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That recommendation agents (RAs) can substantially improve consumers’ decision making is well understood.
Far less understood is the influence of specific design attributes of the RA interface on decision making and
other outcome measures.  We investigate a novel design for an RA interface that enables it to interactively
demonstrate trade-offs among product attribute values (i.e., trade-off transparency feature) to improve
consumers’ perceived product diagnosticity and perceived enjoyment.  We also examine the extent to which
the trade-offs among product attribute values should be revealed to the user.  Further, based on the stimulus–
organism–response model, we develop a theoretical model that extends the effort–accuracy framework by
proposing perceived enjoyment and perceived product diagnosticity as two antecedents for perceived decision
quality and perceived decision effort, respectively.  In an experimental study, we find that (1) the trade-off
transparency feature significantly affects perceived enjoyment and perceived product diagnosticity, (2) per-
ceived enjoyment and perceived product diagnosticity follow an inverted U-shaped curve as the level of trade-
off transparency increases, (3) although users spend more time understanding attribute trade-offs with the
trade-off transparency feature, they are more efficient in selecting a product, (4) perceived enjoyment simul-
taneously leads to better perceived decision quality and lower perceived decision effort, and (5) perceived
product diagnosticity leads to better perceived decision quality without compromising perceptions of decision
effort.  Theoretically, this study increases our understanding of how the design of an RA interface can improve
consumers’ product diagnosticity and enjoyment, and proposes two antecedents to improve perceived decision
quality and reduce perceived decision effort.  For design practitioners, our results indicate the importance of
providing the trade-off transparency design feature to potential consumers.
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Introduction

The large variety and quantity of products available on the
Internet have given rise to the need for product recom-
mendation agents (RAs) that assist consumers in choosing the
“right” products (Ricci and Werthner 2006).  RAs provide
assistance by eliciting the purchasing needs of consumers and
then making product recommendations that satisfy these
preferences (Xiao and Benbasat 2007).  As e-business
matures, the effectiveness enabled by RAs is recognized as a
key success factor for organizations confronted with growing
competitive pressures (Ahn 2006; Kamis and Stohr 2006;
Liao et al. 2005; Palanivel and Sivakumar 2010).

Properly designed, RAs hold the promise of increased sales
and customer loyalty (Berman 2002).  However, a poorly
designed RA may result in lost sales and frustrated con-
sumers.  According to Andrew Coates, CEO of AgentArts, a
leading personalization and recommendation technology
company, the user interface layer is “the critical difference as
to how visible and accessible recommendations really are”
(Leavitt 2006, p. 17).  Gretzel and Fesenmaier (2006) empha-
sized the importance of the cues provided in the course of a
user–technology interaction.  While the importance of the
RA’s user interface has been emphasized by practitioners
(e.g., Leavitt 2006, p. 15) and scholars (e.g., Gretzel and
Fesenmaier 2006), the user interface to implement the RA and
the influence of the interface on various outcome measures
are still not well understood (Hess et al. 2009; Kamis et al.
2010).

A central function of RAs is to capture consumers’ product
attribute preferences, which then allows for the identification
of products appropriate for a consumer’s interests (Xiao and
Benbasat 2007).  Because of the conflicting values of product
attributes (Goldstein et al. 2001), trade-offs are inherent in
many purchase choices (Bettman et al. 1998; Häubl and
Murray 2003).  For example, a laptop computer’s faster pro-
cessor comes with a higher price, and its larger screen size
comes with a heavier weight.  In consumer decision making,
a consumer’s awareness of trade-offs is a double-edged
sword.  On one hand, consumers often avoid trade-offs
because attributes might link to important self-goals and
trading them (i.e., the realization that some attribute targets
may not be fulfilled) could cause a significant negative affect
in certain decision contexts (Drolet and Luce 2004; Lee and
Benbasat 2011; Luce et al. 1999).  On the other hand, explicit
considerations of the trade-offs among product attributes are
helpful for more accurate decision making (e.g., Delquie
2003; Frisch and Clemen 1994).  When expressing their needs
and preferences to RAs, without a reasonable understanding
of attribute value trade-offs, users may overestimate their real

needs/desires and RAs may end up presenting them with pro-
duct choices that do not fit their needs.  Consequently, users
might have unfavorable perceptions of RAs and discontinue
using them (Wang and Benbasat 2007).  Thus, a gap that
needs to be filled in the literature is addressing the conflicting
outcomes of trade-off awareness such that an RA input inter-
face can make explicit to the consumer the trade-offs in
product attribute values without compromising the user
experience with the RA.

The first objective of this paper is to address this gap by im-
proving the communication interface between an RA and its
users during the preference elicitation stage (i.e., input stage). 
Specifically, we propose a trade-off transparent RA that inter-
actively demonstrates the trade-offs among product attribute
values, and we evaluate the effects of the trade-off trans-
parency feature in terms of perceived enjoyment and
perceived product diagnosticity.  These two constructs respec-
tively capture a user’s affective and cognitive experience with
RAs.  With such an RA, consumers are expected to have an
enjoyable user experience and a better understanding of these
attribute value trade-offs, allowing them, in turn, to provide
better inputs to the RA that reflect their needs.  For example,
a trade-off transparent RA will reveal to users the trade-off
relationship between price and screen size of a LCD HDTV.
This trade-off transparency feature is a novel addition to RA
design heretofore unconsidered in the RA research literature
(e.g., Häubl and Trifts 2000; Hess et al. 2005; Kamis et al.
2008; Kamis et al. 2010; Komiak and Benbasat 2006; Tam
and Ho 2005; Wang and Benbasat 2009).

That user evaluations, behavior, task performance, and deci-
sion outcomes change as the task complexity faced by users
increases is well understood (Kamis et al. 2008; Jiang and
Benbasat 2007a; Tan et al. 2010).  With that in mind, we
investigate the different levels of trade-off transparency as a
form of task complexity.  This can be illustrated with the
selection of a laptop computer:  when the level of trade-off
transparency is low, users are able to evaluate fewer trade-offs
among attribute values, such as those between price and a
number of other attributes (e.g., hard-drive capacity).  As
trade-off transparency increases, users become more aware of
additional trade-off relationships beyond those associated
with price, such as the trade-off between weight and screen
size.  An individual may desire a larger screen size but
fulfilling that desire comes at the expense of increased weight. 
When the trade-off transparency increases further, a user
becomes even more aware of the need to manage a more
significant number of trade-offs but their evaluation of the
transparency function might be different because of the
increased effort required.
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As a second objective, we draw on cognitive load theory to
predict that trade-off transparency should be maintained at a
certain level to achieve optimal outcomes in terms of
perceived product diagnosticity and perceived enjoyment. 
This perspective recognizes that at some level, trade-off
transparency increases to a point at which it overburdens
users’ cognitive limitations and is counterproductive.

The third objective of this paper is to extend and indeed
challenge the effort–accuracy framework.  Payne et al. (1993)
state that a consumer’s decision-making process is often
influenced by the trade-off between the accuracy of the
decision and the effort required to make the decision:  more
accurate decisions come at the expense of more effort.  Their
research, among other studies, supported the effects of such
a conflict.  However, the possibility that RAs can address this
dilemma to enable more accurate decisions to be made
without simultaneously increasing effort has been overlooked.
Grounded in the stimulus–organism–response (S-O-R) model,
we develop a theoretical model that extends the effort–
accuracy framework and allows us to investigate the role of
trade-off awareness as an influence and possible solution to
the longstanding effort–accuracy conflict.

Theoretical Foundations

With the objective of investigating the effect of the trade-off
transparency feature and its different levels, we review the
S-O-R model in environmental psychology (Mehrabian and
Russell 1974).  The S-O-R model posits that the various
stimuli within a shopping environment together affect a con-
sumer’s affective and/or cognitive processes (organism),
which in turn determine the consumer’s responses.  Stimuli
are cues external to the customer that rouse or incite them
(Belk 1975).  Stimuli may manifest themselves in different
ways, for example, as a product display or a store’s environ-
ment (Jacoby 2002).  In the context of online shopping,
stimuli pertain to the design features of e-commerce websites
with which consumers interact (Eroglu et al. 2003), such as a
website’s visual appeal (Parboteeah et al. 2009) and inter-
activity (Jiang et al. 2010).  The organism refers to the inter-
vening processes (e.g., emotive and cognitive systems)
between the stimuli and the reaction of the consumer (Bagozzi
1986).  Response refers to behavioral responses or internal
responses that may be expressed, such as impressions and/or
judgments of quality (Jacoby 2002, p. 55).

Past psychology and marketing research has widely adopted
the S-O-R model with promising results to model the impact
of environmental stimuli on consumer responses in both off-

line and online shopping contexts (e.g., Baker et al. 1994;
Eroglu et al. 2001, 2003; Fiore and Kim 2007; Sherman et al.
1997).  Several studies on information systems drew on the
S-O-R paradigm as a theoretical framework to explain how
website features may affect web consumers and their behavior
(Jiang et al. 2010; Koufaris et al. 2002; Parboteeah et al.
2009).

As such, the S-O-R model serves as an appropriate over-
arching framework for our own theoretical model (see
Figure 1).  Following the S-O-R model, this study opera-
tionalizes stimulus as the trade-off transparency feature of an
online RA; organism as the user’s enjoyment (affective
system) and perceived product diagnosticity (cognitive
system); and response as the user’s perceived decision quality
and perceived decision effort.  We elaborate on the stimulus,
organism, and response in each of the following subsections.

Trade-Off Transparency as
Environmental Stimulus

In the context of online shopping, environmental stimuli refer
to the cues (e.g., colors, graphics, layout, and design) that are
visible to online consumers and influence consumers’ cogni-
tive and/or affective responses during the site visit.  Ac-
cording to Eroglu et al. (2001, 2003) and Parboteeah et al.
(2009), prior cues that can generate a cognitive reaction
include product descriptions (e.g., price), reviews, ordering
information, and shipping procedures that help in the attain-
ment of the online consumer’s shopping goals.  In contrast,
cues such as decorative and vivid depictions (e.g., animation,
cheerful colors, interactivity, and pleasant layout) influence
a consumer’s affective experience with a shopping site, while
they do not directly support a particular shopping goal.  Cer-
tain cues are dual-natured as they can be perceived both
cognitively and affectively, such as website background
patterns (Eroglu et al. 2001), virtual product experience (Jiang
and Benbasat 2007b), and visual appeal and information fit-
to-task (Parboteeah et al. 2009).

In this study, we investigate the effectiveness of a novel
design—the trade-off transparency feature—of RAs in an
e-commerce website.  Horizontal scales, each with a “slider,”
are used to represent the value of each product attribute (with
low values on the left side and high values on the right side;
see Figure 2).  A user is able to indicate the preferred level of
a product attribute by clicking and dragging the slider to a
certain spot on the bar.  The feature unique to our trade-off
transparent RA is that the placement of the slider on a given
level of an attribute will lead to an immediate real-time
change in one or more of the values for other related attributes
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Stimulus Organism Response
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Transparency
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Enjoyment

Figure 1.  Proposed Theoretical Model

observable to the user.  The number of attributes that shift
automatically is a function of the degree of trade-off trans-
parency that the RA is designed to have.  Hence, users can
directly learn of the trade-off relationships among attributes
when using a trade-off transparent RA.

The trade-off transparency feature is a type of environmental
stimulus.  Trade-off transparency is clearly visible to online
consumers, as it conveys the values of product attributes and
the relationships among the product attributes, merchandising
information that can influence users’ cognition and directly
facilitate the shopping goal attainment (e.g., Eroglu et al.
2003; Parboteeah et al. 2009).  Prior related research into RAs
(e.g., Wang and Benbasat 2007, 2009) was limited to gener-
alized explanations about how certain attributes are related to
one another and that users should not overestimate their needs
when indicating their product attribute preferences to the RA.
Thus, the unique feature of trade-off transparency, as imple-
mented in this study, lies in its explicit, specific, and auto-
matic adjustment of the values of other product attribute
values as the user selects a particular value for a given
attribute.  This visible feature can be perceived cognitively
because it provides the product information that helps
consumers attain their shopping goals.

Trade-off transparency not only can be perceived cognitively,
but also can be perceived affectively.  Cues that lead to affec-
tive reactions include animation (Eroglu et al. 2001),
attractive visual cues (Parboteeah et al. 2009), and inter-
activity (Jiang and Benbasat 2007b).  Trade-off transparency
presents the relationships between attributes in an interactive
manner, and synchronically responds to a user’s attribute
value selections and preferences.  Extensive research in the

interactivity literature supports the fact that design features
such as controllability, bidirectional communication, and
synchronicity lead to affective reaction (Coyle and Thorson
2001; Kettanurak et al. 2001; Park and Park 2009; Teo et al.
2003; Yoo et al. 2010).  If a system can enable two-way
communication and respond in real time to user inputs, then
users will likely have a higher sense of positive affect (Babin
et al. 1994; Hoffman and Novak 1996; Jiang et al. 2010;
Starbuck and Webster 1991).  Because trade-off transparency
has a visual interface that dynamically provides interactive
feedback to users in real time, it is expected to influence
users’ affective reactions.

Enjoyment and Product Diagnosticity
as Organism

As postulated in the S-O-R model, organism includes the
affective and cognitive reactions to the stimulus (Bagozzi
1986).  Examining a user’s affective and cognitive reactions
in the context of online decision support systems (DSS)2 is
particularly important, as they are becoming an integral part
of the online purchase process (Kamis et al. 2008).  Affective
reactions represent an individual’s emotional response when
interacting with an environmental stimulus (Sun and Zhang
2006).  To represent users’ affective reactions, we propose the
construct of perceived enjoyment, which is defined as
intrinsic reward derived through the use of the technology or

2Consistent with the information systems literature (e.g., Kamis et al. 2008),
we use the terms online RAs and online decision support systems inter-
changeably.
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Figure 2.  Interface Design

service studied (Igbaria et al. 1996, p. 129; Nysveen et al.
2005).  Perceived enjoyment is an affective measure of a
user’s perception of whether or not interaction with a system
is interesting and fun (Csikszentmihalyi 1977; Kamis et al.
2008; Koufaris 2002; Novak et al. 2000).  The IS literature
has frequently studied perceived enjoyment to capture users’
affective feelings, and such studies show it to be an important
affective component (Cyr et al. 2009; Kamis et al. 2008;
Koufaris 2002; Sun and Zhang 2008; Van der Heijden 2004;
Xu 2006/2007; Xu et al. 2013). For example, perceived
enjoyment can effectively capture users’ task-relevant cues
(e.g., security seals) and mood-relevant cues (e.g., colors)
(Parboteeah et al. 2009).  In particular, perceived enjoyment
was found to be important in representing users’ affective
reactions when using an online DSS (Kamis et al. 2008).

Compared with affective reactions, cognitive reactions refer
to the users’ mental processes when they interact with the
stimulus (Eroglu et al. 2003).  Cognitive reactions relate to
how the online user processes product-related information
presented on the website (Parboteeah et al. 2009).  In the IS
literature, one of the most frequently studied cognitive reac-
tion variables associated with product information is product
diagnosticity, which is the extent to which a consumer
believes that a system is helpful for fully evaluating a product
(Jiang and Benbasat 2007a; Kempf and Smith 1998; Pavlou
and Fygenson 2006).  For example, product diagnosticity has
been used to effectively capture consumers’ understanding of
different types of product presentation formats (Jiang and
Benbasat 2007a) and online reviews (Mudambi and Schuff

2010).  Multiple IS studies demonstrated the importance of
perceived product diagnosticity in the online shopping envi-
ronment with its influence on attitudes toward the product
(Jiang and Benbasat 2007b), attitude toward purchasing
(Pavlou and Fygenson 2006), intention to return to a website
(Jiang and Benbasat 2007a), and actual purchase (Pavlou et
al. 2007).  In summary, the perceived enjoyment and per-
ceived product diagnosticity constructs used in this model to
represent users’ affective and cognitive reactions are consis-
tent with past IS literature in that they are highly relevant in
the DSS context.  Thus, when users interact with the trade-off
transparency feature, they will have higher cognitive and
affective reactions, which will in turn influence users’
responses.

Perceived Decision Quality and Perceived
Decision Effort as Responses

The response portion of the S-O-R model can be elicited in
many forms, ranging from internal (i.e., nonvisible) to
external (i.e., detectable), the former including changes in
beliefs, impressions, and judgment of quality (Jacoby 2002,
p.  55).  Accordingly, in the DSS context, we operationalize
the responses as users’ perceived decision quality and per-
ceived decision effort, which also align with the two central
components of the effort–accuracy framework.

According to the theory of human information processing
(Payne 1982; Payne et al. 1988), humans have limited cogni-
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tive capacity to process information; thus, for them to eval-
uate all available alternatives in detail before making a choice
is not feasible.  Therefore, individuals seek to attain a satis-
factory, although not necessarily an optimal, level of achieve-
ment (Simon 1955).  The gist of the effort–accuracy frame-
work (Payne et al. 1993) is that, although consumers have a
number of available strategies for making choices, the stra-
tegy ultimately selected depends on some compromise
between the desire to make an accurate decision and the
desire to minimize cognitive effort.  A large portion of the
behavioral research into RAs has relied on the effort–accuracy
framework of cognition to investigate the beneficial impact of
decision aids on reducing the cognitive effort expended by
users while also increasing their decision quality (accuracy)
(Häubl and Trifts 2000; Hostler et al. 2005; Todd and Ben-
basat 1996).  For example, Benbasat and Todd (1992, 1996)
demonstrated that RAs are mainly utilized by users to con-
serve effort, not necessarily to improve their decision quality.
Schafer et al. (2002) and Fasolo et al. (2005) found that
features of RAs may lead to better decision quality but also to
higher decision effort.  All of these studies suggested that
perceived decision quality and decision effort are the two
most important user responses in a DSS context, and ad-
dressing the conflict between achieving higher decision
quality without also increasing decision effort remains a
challenge.

Grounded in the S-O-R model, we propose two organism
variables (perceived enjoyment and perceived product
diagnosticity) to extend the effort–accuracy framework in
explaining how perceived enjoyment and product diag-
nosticity can lead simultaneously to better decision quality
and lower decision effort.  The use of the S-O-R framework
has the following advantages:  (1) it provides a parsimonious
and theoretically justified way of investigating the impact of
the trade-off transparency feature as environmental stimuli,
(2) it allows for examination of the role of the cognitive and
affective reactions to the trade-off transparency feature as an
organism, and (3) it provides a theoretical rationale for
studying perceptions of decision quality and decision effort as
a state of mind resulting from cognitive and affective change
of an organism (i.e., as a response), in contrast to past
research that studied effort and quality as a direct influence of
RA features (e.g., Häubl and Trifts 2000).

Hypothesis Development

The theoretical model for the study is presented in Figure 1.
As described in the previous section, the proposed model is
congruent with past applications of the S-O-R model in that

the basic framework (i.e., stimulus, organism, and response)
is consistent with environmental psychology literature.  In
addition, the cues used as the stimulus (i.e., trade-off trans-
parency of RA), as well as both the cognitive and affective
reactions (i.e., perceived enjoyment and product diagnos-
ticity), are grounded in the IS domain.

Impact of the Trade-off Transparency Feature
on Perceived Enjoyment and Perceived
Product Diagnosticity

Prior research on environmental stimulus in the e-commerce
context found that an interface with stimulating cues has a
positive influence on users’ affective feelings with the content
presented (Parboteeah et al. 2009; Sproull et al. 1996) and
users will form a positive affective feeling in relation to the
interface.  Animated images and icons were found to be more
meaningful and involving than simple text presentations
(Griffith et al. 2001; Morrison and Vogel 1998).  As a stimu-
lus, the trade-off transparency feature vividly shows how the
product attribute values are related to each other and can
interactively respond to a user’s attribute preference indica-
tion.  For example, if a user moves a slider to indicate a need
for a “lighter” weight for a laptop computer, the “large” value
for the screen size will automatically move to a “small” value.
This interactive function is expected to draw more of the
user’s attention, stimulate his or her sensory experience, and
subsequently lead to positive emotional effects (Jiang and
Benbasat 2007b).

Further, research indicated that users will enjoy an interface
that responds to their actions (Cyr et al. 2009; Hoffman and
Novak 1996; Teo et al. 2003).  For example, interactivity
created by frequently asked questions and online guestbooks
were found to have a positive impact on users’ pleasure with
websites visited (Teo et al. 2003).  Similarly, interactivity
resulting from flash graphics on a website has been shown to
influence users’ perceived enjoyment (Cyr et al. 2009).  Thus,
an RA that incorporates an interactive trade-off transparency
feature is expected to lead to greater perceived enjoyment
compared with an RA lacking such a feature.

Hypothesis 1:  The trade-off transparency feature
positively influences perceived enjoyment.

In addition to the affective response, the S-O-R model also
posits that environmental stimulus has an effect on an
individual’s cognitive systems, including learning perfor-
mance.  For example, navigation aids and security seals, as
environmental stimuli, have been found to positively impact
users’ cognitive reactions (Parboteeah et al. 2009).  In the RA
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context, the number of decision aid features (i.e., sorting)
used has been found to positively improve users’ perceived
understanding (e.g., Hess et al. 2005).  Likewise, we expect
that a trade-off transparent RA will increase consumers’
product diagnosticity.

Our arguments can be supported by the learning literature as
well.  The learning literature has indicated that overall
learning is improved when a learner understands the consti-
tuent parts of a concept before attempting to gain a holistic
understanding of the concept (Mayer and Moreno 2003;
Swanson and Law 1993).  If a learner does not understand one
of the constituent parts, they may not fully understand the
whole.  An understanding of the individual parts entails not
just the nature of the individual parts themselves, but also the
relationship between those parts (Swanson and Law 1993).

In the current context, relationships among product attributes
are important for understanding a product.  A trade-off trans-
parent RA automatically adjusts the values of related product
attributes when a certain value of an attribute is specified.  For
example, the trade-off transparent RA demonstrates the trade-
off relationships among product attribute values, such as how
price will be adjusted by changing a value of a non-price
feature (e.g., hard drive).  When parts (i.e., each trade-off
relationship) are presented, learners can build separate com-
ponent models for each of the key parts of the product.  These
component models can help learners form a more complete
mental model (Mayer and Chandler 2001; Sweller 1999).  In
summary, a trade-off transparent RA shows the exact rela-
tionship among multiple pairs of attributes and provides a
holistic view of the trade-off relationships.  By understanding
these trade-off relationships among product attribute values,
users can gain a better understanding of a product.  Thus, we
propose the following hypothesis.

Hypothesis 2:  The trade-off transparency feature
positively influences perceived product diag-
nosticity.

The Levels of Trade-Off Transparency

The previous section hypothesized the overall effects of the
trade-off transparency feature and asserted that increased
trade-off transparency leads to higher perceived enjoyment
and higher product diagnosticity.  However, a limited number
of revealed trade-off relationships communicated to the user
exists before he or she becomes cognitively overwhelmed.
This can be derived from the cognitive load theory (Sweller
1988), which is concerned with techniques for reducing
working memory load to facilitate changes in long-term

memory associated with schema acquisition.  The theory
states that if the design of learning materials is to be effective,
they must keep the learner’s cognitive load at a reasonable
level during the learning process.  IS researchers applied
cognitive load theory to examine a variety of problems,
including spatial information systems (Biocca et al. 2007),
electronic brainstorming (Potter and Bathazard 2004), and
web search results (Vegas et al. 2007).

According to cognitive load theory, learning happens best
under conditions that are aligned with human cognitive
architecture.  Research on working memory assumes that
people only have limited working memory to process
incoming information.  Therefore, if one’s working memory
is overloaded, the learning effect will deteriorate (Baddeley
1992).  As the number of trade-off relationships revealed by
the trade-off transparent RA increases beyond a certain point,
the trade-off transparent RA will reach its limits in improving
a user’s cognitive understanding and enjoyment.  As a result,
past a certain level of trade-off awareness, the user might
leave behind an increasingly large number of unexamined
trade-off relationships.

Task complexity3 is considered one of the key determinant
factors of cognitive load (Kirschner et al. 2009; van Gog et al.
2011).  Wood (1986) suggested that the relationship between
task complexity and productivity is likely curvilinear.  In-
creasing levels of complexity may initially be more chal-
lenging and have a positive effect on performance (e.g.,
Locke et al. 1981).  However, past a certain level of com-

3Wood (1986) proposed a comprehensive framework of task complexity.  He
specified perceived complexity as a linear combination of three dimensions
that capture distinct elements of the information cues that make up a task
stimulus:  component complexity, coordinative complexity, and dynamic
complexity.  Perceived component complexity refers to users’ perceptions of
the density and dissimilarity of information cues in the task stimulus.  In a
website context, dense cues are represented by long text, many images, and
colors (Nadkarni and Gupta 2007).  In the context of multi-alternative, multi-
attribute problems, component complexity is the number of attributes for a
certain product and/or the number of product alternatives that represents
different information cues (Kamis et al. 2008; Tan et al. 2010).  Although
component complexity has often been studied in RA research, coordinative
complexity has not.  Perceived coordinative complexity describes users’
perceptions of the range of and interdependencies among the different
information cues in the task stimulus.  In the context of a multi-alternative
multi-attribute problem, coordinative complexity is the interrelationship
among the attributes and is the focus of the current study.  Perceived dynamic
complexity refers to the ambiguity (number of different possible interpre-
tations of the same piece of information) and uncertainty (clarity of action–
outcome relationships) that individuals face in performing a task (Wood
1986).  As we focus on coordinative complexity (i.e., level of trade-off
transparency), we keep component complexity and dynamic complexity
constant across the experimental groups.  This will be further explained in the
“Methodology” section.
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plexity, the resulting demands on individuals may begin to
exceed their capacities to respond, creating a condition of
“overload” that leads to lower performance (Wood 1986).
Kamis et al. (2008) found that as the number of product
alternatives increases (i.e., component complexity), perceived
enjoyment and usefulness followed an inverted U-shaped
curve.  Likewise, we expect that as the level of trade-off
transparency increases, perceived enjoyment and perceived
product diagnosticity will also follow an inverted U-shaped
curve.  Thus, we propose the following hypotheses:

Hypothesis 3:  Perceived enjoyment with the trade-
off transparent RA will follow an inverted U-
shaped curve as the level of trade-off trans-
parency increases.

Hypothesis 4:  Perceived product diagnosticity with
the trade-off transparent RA will follow an
inverted U-shaped curve as the level of trade-
off transparency increases.

Impacts of Enjoyment and Diagnosticity
on Decision Quality and Decision Effort

Perceived enjoyment can positively influence user attitudes
and satisfaction with a system interface (e.g., Griffith et al.
2001; Jiang and Benbasat 2007b; Morrison and Vogel 1998),
lead to a higher level of online customer loyalty (Cyr et al.
2009), greater behavioral intention to use a system (Igbaria et
al. 1996; Van der Heijden 2004), and greater likelihood of
returning to a website (Kourfaris 2002).  In the same view,
higher levels of enjoyment are believed to positively affect
perceived decision quality.  With greater enjoyment, users
will more actively process the information provided (Andrews
and Shimp 1990; Griffith et al. 2001), resulting in a greater
likelihood of selecting a high-quality product alternative.
Conversely, less enjoyment may hinder the processing of
product information generated by the RA, consequently
hampering perceptions of decision quality.  Thus, we propose
the following hypothesis:

Hypothesis 5:  Perceived enjoyment leads to higher
perceived decision quality.

If an interface has features that engage and entertain users, we
expect that the perceived decision effort associated with the
RA usage will be low.  The rationale is that when users are in
“a state of deep involvement with software,” they are less able
to register the passage of time while engaged in interaction
(Agarwal and Karahanna 2000, p. 673).  Another argument is
that users with higher perceived enjoyment underestimate the

difficulty associated with the technologies, resulting in
decreasing perceptions of decision effort (Agarwal and Kara-
hanna 2000; Venkatesh 2000).  In the case of an RA, when
users find that the RA interface is interesting and appealing,
they will be more involved in using the RA, and their percep-
tion of the time spent using the RA will be less compared with
those who find interaction with the RA boring and dull. 
Therefore, we propose the following hypothesis:

Hypothesis 6:  Perceived enjoyment leads to lower
perceived decision effort.

Decision quality is one of the primary objectives of a decision
maker (Payne 1982).  We posit that higher perceived product
diagnosticity leads to higher perceived decision quality.  A
better understanding of the trade-off relationships of product
attribute values is important to prevent users from mis-
specifying their product preferences and to provide realistic
input of attribute preferences to the RA.  For example, users
with better product diagnosticity are less likely to think that
a laptop with a very large screen size will be extremely light. 
If such an unrealistic combination of attribute values (e.g., a
large laptop that has an 18-inch screen and weighs only two
pounds) is desired, few, if any, matching products will be
found and users will subsequently consider the quality of the
product recommendation to be low.  On the other hand, if
more realistic attribute values are provided to the RA, the RA
is more likely to recommend a better set of products that fit a
user’s needs; accordingly, perceived decision quality should
be higher.  Thus, we propose the following hypothesis:

Hypothesis 7:  Higher perceived product diagnos-
ticity leads to higher perceived decision quality.

Higher product diagnosticity will lead users to provide more
valid input to the RA; subsequently, a better set of recom-
mended products will be obtained.  As such, they will be
more likely to come across products that match their needs
within the initial set of products recommended by an RA.  In
contrast, when a user provides unrealistic product preferences
(e.g., $200 budget for a laptop with 10 hours of battery life),
the RA might not be able to recommend a matching product. 
Subsequently, users need to spend more cognitive effort in
evaluating a longer list of product alternatives to find a
desired product rather than focus on the preference-matched
recommended products.  Prior research showed that cus-
tomers with higher product knowledge are more efficient at
processing information (Eisingerich and Bell 2008) to achieve
their online shopping goals.  Thus, we propose the following
hypothesis:

Hypothesis 8:  Higher perceived product diagnos-
ticity leads to lower perceived decision effort.
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Figure 3.  Research Model

Impact of Decision Quality and
Decision Effort on Intention

Based on the effort–accuracy framework, users are more
likely to adopt an RA if the RA helps increase their decision
quality and reduce the cognitive effort expended (Häubl and
Trifts 2000; Hostler et al. 2005; Wang and Benbasat 2009). 
If decision quality is perceived to be low, users will probably
discontinue utilizing the RA.  Other factors being equal, if
using the RA requires additional effort, users prefer to rely on
their own abilities versus the RA to make a decision.  There-
fore, we suggest the following hypotheses:

Hypothesis 9:  Perceived decision quality is posi-
tively related to intention to use RAs.

Hypothesis 10:  Perceived decision effort is nega-
tively related to intention to use RAs.

A model summarizing the hypotheses is presented in Figure 3.

Methodology

A four (traditional RA serving as control, trade-off transparent
RA with low, medium, and high level of transparency) by two
(shopping for friend versus shopping for yourself) between-
subjects design was implemented to test the hypotheses.

Manipulation of Trade-off Transparency

As the focus of the study was on the level of trade-off trans-
parency (i.e., coordinative complexity), we kept the number

of product attributes and alternatives (i.e., component com-
plexity) constant across all experimental groups to avoid the
confounding effect between component complexity and
coordinative complexity.  Past research used 8, 54, and 150
product alternatives to represent low, medium, and high task
complexity (Kamis et al. 2008).  Thus, we choose 50 product
alternatives4 (see Figure 4 for sample products) to represent
a moderate level of component complexity (Jiang and
Benbasat 2007a; Kamis et al. 2008; Miller 1956) to avoid
overwhelming users given that trade-off transparency (i.e.,
coordinative complexity) was manipulated at three levels.

Each laptop had eight product attributes (e.g., price, hard
drive, memory, processor, screen size, weight, battery, and
video card).  Miller (1956) offered a general rule of thumb
that the span of immediate memory is about seven plus or
minus two items.  The eight attributes fall within this range
and represent a moderate level of component complexity.
Fewer product attributes (e.g., three or four) limits the ability
to manipulate the trade-off transparency, while too many
attributes (e.g., 10 or 12) may create a ceiling effect of task
complexity, which also diminishes the effect of trade-off
transparency manipulation.

Three levels of trade-off transparency (low, medium, and
high) were created by manipulating the number of trade-off

4We chose a set of 50 products that represented a plausible but discrete
variety of laptop alternatives, each with varying values on the eight attributes.
In no way is this set of 50 meant to be exhaustive of the possible permu-
tations of the eight attributes.  Certain permutations of attributes are not
plausible (e.g., a laptop with an 18-inch monitor is unlikely to be lighter than
a laptop with a 10-inch monitor).  In fact, at the time of the experiment, these
50 product alternatives covered most of the products available at a national
electronic retail store.
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Figure 4.  Product Recommendation

Table 1.  Low Level of Trade-Off Transparency

Attributes Price
Hard 
Drive

Video
Card Memory Processor

Screen 
Size Weight Battery

Price Related Related Related Related Related Related Related

Hard Drive

Video Card

Memory

Processor    

Screen size    

Weight    

Battery

relationships revealed by the RA.  Specifically, the trade-off
transparent RA revealed 7, 15, and 235 unidirectional trade-
off relationships in low, medium, and high trade-off trans-

parency treatments, respectively.  In the case of a low level of
trade-off transparency (Table 1), the RA revealed the seven
trade-off relationships6 between the seven non-price attributes
and the price attribute.  This manipulation is based on the no-

5Given 8 product attributes, 23 sensible unidirectional trade-off relationships
are the maximum that we were able to identify.  For example, no relationship
is expected between the capacity of a hard drive and the quality of a video
card, or between memory (RAM) and battery life.

6As an example, the increase in price from an increase in the capacity of a
hard drive (or other product attributes) is counted as a one trade-off
relationship.
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Table 2.  Medium Level of Trade-Off Transparency (Newly added trade-offs are bold)

Attributes Price
Hard 
Drive

Video
Card Memory Processor

Screen
Size Weight Battery

Price Related Related Related Related Related Related Related

Hard Drive

Video Card Related

Memory Related

Processor   Related  Related

Screen size    Related

Weight    Related Related

Battery Related

Table 3.  High Level of Trade-Off Transparency (Newly added trade-offs are italicized)

Attributes Price
Hard 
Drive

Video
Card Memory Processor

Screen 
Size Weight Battery

Price Related Related Related Related Related Related Related

Hard Drive

Video Card Related Related

Memory Related Related

Processor Related Related Related Related Related

Screen size Related

Weight Related Related Related Related

Battery Related Related

tion that the most common form of a trade-off in most
marketplace settings is that between price and product quality
(Hedgcock and Rao 2009).  Specifically, whenever a user
indicates her product preferences on each of the seven non-
price attributes, the price will automatically adjust to reflect
their underlying correlations,7 while the values of the rest of
the non-price attributes remain constant.  Note that the change
in price does not lead to a change in other product attributes
because of the very large number of possible combinations of
non-price attributes.

RAs with a medium level of trade-off transparency (Table 2)
revealed eight additional trade-off relationships in addition to
those specified in the low trade-off transparency condition. 
One example, as noted earlier, is the correlation between
screen size and weight of a laptop computer.  Similar to the
interpretation used with Table 1, Table 2 should be interpreted
by looking at each column, heading first, and then the
intersected rows.  For example, when the value of the hard

drive attribute (column heading) changes, the values of two
other related attributes (price and processor) in the corre-
sponding intersected rows change accordingly.

The RA with a high level of trade-off transparency (Table 3)
revealed an additional eight trade-off relationships, as well as
those specified in the medium trade-off transparency
condition.  One example is the relationship between the
battery and the weight of a laptop computer.  Similar to the
other tables, Table 3 should be interpreted by looking at each
column heading first and then the correspondent intersected
rows.  For example, when the value of the hard drive attribute
(column heading) changes, the values of three other related
attributes (price, processor, and weight) in the intersected
rows change accordingly.

In the control condition, when a user indicates a certain value
for a product attribute, the values of other attributes maintain
constancy.  However, subjects were told on a written form
that, “When you indicate your preferences, please bear in
mind that the better the computer component (e.g., faster
processor or larger hard disk), the more expensive it is; and,
the larger the screen size, the heavier it is.  Hence, be careful
not to overestimate your needs.”

7The exact relationships between the product attributes were mainly based on
an RA’s product database that contained 50 product alternatives, all of which
were available in the market at the time of the experiment.
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Manipulation of Shopping Task

The subjects’ task was to choose a laptop computer for their
friend or for themselves, depending on the group to which
they were assigned.  We included two shopping tasks (one for
themselves and one for a friend) for several reasons.  On one
hand, the inclusion of the friend’s task was to ensure that
participants considered a full range of product attributes as
described below.  In addition, previous research (Bettman et
al. 1998) suggested that shopping for friends helps minimize
the effects of negative emotions when making attribute trade-
offs, which likely plays a confounding role if participants are
asked to shop for themselves.

On the other hand, the self-shopping task enables us to com-
pare the subject’s initial indication of product preference with
the subject’s final attribute preferences input to the RA.  If
greater deviation exists for the trade-off transparent RA
condition than the control condition, this supports the state-
ment that a trade-off transparent RA is effective in informing
users about the trade-offs existing among product attribute
values.  As users gain a better understanding of product attri-
bute values, they are more able to update their initial attribute
value preferences, indicated at the very beginning of the
experiment.  In short, the self-shopping condition is expected
to provide more objective evidence to support the effective-
ness of trade-off transparent RAs in increasing users’ product
diagnosticity, as we will discuss in the section  “Supple-
mentary Analysis on Preference Updates.”

Each subject assigned to the condition of shopping for a
friend was provided with his/her friend’s product require-
ments in a written form, as follows:

Martin likes to download and collect tons of classi-
cal videos onto his laptop computer.  Martin often
uses his computer to watch movies as well.  He often
uses the computer to run complicated statistical
software, some of which may run for hours before
producing the final output.  Martin’s eyesight is less
than perfect, so he desires a large monitor screen.
Martin travels a lot, and he plans to use his new
computer when traveling.  A lighter machine with
sufficient battery will definitely make it easier for
him.  Martin prefers NOT to spend too much money
on his new laptop computer.

Those assigned to the condition of shopping for themselves
were told to shop for a laptop of their own.  In addition, they
were asked to indicate their product preferences at the very
beginning of the experiment.  Instruction was as follows:

Suppose you need to buy yourself a new laptop
computer in the near future.  Please indicate how
important each of the following computer attributes
are to you, and what range of computer specifi-
cations you are planning for each attribute?

Users then indicated the value range (e.g., $700–800) for each
of the eight attributes (e.g., price).

Subjects, Incentive, and Procedures

A power analysis for a between-subject design determined
that 160 subjects (20 subjects for each group) would assure a
sufficient statistical power of 0.80 to detect a medium effect
size (f = .25) (Cohen 1988).
  
Incentives consisting of a minimum $10 honorarium and an
additional $25 for the 20 best performers were provided to the
participants.  The criteria used in deciding the “best per-
formers” were how logical and convincing their answers were
to the questions asked.  The participants were told, “There are
no right or wrong answers here; we are just interested in
getting an honest and detailed description of your perception.”
Previous research (e.g., Mao and Benbasat 2000; Xu et al.
2012) indicated that such instruction is important, as it serves
to motivate subjects to view the experiment as a serious
online experience session and increase their involvement.

Subjects were first required to fill in a questionnaire to record
their demographic and control variables.  Before subjects
were randomly assigned to the experimental groups (control,
low, medium, or high level of trade-off transparency), they
were trained to use the website to which they were assigned. 
In the experimental websites, they could indicate the product
attribute preferences to the RA by dragging the slider on each
attribute bar (Figure 2).  After subjects submitted their attri-
bute preferences to the RA, the RA accordingly recommended
a list of computers that fit their needs.  After that, they
answered questions related to the dependent variables, such
as perceived enjoyment and perceived decision quality.

Measurements of Dependent
and Control Variables

For the survey instrument, we adopted established scales for
enjoyment, product diagnosticity, perceived decision quality,
perceived decision effort, and intention to use an RA from
prior literature.  All of the items of the survey and their
sources are shown in Table 4.
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Table 4. Measurement Items of the Dependent Variables

Construct Names Measurement Items  (7-point scale) Sources

Perceived
Enjoyment

Using the recommendation agent to select a laptop was 
• Unexciting....................Exciting
• Dull....................Neat
• Not Fun....................Fun 
• Unappealing....................Appealing
• Boring....................Interesting

Griffith et al. (2001)
Koufaris (2002)

Perceived Product
Diagnosticity

• This recommendation agent was helpful for me to evaluate the laptop.
• This recommendation agent was helpful for me to understand the

performance of the laptop.
• This recommendation agent was helpful in familiarizing me with the

laptop.

Jiang and Benbasat
(2007a, 2007b)

Perceived Decision
Quality

• Laptops that suited my preferences were suggested by the
recommendation agent.

• Laptops that best matched my needs were provided by the
recommendation agent.

• I would choose from the same set of alternatives provided by the
recommendation agent on my future purchase occasion.

Widing and Talarzyk
(1993)

Perceived Decision
Effort

• The laptop selection task that I went through was too complex.
• The task of selecting the laptop computer using the agent was too

complex.
• Selecting the laptop computer using the agent required too much effort.
• The task of selecting the laptop computer using the agent took too

much time.

Pereira (2000); 
Wang and Benbasat
(2009)

Intention to Use an
RA

• Assuming I have access to the recommendation agent, I intend to use it
next time I consider buying a laptop computer.

• Assuming I have access to the agent, I predict I would use it next time I
plan to purchase a laptop computer. 

• Assuming I have access to the agent, I plan to use it next time I
consider buying a laptop computer.

Venkatesh et al.
(2003); Wang and
Benbasat (2009)

Data Analysis

Sample

The sample used for this study consists of 160 subjects
recruited in a public university, with 116 females and 44
males.  The group included 13 nonstudents, 16 graduate
students, and 131 undergraduates.  The average age was 22.7.
There was no significant difference in gender (Pearson chi-
square value = 0.25, p = 0.96) or age (F = 1.55, p = 0.20)
distribution across the treatment conditions.

On average, the subjects had been using the Internet for 10.5
years, and spent 31.3 hours on the Internet each week.  In
general, they were familiar with online shopping (5.21 on a
seven-point scale).  The average reported knowledge level of
the product used in the task—laptop computers—was 4.9   on

a seven-point scale.  No significant differences were found
across the treatment conditions regarding these four factors.
These results indicate that the random assignment of subjects
to the different experimental conditions was successful.

Manipulation Checks

As a manipulation check, both the objective numbers of trade-
offs demonstrated to users and users’ awareness of trade-offs
were measured.  We measured the objective total number of
trade-offs demonstrated to each user by taking the sum of the
product of the number of each slider movement initiated by a
user and the number of related attributes automatically
adjusted.  Therefore, this measure takes into account the fact
that users might not click and drag all eight attribute sliders in
each assigned condition.
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Table 5.  Manipulation Check

Groups/Constructs

Total Numbers of
Attribute Trade-Offs

Demonstrated

Average Number of
Attribute Trade-Offs

Demonstrated per Slider
Movement

Users’ Awareness of
Trade-off (Seven-Point
Scale, One-Tailed Test)

Control 0 0 4.61a

Low TOT 10.32b 0.93b 4.91b

Medium TOT 28.97c 2.02c 5.22c

High TOT 45.14d 3.28d 5.52d

Average 20.75 1.53 5.06

Notes:  TOT refers to trade-off transparency; different superscripts in the same column indicate that the difference between means is significant
(p < 0.05).

We also calculated the average number of trade-offs demon-
strated for each slider movement, derived by dividing the total
number of attribute trade-offs displayed to the user by the
total slider movements initiated by a user.  This breakdown
offers insights to RA designers regarding how trade-off trans-
parency should be designed to achieve desirable outcomes
(see “Practical Contributions” for details).  The comparisons
among the four trade-off transparency treatments in terms of
the objective number of trade-offs demonstrated and users’
awareness of attribute trade-offs8 are reported in Table 5.  For
each measure, each pair of comparisons between different
treatments was significant (p < 0.05), showing that the
manipulation of trade-off transparency was successful.

Effect of Trade-Off Transparency Levels

We conducted a MANOVA to test the effects of the four
levels of trade-off transparency on perceived enjoyment and
perceived product diagnosticity.  MANOVA test statistics
included Pillari’s trace, Wilks’ lambda, Hotelling’s trace, and
Roy’s largest root.  The p-values of these statistics were found
to be significant (p < 0.05).  Therefore, further ANOVAs
were conducted separately on the two dependent variables.

A 4 × 2 ANOVA on product diagnosticity indicates that trade-
off transparency significantly affects perceived enjoyment
(Table 6), while shopping task and the interaction effect were
not significant.  Similar results were obtained for product

diagnosticity (Table 7).  Contrast results detailed the dif-
ference among various levels of trade-off transparency for
product diagnosticity and enjoyment (Table 8).

Table 8 indicates that medium and high levels of trade-off
transparency were observed to have significantly higher per-
ceived enjoyment than the control group; thus, H1 is partially
supported.  All three levels of trade-off transparency were
observed to have significantly higher perceived product
diagnosticity than the control group, fully supporting H2.

To test whether enjoyment with the trade-off transparent RA
follows an inverted U-shaped curve as the level of trade-off
transparency increases, we conducted three planned contrast
tests (Nordhielm 2002; Schindler et al. 2011; Suri and
Monroe 2003; Uhrich 2011), the first between the control
group and the low level of trade-off transparency, the second
between low and medium levels of trade-off transparency, and
the third between medium and high levels of trade-off
transparency.  The differences (Table 8) between these three
pairs of trade-off transparency were -0.255 (p > 0.05), -1.08
(p < 0.001), and 0.471 (p = 0.047).  Figure 5 shows that the
relationship between enjoyment and three levels of trade-off
transparency resembles an inverted U-shaped curve.  Simi-
larly, for product diagnosticity (Figure 6, Table 8), the three
contrast differences between the control group and low level,
between low and medium level, and between medium and
high level were -0.525 (p = 0.01), -0.40 (p = 0.037), and 0.483
(p = 0.012), respectively, which indicated a trend also
following the inverted U-shaped curve.  Thus, H3 and H4
were supported.

Test of the Research Model

We analyzed the structural model using partial least squares
(PLS) structural equation modeling, a component-based
approach (Lohmöller 1989).  PLS allows for simultaneous

8Trade-off awareness (i.e., perception of trade-off transparency) was specifi-
cally developed in this study and was measured using the following items:
(1) I was aware of the trade-offs among the product attributes when I indi-
cated the product preferences; (2) The number of product trade-offs to con-
sider was high when I indicated the product preferences to the recommenda-
tion agents; (3) When I indicated the product preferences to the recommenda-
tion agents, there was a significant number of product attribute trade-offs to
consider.
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Table 6.  ANOVA Summary Table for Perceived Enjoyment

Independent Variable
Sum of
Squares df

Mean
Square F Sig.

Trade-off transparency 42.838 3 14.279 12.787 0.000

Shopping task (shopping for a friend vs.  yourself) 0.229 1 0.229 0.205 0.651

Trade-off transparency × shopping task 2.167 3 0.722 0.647 0.586

Table 7.  ANOVA Summary Table for Perceived Product Diagnosticity

Independent Variable
Sum of
Squares df

Mean
Square F Sig.

Trade-off transparency 21.567 3 7.189 11.037 0.000

Shopping task (shopping for friend vs.  yourself) 1.360 1 1.36 2.088 0.151

Trade-off transparency × shopping task 1.113 3 0.371 0.570 0.636

Table 8.  MANOVA Contrast Results

Contrast
Perceived
Enjoyment

Perceived Product
Diagnosticity

Low TOT vs. control
Contrast Estimate 0.255 0.525

Significance 0.279 0.01

Medium TOT vs. control
Contrast Estimate 1.338 0.925

Significance 0.000 0.000

High TOT vs. control
Contrast Estimate 0.867 0.442

Significance 0.000 0.021

Medium vs. low TOT
Contrast Estimate 1.08 0.400

Significance 0.000 0.037

High vs. low TOT 
Contrast Estimate 0.612 -0.083

Significance 0.010 0.661

High vs. medium TOT
Contrast Estimate -0.471 -0.483

Significance 0.047 0.012

TOT:  Trade-off transparency

Table 9.  Descriptive Statistics with Means and Standard Deviations (SD)

Groups Enjoyment
Product

Diagnosticity Decision Quality Decision Effort Intention

Mean SD Mean SD Mean SD Mean SD Mean SD

Control 3.89 1.3 4.44 0.76 4.37 1 3.25 1.3 3.50 1.46

Low 4.15 1.2 4.97 1.05 4.73 0.9 3.25 1.4 4.24 1.74

Medium 5.23 0.9 5.37 0.8 5.42 0.7 2.57 1.2 5.35 0.85

High 4.76 0.6 4.88 0.73 4.95 0.7 3.19 1.4 4.81 1.04

Average 4.5 1.2 4.91 0.9 4.87 0.9 3.07 1.4 4.47 1.47

Note:  All measures were based on seven-point Likert scales ranging from “strongly disagree” (1) to “strongly agree”(7).
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Figure 5.  Effect of Trade-Off Transparency on Perceived Enjoyment

Figure 6.  Effect of Trade-Off Transparency on Perceived Product Diagnosticity

testing of the measurement model (the psychometric pro-
perties of the scales used to measure a variable) and the
estimation of the structural model (the strength and direction
of the relationship between the variables).  PLS has an added
advantage over covariance-based methods (e.g., LISREL) in
that (1) it maximizes the explained variance of endogenous
variables in the structural model (Chin 1998; Gefen et al.
2000; Klein and Arun 2009), which enables us to understand

the amount of variance explained in the constructs, such as
perceived decision quality, and (2) PLS does not make distrib-
utional assumptions for the data (Ahuja and Thatcher 2005;
Chin 1998; Chin et al. 2003; Gefen et al. 2000; Venkatesh and
Agarwal 2006).  We used the software SMART PLS 2.0
(Ringle et al. 2005) to conduct the analyses.  Table 9 depicts
the means and standard deviations for the five constructs
presented in the model.
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Measurement Model

Assessments of measurement models should examine
(1) individual measurement item reliability, (2) internal con-
sistency, and (3) discriminant validity (Barclay et al. 1995).
To support individual item reliability, we examined the
loadings of the individual measurement items on their
intended constructs and compared these with a recommended
tolerance of 0.70 (Barclay et al. 1995; Chin 1998).  All of the
measurement items met this threshold (Table 10).  To show
internal consistency of the constructs, we calculated com-
posite reliability and Cronbach’s alpha for each construct.  All
met the recommended tolerances (> 0.70; Fornell and Larcker
1981) (Table 11).

The diagonal elements in Table 11 represent the square roots
of the average variance extracted (AVE) of latent variables,
while the off-diagonal elements are the correlations between
latent variables.  For adequate discriminant validity, the
square root of the AVE of any latent variable should be
greater than the correlation between this particular latent
variable and other latent variables (Barclay et al. 1995).  All
construct pairs met this requirement.  Moreover, as shown in
Table 10, the loadings of a given construct’s indicators are
higher than the loadings of any other, and these same indi-
cators load more highly on their intended construct than on
any other construct.  This lends further support to discrim-
inant validity.

To address the potential concern for common method bias, we
performed three tests.  First, we applied the Harman (1967)
one-factor extraction test.  This test determines whether a
single method factor explains most of the variance among the
instrument variables (Podsakoff and Organ 1986).  If one
contributes more than 50 percent of total variance, common
method bias might exist (Indushobha et al. 2010; Nov and Ye
2008).  Using a principal component analysis for all of the
items of the five variables (Figure 7) measured in the study,
we found five factors with eigenvalues greater than 1,
accounting for the 80.02 percent of the total variance.  As the
first factor accounted for only 43.82 percent of the total
variance, less than 50 percent of the total variance, it indicates
a lack of a substantial common methods bias.

Second, we tested for multicollinearity among the five
variables.  To formally test for the presence of collinearity, we
calculated the variable inflation factor (VIF) for the five
constructs in the model.  The results indicated that all of the
VIFs were lower than 2, with the highest VIF being 1.83. 
Tabachnik and Fidell (1996) and Thatcher and Perrewé
(2002) suggest that when VIFs exceed 10, collinearity biases
the result.  Because the VIFs did not exceed 2, our analysis
indicated that collinearity did not influence the results.

Finally, we followed the marker-variable technique suggested
by Lindell and Whitney (2001), Malhotra et al. (2006), and
Pavlou et al. (2007).  They proposed that a theoretically
unrelated construct (termed a marker variable) should be used
to adjust the correlations among the principal constructs.  In
our case, regulation focus (i.e., promotion or prevention
focus, Higgins 1998), a theoretically unrelated construct, was
identified.  High correlations among any of the items of the
study’s principal constructs and regulation focus indicate
common method bias, as the construct of regulation focus
should be weakly related to our study’s five principal con-
structs.  Since the average correlation among the regulation
focus and the five principal constructs was r = .05 (average p-
value = 0.39), minimal evidence existed of common method
bias.  Thus, these three tests suggested that common method
bias is not a major concern in this study.

Structural Model

We next analyzed the structural model to examine the signi-
ficance and strength of relationships hypothesized.  The
results shown in Figure 7 indicate that enjoyment positively
influenced perceived decision quality (β = 0.41; p < 0.001)
and negatively influenced perceived decision effort (β =
-0.29; p < 0.001), which supports H5 and H6.  Product
diagnosticity positively influenced perceived decision quality
(β = 0.37; p < 0.001), supporting H7,but did not influence
perceived decision effort (β = -0.09; p > 0.05), thus H8 was
not supported.  Finally, perceived decision quality positively
influenced intention to use an RA (β = 0.47; p < 0.001) and
perceived decision effort negatively influenced intention (β =
-0.19; p < 0.01), supporting H9 and H10.  Perceived decision
quality and perceived decision effort jointly explained 31
percent of the variance in intention to use an RA, with
perceived decision quality contributing a larger proportion to
that explanation.

We also examined whether the effects of perceived enjoyment
and product diagnosticity on intention were fully or partially
mediated through perceived decision quality and/or perceived
decision effort.  To test for mediation, we utilized the four-
step procedure proposed by Baron and Kenny (1986).9  As a
first step, Figure 7 demonstrates the effect of enjoyment and
product diagnosticity (independent variables) on decision
quality and decision effort (potential mediators).  We then
tested the direct effect of enjoyment and product diagnosticity

9The four-step procedure is:  (1) regress the potential mediator on the
independent variable; (2) regress the dependent variable on the independent
variable; (3) regress the dependent variable on both the independent variable
and the potential mediator; and (4) examine the coefficient of the independent
variable from the previous steps.
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Table 10.  Loading and Cross Loading of Measures

TOT ENJ PD DQ DE INT

Enjoyment  (ENJ1) 0.266 0.885 0.373 0.46 -0.215 0.638

Enjoyment  (ENJ 2) 0.283 0.931 0.366 0.53 -0.303 0.601

Enjoyment  (ENJ 3) 0.347 0.919 0.407 0.558 -0.300 0.657

Enjoyment  (ENJ 4) 0.218 0.871 0.459 0.543 -0.296 0.571

Enjoyment (ENJ 5) 0.269 0.916 0.444 0.529 -0.269 0.637

Product Diagnosticity (PD1) 0.308 0.434 0.835 0.537 -0.175 0.449

Product Diagnosticity  (PD2) 0.33 0.366 0.871 0.464 -0.125 0.363

Product Diagnosticity  (PD3) 0.24 0.341 0.839 0.404 -0.160 0.281

Decision Quality (DQ1) 0.311 0.484 0.519 0.863 -0.279 0.383

Decision Quality (DQ2) 0.282 0.494 0.51 0.88 -0.258 0.399

Decision Quality (DQ3) 0.242 0.495 0.467 0.893 -0.311 0.449

Decision Quality (DQ4) 0.228 0.503 0.409 0.77 -0.189 0.557

Decision Effort (DE1) -0.061 -0.271 -0.167 -0.307 0.931 -0.313

Decision Effort (DE2) -0.049 -0.281 -0.167 -0.345 0.928 -0.304

Decision Effort (DE3) -0.112 -0.327 -0.268 -0.384 0.919 -0.326

Decision Effort (DE4) -0.128 -0.233 -0.127 -0.094 0.678 -0.229

Intention to Use (INT1)  0.347 0.657 0.432 0.515 -0.330 0.975

Intention to Use (INT2) 0.382 0.669 0.411 0.511 -0.328 0.981

Intention to Use (INT3) 0.394 0.686 0.441 0.524 -0.318 0.979

Table 11.  Internal Consistency and Discriminant Validity of Constructs

CR CA ENJ PD DQ DE INT

Enjoyment (ENJ) 0.96 0.94 0.91

Product Diagnosticity (PD) 0.89 0.81 0.45 0.85

Decision Quality (DQ) 0.91 0.87 0.58 0.56 0.85

Decision Effort (DE) 0.92 0.87 -0.32 -0.21 -0.34 0.86

Intention to Use an RA (INT) 0.98 0.97 0.68 0.44 0.52 -0.34 0.98

Note:  Composite reliability = CR; Cronbach’s alpha = CA; diagonal elements are the square root of AVE.

Figure 7.  Results of Research Model
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(independent variables) on intention (dependent variables).
The paths from enjoyment (β = 0.62, p < 0.001) and product
diagnosticity (β = 0.16, p < 0.05) to intention were both signi-
ficant.  Next, when decision quality and decision effort
(potential mediators) were added to the equation together with
enjoyment and product diagnosticity to predict intention, the
effect of product diagnosticity on intention was no longer
significant with a coefficient of 0.10 (p > 0.05), while the
effect of enjoyment on intention remained significant,
although with a lower coefficient of 0.48.  Thus, decision
quality fully mediated the relationship between product
diagnosticity and intention, while decision quality and deci-
sion effort only partially mediated the relationship between
enjoyment and intention.

Supplementary Analysis on the Effect of
Product Diagnosticity on Decision Effort

The nonsignificant result for the effect of product diagnos-
ticity on perceived decision effort was not expected.  We
hypothesized that a better understanding of product attribute
value trade-offs led to matching products recommended in the
first place, which should save users’ effort.  However, this
hypothesis was not supported.  One possibility is that while
users saved effort in evaluating product recommendations
given better matching products recommended by the RA, they
also spent greater effort understanding the trade-off relation-
ships among product attribute values.  Prior research indicated
that the more decision aid features used, the longer the deci-
sion time (Hess et al. 2005); thus, that users would spend
more time indicating their preference with the trade-off
transparency feature is reasonable to expect.

To further investigate this possibility, we compared the time
spent to indicate product preferences and the time used to
evaluate product recommendations between the trade-off
transparent RAs and the control group (see Figure 8).  The
results indicated that, compared with the control group,
subjects using the medium and high levels of the trade-off
transparency feature spent significantly more time (p < 0.05)
indicating their product preferences, but subjects using any
one of the three levels of the trade-off transparency feature
spent significantly less time (p < 0.05) evaluating product
recommendations.  When these two sets of times in prefer-
ence indication and product evaluation were added up, no
difference in total time was found between using trade-off
transparent RA and traditional RA.  The bottom line is that
while perceived decision effort is not affected either posi-
tively or negatively by product diagnosticity, perceived
decision quality improved because of higher product diag-
nosticity.

Supplementary Analysis on
Preference Updates

Recall that half the subjects (N = 80) were asked to shop for
a product for themselves and the other half for a fictitious
friend.  The group of participants who shopped for themselves
provided objective data for us to understand whether users’
perceived product diagnosticity is indeed affected by the use
of a trade-off transparent RA.  Our reasoning is that if con-
sumers better understand the product attribute value trade-offs
through the trade-off transparency feature, they are more
likely to update their product preferences indicated to the RA
compared with their product preferences indicated before the
experiment.

To measure the influence of the trade-off transparent RA on
users’ preference updates, we identified the deviation of
users’ initial indication of product preference at the beginning
of the experiment (see “Manipulation of Shopping Task”)
from users’ final attribute preference provided to the RA
(Figure 2).  For example, one instance of a deviation is if a
user indicated that the initial preferred price was $300–$400
but then revised his or her desired price value higher than
$400.  We only considered the deviations of those attributes
considered “most important” and “important” by users.  We
counted the number of such instances of value deviations that
occurred for each subject and generated a score for each
subject.  Then we compared the deviation score between the
experimental groups using a trade-off transparent RA and the
traditional RA.  In short, a deviation score of 1 means that a
subject modified his/her original preference range for one
attribute considered “most important” or “important.”

The average score for the three trade-off transparent RAs was
0.8910 and the score for the control group was 0.29.  The
difference was statistically significant (p < 0.001), meaning
that the trade-off transparent RA was effective in informing
users’ about the trade-offs among product attribute values to
help users better understand the product attributes and change
their initial preferences indicated at the very beginning of the
experiment.  The objective measurement of preference up-
dates corroborated Hypothesis 2 regarding the effect of the
trade-off transparent RA on perceived product diagnosticity.
The correlation (0.34, p < 0.01) between objective preference
updates and perceived product diagnosticity supported this
argument.  Further, the correlation (0.23, p < 0.05) between
objective preference updates and perceived decision quality
substantiated the arguments for H7 (i.e., the effect of per-

10The scores for low, medium, and high trade-off transparent RA were 0.58,
1.00, and 1.10 respectively.
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Figure 8.  Time in Preference Indication and Product Evaluation

ceived product diagnosticity on perceived decision quality). 
This result is consistent with the findings from prior research
that users with greater domain knowledge have higher percep-
tion of decision quality (Kamis and Stohr 2006).

Supplementary Analysis on the
Two Shopping Tasks

This study included two shopping tasks (one self-shopping
task and one for a friend).  The buying for a friend task with
its prescribed set of product features (see “Manipulation of
Shipping Task”) is necessary to ensure that participants
considered a full range of product attributes.  In addition, the
self-shopping condition can provide more empirical evidence
on the effect of trade-off transparency, as analyzed in the
previous subsection.

As the inclusion of the two shopping tasks was done more for
a methodological than theoretical reason, we do not explicitly
hypothesize their differences.  Here, we analyze whether any
differences exist between these two tasks.  We conducted a
two (shopping tasks) by four (levels of trade-off transparency)

MANOVA on the three variables (e.g., users’ awareness of
trade-off) presented in Table 5.  No significant interaction
effect was found between two shopping tasks and four levels
of trade-off transparency on the three variables, indicating
that task types did not moderate the effects of trade-off
transparency.

In terms of the main effect of the shopping task, we found that
subjects in the friend task condition experienced a signifi-
cantly higher number of attribute value trade-offs demon-
strated than in the condition of shopping for themselves (p <
0.05).  This result is consistent with our expectation that
subjects in the friend task considered a greater number of
product attributes and accordingly initiated more slider
movements than those in the self-shopping task.  However,
we found no significant differences between these two
shopping tasks regarding the average number of attribute
value trade-offs demonstrated per slider movement (p =
0.830) and a user’s awareness of trade-offs (p = 0.41).  In
fact, this result reflected our intended experimental manipu-
lation of the levels (i.e., none, low, medium, and high) of
trade-off transparency revealed (see Table 5).  The data
confirmed that our manipulation of the trade-off transparency
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levels was successful and held for the two shopping tasks.
Taken together, the results indicate that what matters to users’
perceptions of trade-off transparency is the average number
of attribute value trade-offs demonstrated per slider move-
ment, not the total number of attribute value trade-offs
demonstrated.  Relevant practical implications are provided
in the “Practical Contributions” subsection presented later.

Discussion

The results support the theorization that the trade-off trans-
parent RA is effective in improving perceived enjoyment and
perceived product diagnosticity.  Levels of trade-off trans-
parency make a difference in improving users’ perceived
enjoyment and product diagnosticity.  While the medium level
of trade-off transparency leads to a more optimal level of
enjoyment and product diagnosticity, the higher level gener-
ates a counterproductive effect.  Perceived enjoyment im-
proves perceived decision quality and reduces perceived
decision effort, and product diagnosticity positively influ-
ences perceived decision quality without compromising
perceived decision effort.  Perceived decision quality signi-
ficantly increases intention to use an RA, and perceived
decision effort significantly decreases this intention.

The effect of the trade-off transparency feature on product
diagnosticity and perceived enjoyment is consistent with the
S-O-R model, suggesting that environmental cues can affect
organism change of cognition and affection.  The trade-off
transparent RA not only provides information on the product
attribute values related to one another, but also sheds light on
exactly how users’ attribute choices are related to, and are
constrained by, one another.  This can make users aware of
the potential attribute value trade-offs they had not previously
recognized, thus leading to better product diagnosticity.  In
addition, as more interactive cues (dynamic user interface vs.
versus written text) were provided in the trade-off transparent
RA versus the traditional RA, this RA triggered more sensory
channels and, in general, was more emotionally attractive
(Jiang and Benbasat 2007b; Nisbett and Ross 1980).  In
addition, given the exploratory nature of the experience
during interaction with the trade-off transparent RA, users’
positive affect was aroused (Kettanurak et al. 2001), which
led to high perceived enjoyment.

Multiple IS studies have underscored the importance of both
cognitive and affective perceptions in the context of online
shopping (Gefen et al. 2003; Koufaris 2002; Van der Heijden
2003, 2004).  The evaluation criteria of the trade-off trans-
parent RA included both cognitive (product diagnosticity) and
affective (enjoyment) measures of the user experience with an

RA.  In a trade-off situation, conventional wisdom seeks to
minimize the extent of necessary trade-offs (Lee and Benbasat
2011; Luce et al. 2001).  However, our results indicated that
through proper interface design, attribute value trade-offs of
a product can be appropriately communicated to consumers
and lead to better cognitive and affective outcomes.

The prediction regarding the positive effect of product diag-
nosticity on perceived decision effort was not supported.
However, we expect that product diagnosticity could reduce
perceived decision effort in the real world for two reasons.
First, based on prior literature, we provided 50 product alter-
natives in the experiment to avoid overwhelming consumers.
In reality, the number of products would be much higher than
50 (e.g., Amazon.com provides over 4,000 laptop computer
alternatives).  Thus, the study is a very conservative test of the
effects of RAs in terms of reducing perceived decision effort.
As the number of product alternatives increases, the effects of
higher product diagnosticity are expected to be more robust in
reducing decision effort.  Second, the supplementary analysis
indicates that the time spent understanding attribute value
trade-offs can be recouped in the product evaluation stage.
We contend that the former time component is a one-shot
investment and will be greatly reduced when the RA is used
a second time or more.  In other words, as users’ familiarity
with the trade-off transparent RA increases over time, per-
ceived decision effort will be greatly reduced in the long run.

Contributions, Limitations, Future
Research, and Conclusions

Theoretical Contributions

The results of the study make important theoretical contribu-
tions.  First, the RA interface used to elicit product prefer-
ences is critically important (Kamis et al. 2010), but how to
design RA interfaces to enable users to provide better input
has not been established.  Most of the extant RA studies (e.g.,
Häubl and Trifts 2000; Hess et al. 2005; Kamis et al. 2008;
Kamis et al. 2010; Komiak and Benbasat 2006; Tam and Ho
2005; Wang and Benbasat 2009) only elicited users’ product
preference without informing them of the attribute trade-offs;
in such cases, users might mis-specify their product
preferences, provide unrealistic input of attribute preferences
to the RA, and end up being presented with unmatched
product choices.  Consequently, users might have negative
perceptions of the RA and stop using it (Wang and Benbasat
2007).  We advance the RA literature by proposing the trade-
off transparent RA to address this issue.  We contribute to this
knowledge gap by applying S-O-R theory to explain the
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differences between the trade-off transparent RA and the
traditional RA.

We assessed the impact of trade-off transparent RAs relative
to the traditional RA in terms of enjoyment and product
diagnosticity.  Trade-off awareness is beneficial for accurate
decision making (Delquie 2003) but may generate unfavor-
able feelings (Luce et al. 1999).  We demonstrated that with
the trade-off transparent RA, users not only have a better
understanding of attribute value trade-offs but also experience
positive emotions with the interface.  As theorized, this is
because of the additional content conveyed (i.e., relationship
among product attribute values) and the interactive presenta-
tion.  This study highlighted the feasibility of introducing
trade-off awareness to users without jeopardizing their posi-
tive emotional experience, and underscored the importance of
the user interface design for online RAs.

Grounded in the S-O-R model, we derived two constructs
(perceived product diagnosticity and perceived enjoyment) as
representations of the cognitive and affective dimensions,
which serve as antecedents of users’ response (perceptions of
decision quality and decision effort).  The two constructs are
important in that previous research primarily focused on how
RA characteristics can directly affect perceived decision
quality and decision effort (Xiao and Benbasat 2007); the
underlying mechanism that explains why certain RA charac-
teristics can lead to better decision quality and decision effort
has been largely ignored.  Recent decision support studies
recognized the importance of examining both cognitive and
affective variables when studying online RAs (Kamis et al.
2008).  To the best of our knowledge, this is the first study to
examine the role of enjoyment and product diagnosticity
within the effort–accuracy framework of cognition.  This
study will help researchers better understand why high per-
ceived decision quality and low perceived decision effort can
be achieved by the use and adoption of RAs.  This extended
effort–accuracy framework can also serve as a framework to
evaluate alternative RA interface designs.

We investigated the effects of different levels of trade-off
transparency.  Task complexity is an important factor that
affects users’ evaluation of RAs (Xiao and Benbasat 2007).
While recent RA studies investigated the effect of the number
of product attributes (e.g., Jiang and Benbasat 2007a) and
number of product alternatives (e.g., Kamis et al. 2008),
limited attention has been paid to examining the effects of the
trade-off relationships of a product.  According to Wood’s
(1988) classification of task complexity, the number of
product attributes, and the number of product alternatives
belong to component complexity, while relationships among
product attributes are under the category of coordinative

complexity.  Thus, we also contribute to the broad literature
of task complexity, as previous studies in this area pre-
dominately focused on component complexity, and little
research has been done on coordinative complexity, another
important dimension of task complexity.

This study contributes to this knowledge gap by analyzing
how the different number of trade-off relationships revealed
by an RA influences users’ evaluations.  We showed that the
effect of trade-off transparency levels on enjoyment and
product diagnosticity is nonlinear.  As we predicted, both
variables followed an inverted U-shaped path as the trade-off
transparency level increased.  Showing such nonlinear effects
on both variables is a significant contribution to the theo-
retical and practical understanding of the dynamics of how
users interact with an RA.  The inverted U-shaped relation-
ship between the trade-off transparency level and enjoyment
(product diagnosticity) is an indication that increasing the
number of trade-off relationships demonstrated in a prefer-
ential choice task does not guarantee an increase in enjoyment
and product diagnosticity.  In fact, consumers may be over-
whelmed if too many trade-off relationships are revealed, and
their enjoyment and product diagnosticity can decrease.  As
research on the design of the RA interface increases, we hope
that the results will highlight the need for researchers to
consider more than simple linear effects.

The results of the effect of enjoyment and product diagnos-
ticity on perceptions of decision quality and decision effort
provide unique insights.  Both enjoyment and product diag-
nosticity improve perceived decision quality without
increasing perceived decision effort.  In particular, a higher
level of enjoyment has a negative impact on the perception of
decision effort.  Effort and accuracy are an inherent trade-off
in the consumer’s decision-making process (Payne et al.
1993).  Prior empirical research also showed that higher
decision quality is typically associated with higher decision
effort (Fasolo et al. 2005; Schafer et al. 2002).  We demon-
strate that proper interface design can simultaneously achieve
both objectives of better perceived decision quality and lower
perceived decision effort.

Practical Contributions

While the preceding comments focus on theoretical devel-
opments, the results regarding the impact of trade-off
transparency on user perceptions have practical implications
for online companies, particularly those with mass customiza-
tion capabilities and the desire to introduce user customization
of products on their websites.  On the one hand, a trade-off
transparent RA enables consumers to better understand the

400 MIS Quarterly Vol. 38 No. 2/June 2014



Xu et al./The Nature and Consequences of Trade-Off Transparency

product attribute value trade-offs and provides appropriate
attribute input to the RA to enable the RA to provide better
product recommendations, thus leading to better perceived
decision quality.  On the other hand, the interactive interface
of a trade-off transparent RA can increase one’s enjoyment
and enhance the shopping experience, which leads to better
perceived decision quality.  Meanwhile, users with higher
enjoyment are more engaged in the enjoyable interface and
easily forget the passage of time.  Together, these motivate
users to return to their websites to continue to utilize RAs in
product choice.  Thus, practitioners are advised to incorporate
the trade-off transparency function into the RA design on
their websites.

Our results indicate that employing the medium level of trade-
off transparency in practice leads to the best outcomes in
terms of perceived enjoyment and product diagnosticity. 
Even a low level of trade-off transparency significantly
improves product diagnosticity over the control group.  In
addition, a low level of the trade-off transparency feature only
consumes a small amount of a user’s time for understanding
the relationship between price and non-price attributes, but it
significantly reduces the time in product evaluation (see
“Supplementary Analysis on the Effect of Product Diagnos-
ticity on Decision Effort”).  Thus, practitioners who desire
quick implementation of the trade-off transparency feature
might start with a low level of trade-off transparency that is
easier to implement, and then gradually upgrade to the
medium level.

We found a curvilinear relationship between perceived
enjoyment and the number of trade-off relationships revealed
to the user.  A similarly curvilinear relationship was found
between product diagnosticity and the number of trade-off
relationships revealed to the user.  Both of these findings
highlight the danger of overwhelming consumers with too
much information.  Under conditions of greater trade-off
transparency, consumers may become less interested in the
website interface and may risk making poor decisions.  Thus,
when designing an RA interface, practitioners should select
the appropriate product trade-off relationships to demonstrate. 
Table 5 sheds lights on how to exactly classify low, medium,
and high levels of trade-off transparency.  For example, a
medium level of trade-off transparency means that, on aver-
age, approximately two attribute trade-offs should be demon-
strated per slider movement initiated by a user.  We believe
these numbers, representing each trade-off transparency level,
can be generalized to other contexts with different products,
given longstanding support for the human mind’s capability
of juggling a certain degree of information in working
memory (e.g., Miller 1956).

Limitations and Future Research

Several limitations exist to this study that provide avenues for
future research.  First, the experiment’s participants were
mostly university students, as a student shopping for a com-
puter is a common occurrence and a natural fit for our
research design.  However, readers should exercise caution in
generalizing the results of this study to other demographic
groups.  To generalize the study results, conducting additional
studies with different subject demographics and in different
settings is necessary.

The second limitation is that the study was conducted in a
context in which the participants evaluated an RA in the early
stage of their interaction with it.  When users become more
familiar with the RA, the model results may be different.  For
example, the perceived effort to understand attribute value
trade-offs may be reduced when users become more
accustomed to it.  As such, the effects of product diagnosticity
on perceived decision effort may become significant.  In
addition, the effect of perceived effort may accordingly exert
stronger influences on user intention.  Future research is
required to further examine the relative importance of various
factors on post-adoption perceptions and behavior toward
online RAs.

Another limitation is that some of the findings on trade-off
transparency are only applicable to customizable products
with a sufficient number attributes with trade-offs.  Products
with fewer trade-offs involved may not benefit completely
from the results of this study.  However, the marketing litera-
ture has indicated that trade-offs between price and product
quality are common in marketplace settings (Hedgcock and
Rao 2009).  Thus, at the least, the results regarding the low
level of trade-off transparency and its downstream impact are
still applicable to most products.

Conclusions

This study addressed an important gap in research in terms of
understanding the role of product diagnosticity and enjoyment
in influencing users’ perceived decision quality and decision
effort by proposing and testing an extended effort–accuracy
framework.  The inclusion of these two variables sheds light
on how higher perceived decision quality can be achieved
without trading off decision effort.  This extended effort–
accuracy framework can be adopted to evaluate alternative
RA interface designs in the future.  Additionally, we extended
previous RA research by proposing the trade-off transparency
feature, a novel design aspect not previously considered in
RA or even human–computer interaction research.  Such a
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design feature is important, as MIS research has paid scant
attention to IT artifacts and their design and development
(Benbasat and Barki 2007; Benbasat and Zmud 2003;
Orlikowski and Iacono 2001).  Based on the S-O-R model, we
evaluated the advantages of the trade-off transparent RA
relative to the traditional RA in terms of enjoyment and
product diagnosticity.  Providing the trade-off transparency
function is more costly and complicated for designers.  Thus,
an important determination to make is whether the trade-off
transparent RA that elicits user preferences will enable users
to better enjoy and understand the product and, subsequently,
culminate in better decision quality and lower effort percep-
tions.  The results indicate that being aware of attribute value
trade-offs and, meanwhile, maintaining a favorable degree of
enjoyment is feasible.  Finally, in contrast to past research that
focused on component complexity, we examined the role of
coordinative complexity (level of trade-off transparency) in
influencing perceived enjoyment and product diagnosticity. 
The results not only contribute to the literature on task
complexity and task-technology fit, but also inform RA
developers as to the kind of RA that is more beneficial given
a specific set of circumstances.
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