domains.

When visiting the Amazon.com website, participants could look
up books of their choice but were advised to focus on books they
already know about (e.g., technical books that they have read dur-
ing their studies). Comparable instructions were made for the cam-
era domain on Lazada.com. The participants also were encouraged
at the beginning of the experiment to look at the recommendations
provided on the site when they were browsing the store and to
inspect the details of the books or cameras.

As shown in Table 1, the majority of the participants was
already well-acquainted with both systems before the experiment.
For example, more than 90% had been using Amazon.com for more
than three years. Even for the much younger Lazada platform,
which has a similar business model as Amazon, more than 80%
had been using the e-commerce website beginning with or shortly
after its introduction. The experiment was conducted in one of the
laboratories of our university.

All of the computer that were used had the same hardware
equipment in terms of screens, memory, and processing power.
On average, the participants spent about 90 min interacting with
both websites and inspecting the item details. Instead of actually
buying books or cameras, the participants could place relevant
items into the shopping basket. At the end of the browsing session,
the participants were asked to fill out a questionnaire.
4.3. Questionnaire

The questionnaire comprised 48 items related to the 12 con-
structs of our research model. The question items are listed in
Table 2 and are organized in the following groups. (See the Appen-
dix Table A1 for the references for the questionnaire items.)

� Usability (US1–US8), Information Quality (IQ1–IQ7), Service
Interaction (SI1–SI7): The question items are based on the
WebQual model.

� Recommendation Accuracy (RA1–RA3), Recommendation
Novelty (RN1–RN3), Recommendation Diversity (RD1–RD2):
Questions relate to the perceived quality of the recommenda-
tions. The question items are similar to those suggested and
used previously (Ekstrand et al., 2014; Knijnenburg et al.,
2012; Pu et al., 2011).

� Explanations (EX1–EX3): The question items are inspired by the
questionnaire of Gedikli et al. (2014) and the considerations of
Herlocker et al. (2000) about explanations and user involvement.

� Website Quality (WQ1–WQ3), Recommendation Quality (RQ1–
RQ3), Transparency (TR1–TR3): The questionnaire items assess
the users’ perception of the different quality factors.

� Trust (TRS1–TRS3): The three questionnaire items assess the
users’ trust in the system.

� Purchase Intention (IN1–IN3): The final questionnaire items
were designed to gauge the users’ intention to purchase an
item.



Table 2
Questionnaire items.

Construct Item

Usability (US) 1. I find the site easy to learn to operate
2. My interaction with the site is clear and understandable
3. I find the site easy to navigate
4. I find the site easy to use
5. The site has an attractive appearance
6. The design is appropriate for this type of website
7. The site conveys a sense of competence
8. The site creates a positive experience for me

Information Quality (IQ) 1. The website provides accurate information
2. The website provides believable information
3. The website provides timely information
4. The website provides relevant information
5. The website provides easy to understand information
6. The website provides information at the right level of detail
7. The website provides the information in an appropriate format

Service Interaction (SI) 1. The site has a good reputation
2. It feels safe to complete transactions
3. My personal information feels secure
4. The site creates a sense of personalization
5. The website conveys a sense of community
6. It is easy to communicate with the organization
7. I feel confident that goods/services will be delivered as promised

Web site Quality (WQ) 1. My overall evaluation of the features of this website is very high
2. The quality of this Web site meets my expectations
3. The Web site offered unique features to me that are different from other retail Web sites

Recommendation Accuracy (RA) 1. The items recommended to me matched my interests
2. I find many items appealing that the system recommended me
3. The recommendations I received better fits my interests than what I may receive from a friend

Recommendation Novelty (RN) 1. This recommendation agent recommended items to me that I did not expect
2. This recommendation agent helped me discover new products
3. I could find familiar items through the recommender

Recommendation Diversity (RD) 1. The items recommended to me are not similar to each other
2. The items recommended to me are of various kinds

Recommendation Quality (RQ) 1. The quality of the recommendations is the same as I wanted
2. My overall evaluation of the recommendations of this recommendation agent is superior
3. Overall, the quality of the recommendations of this recommendation agent valuable

Explanation (EX) 1. The recommender explains why the products are recommended to me
2. When interacting with the recommendation agent, I felt involved in its recommendation process
3. This recommendation agent educated me about the process used for generating a recommendation, so that I

could better understand the strengths and limitations of the system
Transparency (TR) 1. I understood why the items were recommended to me

2. The explanation facilities of the recommendation agent help me make better decisions
3. The explanation facilities helped increase my acceptance of the recommendations made by the system

Trust (TRS) 1. I am convinced that the recommended items are suitable for me
2. I am confident I will like the items recommended to me
3. The recommender can be trusted

Purchase Intention (IN) 1. I would buy the items recommended, given the opportunity
2. I have a high intention to buy items recommended by the recommender
3. I intend to continue using this recommender for purchasing items in the future
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The participants had to express their opinions using five-point
Likert scales (Strongly Agree = 5, Agree = 4, Neither Agree nor Dis-
agree = 3, Disagree = 2, and Strongly Disagree = 1).

4.4. Differences between Amazon.com and Lazada.com

The business models of Amazon.com and Lazada.com, which are
popular in Southeast Asia, are comparable: they both offer a broad
range of items on their e-commerce websites. Amazon.com
pioneering the use of recommendations on a large scale (Linden
et al., 2003), and provides recommendations in a large number of
item categories, typically under the labels ‘‘Customers who bought
. . . also bought” or ‘‘Frequently bought together.” On Lazada.com,
comparable recommendations are presented in many categories
under the labels ‘‘Other options”, ‘‘Related products”, ‘‘Frequently
bought together”, or ‘‘Related searches.” In both cases, the pre-
sented items are neither explicitly labeled as personal recommen-
dations, nor do the labels suggest that the recommendations are
personalized. In our view, their functionality is comparable.
Regarding the aspects of explanations and transparency, note
that the website of Amazon.com – at the time of the study – had
different features suited to explain the rationale of the recommen-
dations to the user. On Amazon.com the different labels of the var-
ious recommendation lists carry some explanatory information.
Furthermore, inside certain recommendation lists, each item has
a link attached labeled ‘‘Why recommended.” Clicking on the link
opens a pop-up window in which an explanation is presented that
is usually based on other purchases or item views. Within the pop-
up window, users can rate the recommended item and the items
used in the explanations. Further, they can give feedback to the
system to not use certain items as a basis for recommendations
anymore.

Such functionality is not available on Lazada.com; the main
explanatory information is conveyed through the choice of the
labels of the recommendation lists (Gedikli et al., 2014). Both e-
commerce websites prominently display information about cus-
tomer ratings and reviews on each item page to make the overall
rating of the presented items transparent for the users though.
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We focus on the concept of perceived transparency, the subjective
feeling of the users that they understand the recommendations.
Past research has shown that it is not necessarily required that
the explanations truly reflect the inner workings of a recommenda-
tion system to be able to have a persuasive effect on users
(Herlocker et al., 2000).
5. Empirical results

We applied partial least squares (PLS) and structural equation
modeling (SEM) (Hair et al., 1998) to analyze the hypothesized rela-
tionships in our research model. SEM is a quantitative statistical
method to assess the relationships between multiple independent
variables and dependent variables of a model. It combines the
advantages of path analysis, factor analysis, andmultiple regression
analysis and helps us examine the relationship between the vari-
ables in terms of the explained variance (Jöreskog and Sörbom,
1993). We used SmartPLS (www.smartpls.com) for our analysis.

Before we summarize the results for our research model, we
will first report the outcomes of different tests that we applied to
check the appropriateness of the model.

5.1. Assessment of the measurement model

We assess the reliability and validity of our measurement
model in four different dimensions: indicator reliability, internal
consistency, convergent validity, and discriminant validity (Hair
et al., 2013; Henseler et al., 2009).

5.1.1. Indicator reliability
Indicator reliability refers to how well each item is related to its

respective construct (Hair et al., 2013). Indicators should have
outer loadings above the threshold value of 0.7. In case the values
are below the threshold value of 0.7, the indicators should be con-
sidered for removal (Hair et al., 2011). In our research, we adopted
0.7 as an acceptable level for item loading. The results for indicator
reliability are shown in Tables A.1 (Amazon case) and A.2 (Lazada)
in the Appendix.

All outer loadings of the reflective constructs are well above the
threshold value of 0.7. All 48 items were above the minimum
acceptable level for the outer loadings for both e-commerce web-
sites that we tested. In the case of Amazon, the indicator US2
(0.729) – about the clarity of the interaction with the site – had
the smallest indicator reliability and the indicator RD2 (0.931) –
on recommendation diversity – had the highest one. In the Lazada
case, the lowest value was observed for RA1 (accuracy) and the
highest value again for RD2.

5.1.2. Internal consistency, convergent validity and discriminant
validity

The reliability of each specified research construct was checked
before performing the validity analysis. In Appendix Tables A.3
(Amazon) and Table A.4 (Lazada), we report the values for compos-
ite reliability, which range from 0.834 to 0.963, and Cronbach’s
alpha, with values between 0.702 and 0.956. All values are higher
than the suggested minimum threshold of 0.7, thus representing
an adequate level of internal consistency (Sekaran and Bougie,
2010; Nunnally, 1978).

Convergent validity refers to whether a latent variable is able to
explain its indicators on average; it signifies the amount of vari-
ance shared between a construct and its indicators. Convergent
validity builds on the average variance extracted (AVE) value. Fol-
lowing Hair et al. (2013), we consider 0.5 as the acceptable mini-
mum AVE value. As shown in Appendix Table A.5, the AVE values
for all constructs exceeded the recommended value of 0.5, which
means that convergent validity is established for both e-
commerce websites. The highest values for AVE were found for rec-
ommendation diversity for both, and the lowest acceptable values
were found for usability for Amazon and for recommendation
accuracy for Lazada.

To assess the discriminant validity of the model, we used the
cross loadings matrix and the Fornell–Larcker criterion (Fornell
and Larcker, 1981). In the cross-loadings matrix, the item loading
of each indicator should be greater than all of its loadings on other
constructs. According to the Fornell–Larcker criterion, the square
root of the AVE of each construct must be higher than its highest
correlation with any other construct. The logic of this method is
that a construct shares more variance with its associated indicators
than with any other construct (Hair et al., 2013).

Appendix Tables A.1 (Amazon) and A.2 (Lazada) also show the
cross-loadings matrices. The results reveal that the loading of each
measurement item on its assigned construct is larger than its load-
ing on any other construct in the model. Thus, the items for each
construct were loaded on a single factor without large cross-
loadings on additional factors. The results confirm that the mea-
surement model has strong discriminant validity at the level of
the items. The results for the discriminant validity analysis based
on the Fornell–Larcker criterion are shown in Appendix Tables
A.6 (Amazon) and A.7 (Lazada). When applying this criterion, the
square root of the AVE of each construct is compared with its
bivariate correlations with all other constructs. Thus, we inspected
the square root of the AVEs to ensure that their values were above
the correlations between the various constructs.

The results in Tables A.6 (Amazon) and A.7 (Lazada) show that
in all cases the square root of the AVE of each construct is larger
than the inter-construct correlations (Fornell and Bookstein,
1982). In addition, an analysis of the correlations among all latent
variables shows that all constructs are distinct from each other
because their correlations are below the threshold of 0.9.

5.1.3. Assessment of the formative construct
Information quality is the only formative construct of our

model, and all the others are reflective constructs. To ensure the
validity and reliability of the construct, we check possible
collinearity issues and the construct’s significance and relevance
(Hair et al., 2011; Wilcox et al., 2008).

To check for collinearity, the variance inflation factor (VIF) was
assessed. High correlation between two formative indicators can
indicate a possibly problematic collinearity issue. Following Hair
et al. (2013), a VIF of 5 and higher indicates the existence of
collinearity. The results of the analysis are given in Appendix
Table A.8. All VIF are below the threshold of 5 for both e-
commerce websites that we tested.

To assess the significance of the path coefficients, we use the
bootstrapping algorithm. The outer weights obtained by the boot-
strapping procedure should be different from zero and surpass a
minimum threshold 1.96 for the t-value. In the Amazon case, all
outer weights are different from zero, but only IQ2 meets the min-
imum threshold for the t-value. In such cases, as suggested by Hair
et al. (2013), the outer loadings should be checked for these partic-
ular indicators to see if they pass a minimum threshold of 0.50. If
so as it is in our analysis for the Amazon site, they should be
retained in the analysis. For the Lazada site, all measurement items
except IQ7met the minimum threshold of 0.5 for the outer loading.
So we removed IQ7 from the subsequent analysis.

The detailed statistical results are presented in Appendix Tables
A.9 and A.10.

5.1.4. Summary of the analysis of the measurement model
Our assessment of the measurement model shows that there is

satisfactory empirical support with respect to reliability as well as

http://www.smartpls.com
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convergent and discriminant validity. The assessment of the for-
mative construct information quality revealed that measurement
item IQ7 did not reach the required significance level and was
removed from the further analysis in the case of the Lazada site.
For the Amazon case, all of the 48 measurement items were
retained. With an adequate and sufficient measurement model,
we next present the assessment of our structural model using
the PLS and SEM analysis.
5.2. Assessment of the structural model and research hypotheses

The structural or inner model represents the relationship
between the variables and constructs. We use two criteria to assess
the structural model: the size and significance of the path coeffi-
cients and the coefficient of determination R2 (Hair et al., 2013;
Kijsanayotin et al., 2009; Urbach and Ahlemann, 2010).
5.2.1. Path coefficients
Path coefficients indicate the strength of the relationship

between the latent variables in the model and range between �1
and +1. The t-values obtained by bootstrapping evaluate whether
a coefficient is significant. The obtained path coefficients and t-
values are listed in Tables 3 (Amazon) and Table 4 (Lazada).

The main result is that for both e-commerce websites all three
main factors proposed in our model (website quality, recommen-
dation quality, and transparency) significantly affect the con-
sumers’ trust in the system (p < 0.01). Trust, in turn, has a
significant impact on the users’ purchase intention (p < 0.01).
And most of the other hypothesized effects are also significant
(p < 0.01). In two cases, the effects were only marginally significant
for one of the e-commerce websites (p < 0.10) even though they
were clearly significant (p < 0.01) in the other case. Both relate to
the Usability?Website Quality Hypothesis (H1) and the Service
Interaction Quality?Website Quality Hypothesis (H3) on the rela-
Table 3
Evaluation of research hypotheses (Amazon).

Hyp. Link b t-value p-value

H1 US?WQ 0.125 1.847 0.065
H2 IQ?WQ 0.319 3.982 0.000
H3 SI ?WQ 0.393 5.219 0.000
H4 WQ? TRS 0.236 3.728 0.000
H5 RA? RQ 0.284 3.161 0.002
H6 RN? RQ 0.471 7.637 0.000
H7 RD? RQ 0.171 2.651 0.008
H8 RQ? TRS 0.302 4.694 0.000
H9 EX? TR 0.819 25.643 0.000
H10 TR? TRS 0.401 5.546 0.000
H11 TRS? IN 0.616 10.968 0.000

Table 4
Evaluation of research hypotheses (Lazada).

Hyp. Link b t-value p-value

H1 US?WQ 0.562 7.544 0.000
H2 IQ?WQ 0.106 1.992 0.047
H3 SI ?WQ 0.244 3.129 0.002
H4 WQ? TRS 0.189 2.628 0.009
H5 RA? RQ 0.257 3.842 0.000
H6 RN? RQ 0.350 6.195 0.000
H7 RD? RQ 0.319 5.311 0.000
H8 RQ? TRS 0.345 3.387 0.001
H9 EX? TR 0.702 15.979 0.000
H10 TR? TRS 0.445 5.287 0.000
H11 TRS? IN 0.590 9.541 0.000
tionships between usability, service interaction, and website qual-
ity. That these relationships were only marginally significant for
one of the websites is surprising as the hypotheses were based
on the WebQual model.

Regarding the different quality factors for recommendations,
novelty – in contrast to the Recommendation Novelty? Recom-
mendation Quality Hypothesis (H6) – had the strongest positive
effect on the perceived quality of the recommendations for both
applications. To some extent this is surprising, since in other
domains like movie recommendation novelty had a limited effect
on the user’s perception of the system (Ekstrand et al., 2014;
Jannach et al., 2015). The importance of the quality factors seems
to partially depend on the domain, as the importance of diversity
was inconsistent across the two websites.

5.2.2. Coefficients of determination (R2s)
The second key criterion for evaluating the structural model is

the coefficient of determination R2 for the dependent variables. It
measures the proportion of the variance of a dependent variable
that is explained by independent variables (Hair et al., 1998). It
shows the model’s ability to explain and predict the dependent
latent variables (Ringle et al., 2012). R2 values of 0.75, 0.50, or
0.25 for dependent variables are viewed as substantial, moderate,
or weak (Hair et al., 2013).

Tables 5 (Amazon) and Table 6 (Lazada) present the R2s of the
dependent variables in the research model. Effects could be
observed for all dependent variables. Most measured effects are
above the moderate threshold. The only exception for both e-
commerce websites concerns the relationship for trust and pur-
chase intention, where the values are below 0.5. So the effects
are weaker than the others, but still present.

5.2.3. Summary of model fit results
The overall results for our proposed model are summarized in

Figs. 2a (Amazon) and 2b (Lazada).
The results for the two e-commerce websites show that:

� Trust in both cases has a strong impact on the user’s intention to
make a purchase with b values being around 0.6.

� Transparency, recommendation quality, and website quality all
have significant effects on trust too. The relative importance of
the factors is consistent for both websites as well.

� Explanations lead to comparable effects on transparency with
values between 0.7 and 0.8 in both.
Table 5
R-squares of dependent variables (Amazon).

Dep. variables Notation R-Square

Purchase Intention IN 0.379
Trust TRS 0.634
Web site Quality WQ 0.524
Recommendation Quality RQ 0.583
Transparency TR 0.671

Table 6
R-Squares of Dependent Variables (Lazada).

Dep. variables Notation R-Square

Purchase Intention IN 0.348
Trust TRS 0.793
Website Quality WQ 0.668
Recommendation Quality RQ 0.608
Transparency TR 0.492



Fig. 2. Summary of results for model fitted with PLS.
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� Recommendation accuracy, diversity, and novelty are relevant
quality factors in both domains, but with different levels of
importance.

� Differences across the two sites also exist with respect to the
relative importance of the different factors that impact website
quality.

6. Conclusion

6.1. Theoretical contributions

Our work continues existing lines of research that aim to better
understand the factors that influence the adoption of e-commerce
recommendation agents. We focus on the role of trust, a central
concept for the success of recommendation agents (Wang and
Benbasat, 2008; Xiao and Benbasat, 2007) and also for
e-commerce adoption (Grabner-Kräuter and Kaluscha, 2003; Lim
et al., 2006).

We take into account that recommendation agents are almost
never stand-alone applications but are usually one of several
components of an e-commerce website. We propose a new model
that combines aspects of website quality with other trust-building
factors. Overall, our survey-based study not only confirmed our
Website Quality? Recommendation Trust Hypothesis (H4) that
website quality significantly affects consumer trust in an
embedded recommendation agent. It also shows the relative
importance of the different related factors. An interesting
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insight is that the importance of the three main trust-building fac-
tors considered in our study is very similar across the two e-
commerce websites and product domains – experience versus
search products.

When we look at the details of the effects on these main factors,
we observe differences across the domains. While the effect of rec-
ommendation accuracy on recommendation quality is similar for
books and cameras, providing more diverse recommendations led
to a higher perceived recommendation quality for digital cameras.
Novelty was slightly more appreciated by the participants in the
domain of books. This seems plausible: many users of a book
recommendation agent may be interested in finding something
new, whereas buyers of digital cameras may appreciate a
recommendation agent capable of proposing a diverse choice set
that does not contain too similar items. Generally, however, the
findings corroborate the assumption that being accurate is not
enough for building a successful recommendation system (McNee
et al., 2006), and other factors such as novelty or diversity can play
an important role.

In the context of quality factors for recommendations, familiar-
ity is considered to be trust-building (Xiao and Benbasat, 2007).
Users may be leaning to trust a recommendation agent or feel pos-
itive about it, if it, among other things, recommends items to them
that they already know (Jannach et al., 2015). Assessing the relative
importance of item familiarity as a trust-building factor is part of
our future work. We did not include it in our present study. Partic-
ipants did not log in with their usual accounts, and the system
could not intentionally recommend items that the user had seen
in the past.

Looking at the factors that contribute to website quality, we
observe differences. For Lazada.com, the dominant contributing
factor is usability, whereas on Amazon.com the contributions of
information quality and service interaction were much more pro-
nounced. As a result, since website quality had an impact on trust
in both cases, we conclude that all of the factors that we considered
can be relevant, but their relative importance seems to depend on
the domain or specific application.

Finally, given the strong effect of trust on user purchase
intentions, our work further demonstrates the importance of trust
as a means to influence the behavioral intentions of online
customers.
3 The sample size of 150 participants is sufficient for our study according to the
heuristic proposed by Hair et al. (2013) for exploratory PLS-SEM models and
Boomsma’s (1982) rule. Confirmatory SEM models with the same number of
variables, indicators, and paths may require larger sample sizes, depending on the
minimum effect size (Westland, 2010).
6.2. Practical implications

From a practical perspective, the dominating role of perceived
transparency for the development of trust implies that
e-commerce websites in the future should focus more on incor-
porating explanation mechanisms into their recommendation
agents. Concentrating solely on the optimization of machine
learning models for accurate recommendations may be insuffi-
cient. This is important: algorithms optimized for accuracy in
an offline process with historical data are not necessarily the
most successful ones in practice (Gomez-Uribe and Hunt, 2015;
Garcin et al., 2014).

Amazon.com has implemented advanced forms of explanation
for its recommendations to users and puts them into control.
Compared to the Lazada.com, the effect of transparency on trust
is, possibly as a result, higher on Amazon.com (0.819 versus
0.702). Nonetheless, the effect on Lazada.com also is quite strong
though the explanations are limited to labels of the recommenda-
tion lists or aggregated community ratings. The underlying recom-
mendation mechanism for the camera domain seems to
recommend similar and popular items of the same category. This
makes it obvious for users to see how the recommendation list
was created. In case of experience products like books, more
diverse or even serendipitous recommendations may be helpful
for users, but they may necessitate better explanations for the
user.

One main practical challenge of providing such explanations
lies in the design of the explanation interface. They must be
designed so they are easy to comprehend by a heterogeneous user
group. Understandability may not be enough though: different
types of interfaces can also lead to desired or undesired effects
on users (Gedikli et al., 2014).

The observations related to novelty and diversity suggest that
the ‘‘right” level of these factors depends on the domain and pur-
pose of the recommendation system. If the goal is to point users
to novel items and help them discover the item space (e.g., in
online music platforms), more diversity and novelty seems appro-
priate. If, on the other hand, the goal of the recommender is to pro-
vide the user with a limited choice set of similar items in a
decision-making scenario, a collection of comparable items (i.e.,
less diversity) may be more valuable for the user. Alternatively, a
recommender may recommend substitutes for a currently-
viewed item, or recommend complements and accessories (Diehl
et al., 2015). One practical implication of these insights is that
e-commerce providers should have the intended utility of the rec-
ommendation agent and the domain in mind when designing its
logic.

6.3. Research limitations

The 150 participants of our study all had a certain back-
ground and education level.3 While students of computer science
and IS have many characteristics of typical online shoppers, there
may be aspects of a recommendation agent that are more relevant
for students than the general user population. Nonetheless, no
specific IT knowledge was required for the participants to answer
the questionnaire items. And the participants had no particular
background in the field of recommender systems, which could
have led to a heightened awareness with respect to recommenda-
tion quality.

Most participants had several years of experience with both
websites. Positive and negative prior experiences at the level of
individual participants existed, but were not captured by our
research model. The effects of these prior experiences should aver-
age out across the participant population. Another possible limita-
tion of using two popular websites is that the relative importance
of the quality factors may have been different had we used less
well-known websites. General website quality, for example, may
be more important for users who have not interacted with the site
before. We held the popularity level of the websites constant, so as
to not add another salient dimension. The influence of other
characteristics on the relative importance of trust-building quality
factors is left for the future.

Overall, our observations regarding perceived recommendation
quality are based on surveys for two different e-commerce
websites and two application domains: books and cameras. Other
domains will no doubt have recommendation quality factors that
are different in their importance. Finally, even though we used
established questionnaire items for the measurement of
intention-to-purchase, the demand scenario for the participants
was remains was artificial: the participants did not have to make
a purchase decision.
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Appendix A. Detailed statistical results and questionnaire items

The section provides the sources of the questionnaire items
used in this study. We also include detailed statistical results for
both e-commerce platforms (see Table A.11):

� Outer loadings of the reflective constructs and the discriminant
validity results based on the cross-loadings matrix (Tables A.1
and A.2)
Table A.1
Outer loadings of the reflective constructs and discriminant v

The grey shaded areas show that the loading of each measu
loading on any other construct in the model.
� Results regarding the internal consistency of the reflective con-
structs (Tables A.3 and A.4)

� Results of the assessment of convergent validity analysis of the
reflective constructs (Table A.5)

� Discriminant validity assessment based on Fornell–Larcker cri-
terion (Tables A.6 and A.7)

� Variance inflation factor (VIF) analysis for the formative con-
struct (Table A.8)

� Significance assessment of the formative construct information
quality (Tables A.9 and A.10).

Abbreviations: EX = Explanation; IQ = Information Quality;
RA = Recommendation Accuracy; RD = Recommendation Diversity;
RN = Recommendation Novelty; RQ = Recommendation Quality;
SI = Service Interaction; TR = Transparency; TRS = Trust; US =
Usability; WQ =Website Quality; IN = Intention to Purchase.
alidity based on cross-loadings matrix (Amazon).

rement item on its assigned construct is larger than its



Table A.2
Outer loadings of the reflective constructs and discriminant validity based on cross-loadings matrix (Lazada).

The grey shaded areas show that the loading of each measurement item on its assigned construct is larger than its
loading on any other construct in the model.

Table A.4
Internal consistency of the reflective constructs (Lazada).

Construct Composite reliability Cronbach’s Alpha

Explanation 0.937 0.899
Intention 0.881 0.798
Recommendation Accuracy 0.864 0.763
Recommendation Diversity 0.934 0.859
Recommendation Novelty 0.923 0.875
Recommendation Quality 0.931 0.889
Service Interaction 0.946 0.933
Transparency 0.888 0.811
Trust 0.885 0.804
Usability 0.963 0.956
Website Quality 0.920 0.869

Table A.3
Internal consistency of the reflective constructs (Amazon).

Construct Composite reliability Cronbach’s Alpha

Explanation 0.911 0.854
Purchase Intention 0.846 0.726
Recommendation Accuracy 0.880 0.796
Recommendation Diversity 0.928 0.846
Recommendation Novelty 0.906 0.785
Recommendation Quality 0.876 0.785
Service Interaction 0.918 0.896
Transparency 0.902 0.836
Trust 0.834 0.702
Usability 0.913 0.891
Website Quality 0.917 0.864
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Table A.9
Significance assessment of the formative construct (Amazon).

Construct Measurement
item

Significance

Outer
weight

Outer
loading

t-value>1.96 p-value

Information
Quality

IQ1 0.211 0.721 1.618 0.106
IQ2 0.452 0.845 3.271 0.001
IQ3 0.109 0.697 0.783 0.434
IQ4 0.221 0.790 1.840 0.066
IQ5 0.241 0.840 1.704 0.089
IQ6 -0.114 0.617 0.861 0.390
IQ7 0.119 0.696 0.956 0.340

Table A.7
Discriminant validity based on the Fornell–Larcker criterion. Diagonal elements (in bold) represent the square root of the AVE (Lazada).

EX IN IQ RA RD RN RQ SI TR TRS US WQ

EX 0.912
IN 0.428 0.844
IQ 0.321 0.265 formt.
RA 0.457 0.197 0.201 0.824
RD 0.542 0.293 0.150 0.550 0.936
RN 0.499 0.492 0.201 0.576 0.551 0.895
RQ 0.764 0.493 0.264 0.634 0.654 0.674 0.905
SI 0.609 0.332 0.290 0.369 0.431 0.391 0.551 0.845
TR 0.702 0.435 0.176 0.429 0.596 0.521 0.793 0.497 0.852
TRS 0.728 0.590 0.285 0.460 0.591 0.577 0.820 0.521 0.845 0.848
US 0.638 0.284 0.368 0.413 0.451 0.383 0.609 0.812 0.601 0.586 0.875
WQ 0.701 0.374 0.390 0.415 0.583 0.449 0.645 0.731 0.668 0.709 0.799 0.891

Table A.6
Discriminant validity based on the Fornell–Larcker criterion. Diagonal elements (in bold) represent the square root of the AVE (Amazon).

EX IN IQ RA RD RN RQ SI TR TRS US WQ

EX 0.880
IN 0.481 0.805
IQ 0.420 0.394 formt.
RA 0.369 0.486 0.137 0.842
RD 0.320 0.498 0.254 0.346 0.931
RN 0.377 0.531 0.213 0.545 0.450 0.873
RQ 0.531 0.651 0.363 0.599 0.481 0.702 0.838
SI 0.470 0.461 0.583 0.218 0.139 0.234 0.395 0.784
TR 0.819 0.587 0.413 0.445 0.341 0.450 0.624 0.431 0.868
TRS 0.554 0.616 0.416 0.359 0.267 0.445 0.661 0.389 0.726 0.792
US 0.401 0.391 0.576 0.162 0.216 0.132 0.282 0.610 0.401 0.291 0.753
WQ 0.476 0.567 0.621 0.222 0.338 0.279 0.462 0.656 0.577 0.607 0.549 0.887

Table A.5
Convergent validity of the reflective constructs.

Construct (Amazon) AVE Construct (Lazada) AVE

Explanation 0.774 Explanation 0.831
Purchase Intention 0.648 Purchase Intention 0.712
Recommendation Accuracy 0.709 Recommendation Accuracy 0.679
Recommendation Diversity 0.866 Recommendation Diversity 0.877
Recommendation Novelty 0.762 Recommendation Novelty 0.801
Recommendation Quality 0.703 Recommendation Quality 0.819
Service Interaction 0.615 Service Interaction 0.715
Transparency 0.754 Transparency 0.726
Trust 0.627 Trust 0.720
Usability 0.568 Usability 0.766
Website Quality 0.786 Website Quality 0.793

Table A.8
Variance inflation factor (VIF) for the formative construct.

Construct Measurement item VIF (Amazon) VIF (Lazada)

Information Quality IQ1 1.670 1.598
IQ2 2.217 3.641
IQ3 1.794 1.825
IQ4 2.019 2.021
IQ5 2.569 1.595
IQ6 2.184 4.059
IQ7 1.936 1.489
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Table A.10
Significance assessment of the formative construct (Lazada).

Construct Measurement
item

Significance

Outer
weight

Outer
loading

t-value>1.96 p-value

Information
Quality

IQ1 0.194 0.672 0.855 0.393
IQ2 0.470 0.792 1.135 0.257
IQ3 0.351 0.774 1.482 0.139
IQ4 0.315 0.779 1.311 0.190
IQ5 0.079 0.625 0.368 0.713
IQ6 -0.015 0.780 0.034 0.973
IQ7 -0.123 0.463 0.528 0.598

Table A.11
References for questionnaire items.

Construct Source

Usability (US) Barnes and Vidgen (2002 2003)
Information Quality (IQ) Barnes and Vidgen (2002, 2003)
Service Interaction (SI) Barnes and Vidgen (2002, 2003)
Website Quality (WQ) Al-Qeisi et al. (2014), Chang et al. (2014

McKnight et al. (2002)
Recommendation Accuracy (RA) Pu et al. (2011)
Recommendation Novelty (RN) Pu et al. (2011)
Recommendation Diversity (RD) Pu et al. (2011)
Recommendation Quality (RQ) Pu et al. (2011), Yoon et al. (2013)
Explanation (EX) Pu et al. (2011)
Transparency (TR) Pu et al. (2011)
Trust (TRS) Kim et al. (2008), Ganguly et al. (2010)
Purchase Intention (IN) Kim et al. (2008), Ganguly et al. (2010)
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