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Abstract

In the decision support systems literature, most studies have
concentrated on the direct effects of DSS use and design on
decision outcomes and user performance in the workplace.
Fewer DSS studies have integrated decision process vari-
ables, such as user beliefs and attitudes, in their models. In
this paper, we examine the mediating role of decision process
variables in the use of an online customer DSS. We do so
through an experimental study of an alternative-based and an
attribute-based DSS for product customization by online
customers. Using cognitive fit and flow theories, we develop
a theoretical model with four mediating decision process
variables (perceived usefulness, perceived ease of use,
perceived enjoyment, and perceived control) and two of their
antecedents:  interface design (attribute-based versus
alternative-based) and task complexity (choice set size). Our
results show that the impact of DSS interface design on
behavioral intentions is fully mediated by perceived useful-
ness and perceived enjoyment, although not by perceived con-
trol. Specifically, we verify that users of an attribute-based
DSS express higher perceived usefulness and perceived
enjoyment than users of an alternative-based one. In addi-
tion, we find that task complexity has an interesting rela-
tionship with usefulness and enjoyment, both of which follow
an inverted U-shaped curve as choice set size increases.
Finally, we find that for users of the alternative-based DSS,
perceived ease of use and perceived control decrease as task
complexity increases. However, the attribute-based DSS
alleviates that decline for both variables. Among other con-
tributions, our results indicate the importance of including
decision process variables when studying DSS as well as the
complex effect of task complexity on those variables. Our
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study also provides some important guidelines for online
companies that provide customer DSS on their websites,
especially the danger of providing too many product choice
options that can overwhelm customers and harm their
shopping experience.

Keywords: Decision support systems, attribute-based deci-
sion support systems, decision process, choice set size, task
complexity, perceived control, perceived ease of use, per-
ceived usefulness, perceived enjoyment, customization

Introduction I

Online decision support systems that allow customers to con-
figure products and services can significantly affect customer
decision making and behavior (Bharati and Chaudhury 2004;
Héaubl and Trifts 2000). However, most studies of DSS have
focused on their use in the workplace and not in online
shopping. Also, traditional DSS research has focused mostly
on the direct effects of DSS design and use on decision
outcomes and user performance (Bharati and Chaudhury
2004; Garrity et al. 2005; Todd and Benbasat 1991, 1992).
Fewer DSS studies have integrated decision process variables,
such as user beliefs and attitudes (Kamis and Stohr 2006;
Lilien et al. 2004; Poston and Speier 2005; Todd and
Benbasat 1999), even though they are often included in
studies of user behavior, especially in online commerce
(Gefen et al. 2003; Koufaris 2002; Koufaris and Hampton-
Sosa 2004; Pavlou and Gefen 2004; Van der Heijden 2003,
2004).

The omission of decision process variables in DSS research
may be the result of the often-used organizational context for
such studies, where process variables such as attitudes may
appear less important in the face of mandatory DSS use by
employees. Also, if the work-related task has an objective,
optimal solution, the focus of attention is on attaining this
optimal objective decision outcome and, thus, process vari-
ables are of less relevance. However, DSS are used
increasingly outside the workplace, such as in online
shopping where they are becoming an integral part of the
purchase process, and for tasks without optimal solutions,
such as preferential choice tasks. As such, understanding the
decision process and especially the DSS users’ perceptions
and beliefs and their impact on attitudes, intentions, and
behavior becomes critical and important to the success of
online commerce.

In this paper, we examine how four decision process variables
mediate the effect of an attribute-based DSS on intentions to
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purchase from a website and how the attribute-based DSS
moderates the effect of task complexity on such relationships.
More specifically, we present a study that compares an online
attribute-based decision support system (ABDSS) for product
customization with an alternative-based system. We develop
atheoretical model that augments the traditional DSS research
model by including four mediating decision process variables:
perceived usefulness, perceived ease of use, perceived enjoy-
ment, and perceived control. Such subjective measures of the
user experience with online information systems have been
used in multiple IS studies that have stressed the importance
of both cognitive and affective perceptions, especially in the
context of online shopping (Gefen et al. 2003; Koufaris 2002;
Koufaris and Hampton-Sosa 2004; Pavlou 2003; Pavlou and
Gefen 2004; Van der Heijden 2003, 2004). Our four process
variables include both cognitive (perceived usefulness and
perceived ease of use) and affective (perceived enjoyment and
perceived control) measures of the user experience with a
customer DSS.

Though many different aspects of DSS for online shopping
exist, we focus on use of DSS for product customization,
which is an aspect of interface design. Specifically, we com-
pare an alternative-based DSS interface with an attribute-
based one. Non-directive attribute-based decision support
systems are commonly offered by online companies for multi-
alternative, multi-attribute preferential choice tasks (Lilien et
al. 2004; Todd and Benbasat 1999). One such task is user
customization of products, which are manufactured in mass
customization facilities (Davis 1987; Ives 2003; Pine 1993).
Users are presented with all of the available choices of attri-
butes and values per attribute and allowed to custom-design
the product. For example, users are presented with the color
choices of each customizable part of a shoe at NikeID.com.
Users then make their choices for each attribute and are
presented with an image of their customized product. They
can experiment as much as they want until they feel that they
have created a satisfactory customized product.

Further, since user DSS strategies, behavior, task perfor-
mance, and decision outcomes change as task complexity
increases (Haubl and Trifts 2000; Jarvenpaa 1989; Speier and
Morris 2003; Vessey 1991), we examine the effect of task
complexity on decision process variables. Task complexity
has been studied extensively in decision-making research,
where it has been operationalized as the number of alter-
natives and attributes (Olshavsky 1979; Payne 1976; Payne et
al. 1988). When making a choice, cognitive capabilities are
used to retain each potential option and the individual’s pre-
ferences. Therefore, when there are a large number of alter-
natives and/or attributes, the decision task is more complex
than one with fewer alternatives and/or attributes. Hence, the
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number of alternatives and attributes directly affect the com-
plexity of the choice making task (Swait and Adamowicz
2001) and, thus, in this study we use choice set size (i.e., the
number of product versions available) as a proxy for task
complexity.

In the next section we introduce the research model, present
the study’s variables, and develop our hypotheses. We follow
that with the description of the research design and measure-
ment instrument, data analysis, a discussion of our results, and
our study’s contributions and limitations.

Research Model and Hypotheses Il

The theoretical model for the study is presented in Figure 1.
The model suggests that the effect of attribute-based DSS use
(as opposed to alternative-based DSS) on decision outcomes
(intention to purchase and intention to return) is fully medi-
ated by the decision process variables of perceived usefulness,
perceived ease of use, perceived enjoyment, and perceived
control. Further, use of an ABDSS moderates the effect of
task complexity (choice set size) on several decision process
variables. Finally, nonlinear effects (inverted U-shaped
curves) are hypothesized for the relationship between task
complexity and perceived usefulness and perceived enjoy-
ment. We develop the rationale for these relationships below.

The theoretical basis for our examination of the difference
between an alternative-based and an attribute-based customer
DSS comes from cognitive fit (CF) theory (Vessey 1991). CF
theory was first proposed in order to explain how matching
problem representations (such as tables, graphs, and matrices)
to different tasks can improve problem solving. Human infor-
mation processing theory suggests that due to the limits of
human information processing, reducing complexity enhances
problem solving (Newell and Simon 1972). Vessey (1991)
proposed that technology could be used to reduce complexity
when there was a good fit of the task with the information or
problem representation. The result is more efficiency and
effectiveness, manifested as increased accuracy and speed in
problem solving. CF theory has been applied and validated
in a variety of contexts, such as online shopping behavior
(Hong et al. 2004) and software comprehension and modi-
fication (Shaft and Vessey 2006).

The concept of cognitive fit has been used to explain user
behavior and predict the speed and accuracy of decision-
making and problem solving. For example, when the infor-
mation format matches the task, users are able to search the
information space more efficiently and have better informa-
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tion recall (Hong et al. 2005; Huang et al. 2006), thus
lowering the cognitive costs and increasing the benefits of the
interface (Jarvenpaa 1989). However, the relationship
between cognitive fit and user beliefs and attitudes has not yet
been examined. Given that the context of interest is online
shopping and given that the outcome of interest is intentions
to purchase and intentions to return to the site, this becomes
an important set of relationships in the nomological network.
According to the theory of planned behavior, the effect of
technology on behavior is mediated by user beliefs and atti-
tudes toward the behavior (Ajzen 1991). Therefore, to under-
stand how the cognitive fit between the manner in which
ABDSS represents information and the consumer task of pro-
duct customization affects purchasing behavior, we must first
understand how it directly affects user beliefs and attitudes.

The decision-making task for product customization in online
shopping is a preferential choice task (Zigurs and Buckland
1998) of selecting or creating a customized product. The
subjects create a product that satisfies their needs or desires
by processing multiple types of information and there is no
objective, optimal solution. Multiple alternative solutions
exist and subjects may compare and evaluate multiple alterna-
tives before settling on a single one. Given the information-
processing complexity of our task and based on CF theory, we
expect that a technology that reduces that information
complexity will be preferred by our subjects. We test two
types of DSS for product customization. The first is an
alternative-based DSS, which simply displays all of the
possible product alternatives to the users who can then pick
out the product alternatives they prefer. Users do not actively
customize the product themselves. The second type is an
attribute-based DSS (ABDSS), which presents users with all
of the product attributes that can be customized along with all
of the possible values for each attribute. Users then custom-
ize their product by selecting a value for each customizable
attribute while the ABDSS continuously presents them with
an image of their customized product.

We propose that the ABDSS reduces complexity more than
the alternative-based DSS and is the preferred interface for
the multi-attribute, multi-alternative preferential choice task
of product customization. One reason is that with the
ABDSS, users can immediately see the product’s attributes
(e.g., color) and their values (e.g., green) and they can con-
struct their most preferred choice. In contrast, alternative-
based DSS users must infer both what the customizable
attributes are, as well as the different values for each attribute,
by scanning all of the different product versions and decon-
structing them. This process is called intuitive regression
(Meyer 1987) and is more cumbersome and inefficient than
using an ABDSS.
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Figure 1. Research Model

A second reason why an ABDSS reduces complexity is that
it can provide more accurate representations of the choice set
size. For example, a product with 3 customizable attributes
that have 5 values each can have 5° or 125 different product
versions. Users of the alternative-based DSS would face 125
different alternatives and would perceive the task complexity
as much higher than someone using an ABDSS that presents
only 15 different choices (3 attributes x 5 values each). An
ABDSS allows the user to perceive the actual variety of the
product, thereby reducing the perceived complexity of the
task (Huffman and Kahn 1998; Kahn 1998).

These assertions are supported by empirical studies that have
compared ABDSS with alternative-based DSS for similar
types of choice tasks. For example, Huffman and Kahn
(1998) found that subjects using an ABDSS remembered
more choices for each attribute, perceived the choice set as
less complex, and made decisions more efficiently than those
using a simple list of alternatives. In addition, the subjects

162 MIS Quarterly Vol. 32 No. 1/March 2008

were more satisfied with their decisions and the information
gathering process.

We believe that one impact of the reduction in information
complexity through the use of an ABDSS will be the increase
of perceived usefulness of the system. Perceived usefulness
is defined as the degree to which users perceive a particular
system as enhancing their performance (Davis 1989). In
general, DSS use can increase perceived usefulness directly
or through perceived ease of use (Todd and Benbasat 1999).
However, these effects depend on the fit between the task and
the DSS. In general, a good fit between the task and the
system used has been shown to have a direct and positive
effect on perceived usefulness, including in the context of
online shopping (Klopping and McKinney 2004). As argued
earlier, an ABDSS is more appropriate for our task because it
reduces the complexity of the information needed for the
choice task. As information processing complexity is re-
duced, the effectiveness and efficiency with which users can
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customize products to their needs increases. Therefore, an
ABDSS should increase perceived usefulness more than an
alternative-based one. Thus,

Hla:  ABDSS use is positively related to perceived use-
fulness.

We believe that good fit can also positively impact affective
perceptions. One such perception is perceived enjoyment,
which comes from the flow literature and has been used as an
affective measure of the individual experience, including in
web environments (Csikszentmihalyi 1975, 1977; Hampton-
Sosa and Koufaris 2005; Koufaris 2002; Novak et al. 2000).
It is defined as the intrinsic enjoyment of the interaction with
the website and has been shown to be an important factor in
technology acceptance, particularly in business-to-consumer
e-commerce. In a state of flow, the user loses self-conscious-
ness, because he or she is immersed in the task. An attribute-
based DSS that gives continuous interactive feedback (a pre-
condition for flow) through a visual representation of attri-
butes can keep the user’s attention focused on the task and
can facilitate greater information processing, both of which
have been shown to increase intrinsic motivation and
enjoyment (Tung et al. 2006).

Flow theory has also proposed that a good fit between skills
and challenges of an activity can increase flow, partially
measured with enjoyment (Csikszentmihalyi 1975, 1977;
Csikszentmihalyi and Csikszentmihalyi 1988). In online con-
sumer behavior, various researchers have extended this idea
by examining the fit between the task (online browsing and
shopping), which determines the challenges for users, and the
technology (websites and their various functions), which can
constrain or enable their information processing skills. Their
results indicate that a good fit between the technology inter-
face’s information representation and the task can increase
enjoyment by the user (Koufaris 2002; Koufaris et al. 2001-
2002; Novak et al. 2000; Wind and Rangaswamy 2001).
Thus,

Hlb:  ABDSS use is positively related to perceived
enjoyment.

We also hypothesize that perceived usefulness will follow an
inverted U-shaped curve as task complexity (choice set size)
increases. According to TAMZ2, output quality moderates the
effect of job relevance on perceived usefulness (Venkatesh
and Davis 2000). Both output quality and job relevance are
important in the context of our study, where customers use an
online DSS in a preferential choice task. In fact, we believe
that they can inform the relationship between task complexity,
operationalized as choice set size, and perceived usefulness.

Kamis et al./Customizing Products Online with ABDSS

First, in the context of a customer DSS, job relevance is task
relevance (i.e., the user’s perception of the applicability or
appropriateness of the DSS for the preferential choice task).
Task relevance is positively related to perceived usefulness
but the two variables are conceptually distinct (Bhattacherjee
and Sanford 2006; Venkatesh and Davis 2000). Perceiving a
DSS as applicable or appropriate for a certain choice task
means that the user identifies the system as one designed to
support the choice task to be made, without specifying how
well the system can do that. It is possible, for example, that
when using the system, the decision maker may find that even
though the functionality of the DSS is intended to support the
choice task, it does not actually accomplish that goal very
well. In that case, the decision maker will perceive the
system as relevant to the task but not very useful.

Second, unlike work-related tasks with optimal solutions, in
which users can form objective evaluations of output quality,
users in a preferential choice task can only evaluate output
quality subjectively. Insuch a task, satisfaction with the final
choice serves as a subjective measure of the output quality of
the system (Lilien et al. 2004).

Our basic argument is that when the choice set is small, users
will not see the relevance of using the DSS to perform the
task (they can customize the product equally well without the
DSS) and as such they will perceive the system as less useful.
As choice set size increases, use of the DSS becomes task-
relevant (i.e., there is a good fit between the task and the
system; Goodhue and Thompson 1995) and perceptions of
usefulness increase. After a certain choice set size, the users
are overwhelmed, even with the use of the DSS. Even though
the DSS is still perceived as task relevant, user satisfaction
with the decision (output quality) is reduced and so are
perceptions of usefulness, resulting in an inverted U-shaped
relationship between choice set size and perceived usefulness.
We elaborate upon these arguments below.

When the choice set size is small, users are able to view and
compare all choice options easily. When they make their
final choice, they are confident that they have considered all
of the possible options and they are satisfied that they have
selected the best choice available to them (Huffman and Kahn
1998). However, they also know that doing so was possible
without the DSS. In other words, the perceived task relevance
of the DSS is low, leading to low perceptions of usefulness of
the system.

As the choice set size increases, however, users start to be

constrained by their cognitive limitations because of bounded
rationality (Simon 1972, 1982). Since people are boundedly
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rational, they tend to satisfice rather than optimize when
making decisions. Without the help of information tech-
nology, users may resort to heuristics and other simplification
strategies, even ones which they themselves view as
suboptimal (March and Simon 1958; Speier and Morris 2003).
Research has shown that users readily adopt information
technologies to reduce their cognitive workload and improve
their decision-making efficiency, which results in higher
levels of decision satisfaction (Speier and Morris 2003; Todd
and Benbasat 1991, 1992). In the context of a preferential
choice task, using a DSS can help users make their choices
more efficiently and therefore maintain their satisfaction with
the final choice, despite the increase in choice set size. As
users rely increasingly on the DSS to make their choice, the
perceived task relevance of the system improves, leading to
an increase in its perceived usefulness. However, this effect
does not scale linearly.

As the choice set size increases beyond a certain point, the
customer DSS reaches its limits in improving the user’s
efficiency. As a result, the user satisfices and leaves behind
an increasingly large number of unexamined choice options.
Suchan increase in choice set size has been found empirically
to have detrimental effects on decision makers, including
choice deferral (Tversky and Shafir 1992) and decreased
satisfaction (Huffman and Kahn 1998). One reason is that
rather than simply ignoring the additional choice options, the
user doubts that he or she has examined the search space
exhaustively, leading to feelings of remorse and dissatis-
faction (Desmeules 2002). Thereafter, consistent with TAM2,
the users’ measure of output quality, their decision satis-
faction, begins to decline and the relationship between task
relevance of the DSS and perceived usefulness begins to
decline as well.

In summary, we hypothesize that as choice set size initially
increases, perceived usefulness will also improve because of
the increase in perceived task relevance for the DSS while
maintaining choice satisfaction. However, as the choice set
size increases beyond a certain point, perceived usefulness
stops increasing and starts to decrease—following an inverted
U-shaped curve—due to the decrease of the user’s choice
satisfaction.

H2a:  Perceived usefulness for all users will follow an
inverted U-shaped curve as the choice set size
Increases.

We believe that a continuous increase in task complexity will

have a similar effect on perceived enjoyment. Flow theory
suggests that a user is likely to experience enjoyment when

164 MIS Quarterly Vol. 32 No. 1/March 2008

the challenges of a task are matched with the ability to
perform it.? In the context of a preferential choice task, when
the challenges are too low due to a very small choice set size,
the chance of error is too low and the user’s skills are un-
necessary. The emotional result is boredom. If the challenges
are too high, due to a very large choice set size, the chance of
making an error is too high. The emotional result is anxiety,
specifically the fear of making an inadequate choice. At
either extreme, the user perceives less enjoyment. With a
good match, the chance of making an objective error is small
(but nonzero) and the user perceives enjoyment (Johnson and
Wiles 2003).

Similarly, Desmeules (2002) proposed an inverted U-shaped
relationship between product variety and enjoyment of
decision-making to theorize about consumer happiness. She
argued that the plateau and subsequent decline in the
shopping experience are due to “stress, frustration, disengage-
ment from the process, or anticipated/experienced regret
caused by heightened expectations and/or an inability to
conduct all the evaluations and calculations necessary to
arrive at a choice” (p. 9). The decline of the experience when
task complexity increases is the result of customers setting
higher goals for themselves as the number of choices
increases. They assume that with more choice options they
should be able to make a better choice (Wind and Ranga-
swamy 2001). In other words, users perceive a decline in
their experience because of heightened expectations and
heightened anxiety about making an adequate choice. Thus,
we have a hedonic analogue to H2a:

H2b:  Perceived enjoyment for all users will follow an
inverted U-shaped curve as the choice set size
increases.

Perceived ease of use comes from the technology acceptance
model (TAM) (Davis 1989; see also Agarwal and Karahanna
2000; Hu et al. 1999; Venkatesh et al. 2003). It has been
shown to be a significant predictor of online consumer
behavior mostly through its effect on perceived usefulness
(Gefen et al. 2003; Koufaris 2002; Moon and Kim 2001).
Studies have shown that increasing task complexity can lower
perceptions of ease of use, usability, and effectiveness of the
technology (Ziefle 2002). However, using technology that
provides an appropriate fit of task with information repre-
sentation can increase user perceptions of ease of use (Dishaw

We are only focusing on the enjoyment dimension of flow in our argument.
We are not suggesting that using the ABDSS will induce a state of flow, as
flow consists of five other dimensions besides enjoyment (Csikszentmihalyi
1975).
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and Strong 1999; Klopping and McKinney 2004). We believe
that the same opposing effects will hold in the context of our
study.

As the choice set increases, it becomes harder for alternative-
based DSS users to view and evaluate all of the product
versions available. In order to compare two or more product
versions, they must first view them separately, sometimes
having to scroll up and down the web page to do so. They
must also deconstruct more product versions to infer the
attributes and their values. Therefore, we expect that per-
ceived ease of use of the interface will decrease as the choice
set size increases. We do not believe that perceived ease of
use follows an inverted U-shaped curve, because an increase
in choice set size should not make the interface seem any
easier to use, even if it temporarily increases enjoyment and
usefulness due to the greater variety of choices.

For ABDSS users, however, we believe that the negative
effects of increasing the choice set size on perceived ease of
use will be alleviated by the interface. Since the ABDSS
allows the users to process the additional information easily,
the decline in perceived ease of use observed for alternative-
based DSS users will not occur. Of course, a very large
increase in the choice set size is likely to eventually cause a
decrease in perceived ease of use in both interfaces.
However, in our study we test reasonable choice set sizes that
allow the users to make a decision while considering all of the
possible alternatives within a few minutes. Thus,

H3a:  ABDSS use positively moderates the negative
relationship between choice set size and perceived
ease of use.

Perceived control comes from flow theory and is an affective
perception by individuals of their level of control over the
environment and their actions.® It is similar to the emotional
response of dominance in environmental psychology where it
is defined as feeling “unrestricted or free to act in a variety of
ways” (Mehrabian and Russell 1974, p. 19). Perceived con-
trol has also been used previously in research looking at the
interaction between users and web-based environments. It
measures the level of control, frustration, and confusion that
the user experiences as a result of interacting with the system.
Prior studies have generally found that it has a positive effect
on both online user perceptions and behavior (Ghani et al.
1991; Koufaris 2002; Novak et al. 2000).

3Perceived control from flow is different from the variable of perceived
behavioral control (one’s perceptions of one’s ability to perform a given
behavior) as described in the theory of planned behavior (Ajzen 1991).

Kamis et al./Customizing Products Online with ABDSS

We posit that task complexity will influence perceived control
but that, just as for perceived ease of use, this relationship will
be moderated by ABDSS use. Although no research exists on
how task complexity or cognitive fit affect perceived control,
prior research has examined the impact of these two variables
on confusion and frustration, which are affective measures
directly related to (and part of) perceived control. In terms of
the effect of task complexity on perceived control, studies in
decision-making have consistently shown that an increase in
task complexity can increase mental workload demands
beyond the limits of the decision maker’s capabilities. As a
result, the inability to process and compare all available infor-
mation can increase the feelings of confusion and frustration
by the decision maker (Johnson and Payne 1985; Kahn 1998;
Speier and Morris 2003). Furthermore, the necessary use of
heuristics and simplifying strategies in such situations can
also lead to the experience of loss of control (Desmules
2002). In terms of the effect of cognitive fit on perceived
control, research has shown that the use of an appropriate
technology, such as a DSS, or problem representation, such as
avisual interface versus a text-based one, can complement the
decision makers’ information processing capabilities, reduce
their need for the use of heuristics, and decrease their
confusion and frustration (Huffman and Kahn 1998; Speier
and Morris 2003), suggesting that cognitive fit moderates the
effect of task complexity on perceived control. Thus,

H3b:  ABDSS use positively moderates the negative
relationship between choice set size and perceived
control.

While much DSS research has concentrated on the direct
effects of DSS use on decision outcomes (Haubl and Trifts
2000; Jarvenpaa 1989; Speier and Morris 2003; Todd and
Benbasat 1991, 1992), recent studies have introduced the
mediating effects of the decision process between DSS use
and decision outcomes (Kamis and Stohr 2006; Poston and
Speier 2005). This is consistent with the theory of planned
behavior and the technology acceptance model, which state
that the effect of technology on behavioral intention is
mediated by behavioral beliefs and attitudes toward the
behavior (Ajzen 1991; Davis 1989). We expect the same to
be true for the effect of ABDSS.

Our study deviates from most traditional DSS research that
has focused on objective measures of decision outcomes when
individuals or employees use organizational systems as part
of their work (Lilien et al. 2004; Todd and Benbasat 1991).
Researchers have often studied decision quality, opera-
tionalized as “the deviation of a particular solution from the
solution that would be provided by a normative strategy, such
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as expected value maximization or utility maximization”
(Todd and Benbasat 1991, p. 89). Since our study uses a
preferential choice task, we cannot employ such a measure for
the impact of ABDSS on the quality of individual decision
outcomes. Instead, we use intention to purchase and intention
to return to the website as the subjective measures of the
impact of ABDSS use on the decision outcomes. Both have
been used extensively in business-to-consumer e-commerce
research (Gefen et al. 2003; Hampton-Sosa and Koufaris
2005; Koufaris 2002; Pavlou 2003; Van der Heijden and
Verhagen 2004).

Our discussion for hypotheses H1 through H3 already ex-
plains why we expect ABDSS use to have a direct effect on
the decision-making process. Many studies in technology
acceptance have shown that the set of variables that represent
the decision-making process in this study has a direct effect
on behavioral intentions (for perceived usefulness, see
Agarwal and Karahanna 2000; Davis 1989; Koufaris 2002;
Van der Heijden 2004; for perceived enjoyment, see Koufaris
2002; Moon and Kim 2001; Van der Heijden 2003, 2004; for
perceived control, see Koufaris et al. 2001-2002). Further,
the theory of planned behavior suggests that behavioral
beliefs such as the decision process variables mediate the
effect of external variables on intentions. Assuch, we expect
that the impact of ABDSS use on behavioral intentions will be
mediated by this set of beliefs. Thus, we posit

H4a:  The effect of ABDSS use on intention to purchase is
fully mediated by the users’ perceived usefulness.

H4b:  The effect of ABDSS use on intention to return is
fully mediated by the users’ perceived usefulness.

Hb5a:  The effect of ABDSS use on intention to purchase is
fully mediated by the users’ perceived enjoyment.

H5b:  The effect of ABDSS use on intention to return is
fully mediated by the users’ perceived enjoyment.

H6a:  The effect of ABDSS use on intention to purchase is
fully mediated by the users’ perceived control.

H6b:  The effect of ABDSS use on intention fo return is
fully mediated by the users’ perceived control.

We do not hypothesize for any effect of perceived ease of use,
because prior TAM research has consistently shown that, for
users with experience with the technology, perceived ease of
use affects behavioral intentions indirectly through perceived
usefulness (Davis 1989; Davis et al. 1992). Thus, the theoret-
ical model includes this relationship.
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Methodology I
Study Design

We employed a 2 x 2 x 3 factorial design." There were two
versions of the website (ABDSS, alternative-based DSS) that
were used for two products (watch, backpack) using three
choice set sizes (8, 54, and 150 product versions available).
A total of 329 subjects were recruited via e-mail from a
national panel of U.S.-based online users maintained by
Zoomerang, an online survey company. The sample was
representative of the total U.S. population of online users.
We chose backpacks and watches as our products for several
reasons: (1) both products appeal equally to both genders,
(2) we found existing websites with user-customizable options
for both products, enabling us to adapt them for our experi-
ment, (3) both products have similar prices, and (4) both
products are nonessential but can be high-involvement goods.
For each product we developed our own websites using
images from Factory121.com, a customized watch retailer,
and Nikeld.com, Nike's online mass customization website.
We decided to build our own websites instead of using the
existing ones, in order to remove brand identification from the
websites and the products, and to control the number of
product choices and the interface in order to make them
identical for both products.

For both the ABDSS and alternative-based sites, we created
three versions of the website, each having a different choice
set size (8, 54, and 150). In order to determine the maximum
number of product versions for each condition, we consulted
prior research on choice variety in decision making. Studies
varied widely in the range of available alternatives. For
example, Huffman and Kahn (1998) used sofas and hotels,
with 18 and 19 attributes each, with each attribute having four
different levels. In testing an attribute-based interface, they
allowed subjects to see all attributes and all of their levels.
An alternative-based interface that showed all possible alter-
natives would need to cover 418 or 419 alternatives, which
would not be feasible. Instead, the authors showed the
subjects in the alternative condition only four alternative
products, where each product alternative had one level of each
of the 18 or 19 attributes. On the other hand, Iyengar and
Lepper (2000) ran experiments on the effect of increasing
variety using different kinds of jams, essay topics, and
chocolates. In their study, the numbers ranged from 6 to 24
types of jams, 6 to 30 different essay topics, and 6 to 30 dif-

We used two different products for greater generalizability of the results.
The product condition in the factorial design was not part of our research
model but was included in our data analysis to ensure that the results were the
same for both products used.

This content downloaded from 130.149.253.161 on Tue, 04 Sep 2018 14:26:32 UTC
All use subject to https://about.jstor.org/terms



Kamis et al./Customizing Products Online with ABDSS

A backpack for the way you live.
HELPING YOU KEEP WHAT'S INPORTANT CLOSE T0 YOU.

Featuring a protective laptop sleeve and an organization panel. With its unique carge net that
can be detached or expanded to hold just about anything.

Neow avallable in many celor combinations.
Choose from fifty-four (54) custom-made backpacks.
Just scroll down and select the backpack that you prefer by clicking on it.

Please wait for afl images to load before making your selection.

EXXE
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Figure 2. The Alternative-Based (non-ABDSS)

Website for Backpacks with 54 Product
Versions Available

ferent types of chocolates. The numbers we used in our study
(8, 54, 150) were the result of careful pretesting in a pilot
session. One of the problems was that the number of alter-
natives grows very quickly with each value added to an
attribute. Therefore, 3 attributes with 4 values each result in
64 alternatives but adding a value to only one of those
attributes raises the number to 80, and one more value to a
second attribute raises the number to 100.

In the alternative-based DSS version for both products, all
possible product versions were displayed on one web page.
Subjects scrolled down to view all of the products and clicked
on the product they desired. Then, they were directed to
another page that displayed the product they chose and they
were given the opportunity to go back and choose a different
product if they were unhappy with their choice. In the
ABDSS version, all of the customizable attributes of the
product were displayed on the left side of the web page. The
subjects chose values for each attribute and then clicked a
button to display the customized product on the right side of
the same page. The subjects could repeat this process as
many times as desired. Samples of the two versions of the
website for backpacks can be seen in Figures 2 and 3.

Adaptation-level theory states that individuals judge any
stimulus based on their past experiences (Helson 1964).
Therefore, before asking them to customize a watch and a
backpack, we first required all subjects to customize a
different product (gift packaging for a candle), using both site
versions with a choice set size of 54. In that way, all subjects
started with the same baseline experience both in terms of

YOUR CUSTOMIZED
BACKPACK

The bachpach for the way you live.

HELPING YOU KEEP WHAT'S IMPORTANT CLOSE TO YOU. > ¥
g youw seteetocn oo S
Foaturing a protective laptep sieeve and an organization panel. With vy
s unique carge net that can be detached or expanded to held just

about anything.

You can create one hundred fifty (159) different backpacks.
Customize your own backpack by making your selections below and
click on the butten at the right te see your customized backpack

Ve ’
FRAME COLOR

T BAPA

Chen Fawahad rhan you me done

Figure 3. The ABDSS Website for Backpacks

with 150 Product Versions Available

DSS use as well as choice set size (Todd and Benbasat 1991).
Once they finished the baseline task, they were randomly
assigned to one of the 12 conditions. In order to provide an
incentive for the subjects to customize the products and to
increase task involvement, they were told that they would be
entered into a drawing where they could win the watch or the
backpack they customized. After they finished customizing
their product, they were asked to fill out an online survey
regarding their experience with that specific website.

Instrument

For our survey instrument, we adapted established scales for
perceived enjoyment, perceived control, perceived usefulness,
perceived ease of use, intention to purchase, and intention to
return from prior literature (Koufaris 2002; Venkatesh and
Davis 1996). All of the items of the survey can be seen in
Table 1.

Data Analysis I
Sample and Tests of Assumptions

The sample used for this study consists of 329 subjects. The
demographics of our sample can be seen in Table 2 and they
indicate that our sample is representative of the entire online
customer population in the U.S. (Intermarket Group 2002).
Our subjects are primarily between the ages of 26 and 55,
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Table 1. Survey Instrument and Descriptive Statistics

Construct
Scale item wording

Scale Reliability and Descriptives
Standardized factor loadings

Cronbach'’s o = 0.953, Mean = 4.32,

Perceived Usefulness: St. Dev. = 1.61
USE1 Using this web site can improve my shopping performance 0.932
USE2 Using this web site can increase my shopping productivity 0.923
USE3 Using this web site can increase my shopping effectiveness 0.929
USE4 | find using this web site useful 0.859
Cronbach's o = 0.843, Mean = 5.85,
Perceived Ease of Use: St. Dev. = 1.34
EOU1 Learning to use this web site would be easy for me 0.637
EOU2 My interaction with this web site is clear and understandable 0.624
EOU3 It would be easy for me to become skillful at using this web site 0.771
EOU4 | find this web site easy to use 0.876
Cronbach’s o = 0.822, Mean = 5.72,
Perceived Control: St. Dev. = 1.34
While using the web site...
CON1 ...I felt confused (reversed) 0.632
CON2 ...| felt in control 0.922
CON3 ...l felt frustrated (reversed) 0.614
Cronbach’s o = 0.947, Mean = 4.92,
Shopping Enjoyment: St. Dev. = 1.51
While using the web site...
ENJ1 ... found my visit interesting 0.937
ENJ2 ...| found my visit enjoyable 0.933
ENJ3 ...I found my visit fun 0.918
Intention to Purchase: Mean = 4.62, St. Dev. = 1.73
PRCH If you actually had the money, how likely is it that you would buy the N/A
product from this web site?
Intention to Return: Mean = 4.56, St. Dev. = 1.72
RTRN If you needed to purchase a similar product in the future, how likely is it N/A
that you would return to this web site?
168 MIS Quarterly Vol. 32 No. 1/March 2008
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Table 2. Subject Demographics

Variable Frequency (%) Variable Frequency (%)
Household Income

Under 25 25 (7.6%) Under $10,000 14 (4.3%)

26-35 86 (26.1%) $10,000-$19,999 14 (4.3%)

36-45 90 (27.4%) $20,000-$29,999 23 (7%)

46-55 80 (24.3%) $30,000-$39,999 29 (8.8%)

Over 55 48 (14.6%) $40,000-$49,999 37 (11.2%)
Gender $50,000-$74,999 76 (23.1%)

Male 128 (38.9%) $75,000-$99,999 38 (11.6%)

Female 201 (61.1%) Over $100,000 55 (16.7%)
Education Rather not say 46 (13.1%)

Grammar/Elementary School 5 (1.5%)

High School or Equivalent 49 (14.8%)

Vocational/Technical School (2 year) 24 (7.3%)

Some College or University 99 (30.1%)

Bachelor’'s Degree (4 year) 92 (28%)

Master’s Degree 46 (14%)

Professional Degree (MD, JD, etc.) 9 (2.7%)

Doctoral Degree 3 (0.9%)

Other 1(0.3%)

Rather not say 1(0.3%)

61 percent are female, 76 percent have at least some college
education, and 64 percent have a household income of over
$50,000 per year.

In order to confirm the random assignment of subjects to the
different experimental conditions, we performed a multi-
variate analysis of variance (MANOVA). There were no
significant differences in gender (F = 0.357, p = 0.971), age
(F = 1.157, p = 0.316), education (F = 1.349, p = 0.197), or
household income (F = 1.024, p = 0.425) among the 12
experimental conditions. Also, since there were more women
than men in our sample, we used analysis of variance
(ANOVA) to test whether there were any significant
differences in our dependent variables between genders.
None of the dependent variables showed any significant
differences.

In order to test the validity of our constructs, we performed
confirmatory factor analysis (CFA) using structural equation
modeling with AMOS 4.0. The CFA model’s fit statistics (x?
=170.24, df =67, p < 0.001; x¥/df = 2.54; GFI = 0.934; AGFI
=0.897; NFI=0.960, CFI =0.975; RMSEA = 0.069) showed

that the model had good fit. The significant x? value can be
disregarded due to its sensitivity to the sample size and large
number of items (Hair et al. 1998). All of the items loaded
significantly on their assigned latent constructs. Although
some indicators had loadings slightly below the recommended
value of 0.70, we retained them in order to maintain con-
tinuity with prior research using the same scales. Therefore,
our scales show good convergent validity. The Cronbach’s
alpha values for all constructs are above the recommended 0.7
value, indicating good reliability (Nunnally 1967). The factor
loadings, Cronbach'’s alpha values, and descriptive statistics
of all constructs can be seen in Table 1.

Discriminant validity was tested using the guidelines by
Segars (1997) and followed by Pavlou and Gefen (2004) and
Gefen et al. (2003). We compared the x? value of the full
measurement model with four latent constructs with a series
of models with three latent constructs where every possible
pair of two constructs was combined. If the difference in the
x° value between the two models was significant, it was an
indication of discriminant validity between the constrained
constructs. Ally?value differences were at least 24.32, which
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is the threshold in order to be significant at the p < 0.001
level. Therefore, our constructs also show good discriminant
validity.

Since all of our items were measured with the same method,
we tested for common method variance using Harman's one
factor test (Podsakoff and Organ 1986). Using a principal
components analysis for all of the variables measured in the
study, we found multiple factors with eigenvalues greater than
one and no single factor explained the majority of variance.
Therefore, common method bias was not significant.

Results

In order to test the model, we conducted partial least squares
(PLS) analysis using PLS-Graph version 3.0 with the boot-
strapping resampling procedure (Chin 2000). We tested the
moderating effect of ABDSS use by creating an interaction
term between ABDSS use and choice set size and testing its
relationship with perceived ease of use and perceived control.
Testing the hypothesis on the nonlinear, inverted U-shaped
relationships between choice set size and perceived usefulness
and perceived enjoyment was more challenging. Since PLS-
Graph assumes linear relationships between all the variables
in the PLS model, we needed to model the two nonlinear
relationships using statistical contrasts. Given that choice set
size has only three distinct values (8, 54, 150), we created two
dummy variables (D1 and D2) for it as follows:

Choice set size =8; D1 =0;D2=0
Choice setsize =54; D1 =1;D2=0
Choice set size = 150; D1 =1; D2 =1

We then tested the coefficients for the relationships of D1 and
D2 with perceived usefulness and perceived enjoyment. A
significant positive coefficient for D1 would indicate that per-
ceived usefulness and perceived enjoyment increase when
choice set size increases from 8 to 54 and a significant nega-
tive coefficient for D2 would indicate that the two variables
decrease when choice set size increases from 54 to 150.

The results of the PLS analysis of our model can be seen in
Figure 4. First, the coefficient between ABDSS use and per-
ceived usefulness is positive and significant (§ = 0.148, p <
0.01), as is the coefficient between ABDSS use and perceived
enjoyment (8 = 0.299, p < 0.001), indicating support for H1a
and H1b. The coefficients between the dummy variables D1
and D2 with perceived usefulness and perceived enjoyment
are as predicted. D1’s coefficients are positive and significant
(B =0.092, p < 0.05 for perceived usefulness and B = 0.144,
p < 0.05 for perceived enjoyment) and D2’s coefficients are
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negative and significant (8 = -0.129, p < 0.05 for perceived
usefulness and B = -0.215, p < 0.001 for perceived
enjoyment). This supports H2a and H2b on the inverted U-
shaped relationships with choice set size. To verify those
results, we graphed the estimated means for perceived
usefulness and perceived enjoyment for each of the three
choice set sizes. The results, seen in Figures 5 and 6, show
that both variables at first increase but then decrease as choice
set size increases.

To test the hypotheses on the moderating effects of ABDSS
use, we first look at the coefficients between choice set size
and perceived ease of use and perceived control. Both coeffi-
cients are negative and significant (B = -0.423, p < 0.05 and
B =-0.506, p < 0.01), verifying that the relationship between
choice set size and the two process variables is negative.
However, the coefficients between the interaction term
(ABDSS use x choice set size) and the two process variables
are both positive and significant (8 = 0.459, p<0.05and p =
0.541, p < 0.05). This indicates that ABDSS use positively
moderates (attenuates) the negative relationships between
choice set size with perceived ease of use and perceived
control. Therefore, H3a and H3b are supported. Once more,
in order to visually verify the results, we graphed the
estimated means for the two process variables. As seen in
Figures 7 and 8, when an ABDSS is used, the negative impact
of increasing choice set size on both perceived ease of use and
perceived control is alleviated.

Finally, we tested the mediating role of the process variables
between ABDSS use and the two behavioral intention
variables. The nonsignificant coefficients of the direct rela-
tionships of ABDSS use with purchase intention and intention
to return indicate that the effects of ABDSS use on the
behavioral intention variables are in fact indirect. This is
supported for two of the three hypothesized mediators:
perceived usefulness and perceived enjoyment. The effect of
ABDSS use on both of those variables is positive and signi-
ficant (B = 0.148, p < 0.01 for perceived usefulness and p =
0.299, p < 0.001 for perceived enjoyment). Also positive and
significant are the direct effects of perceived usefulness and
perceived enjoyment on both behavioral intention variables.
For perceived usefulness, p = 0.399, p<0.001 and g = 0.492,
p < 0.001 for intention to purchase and intention to return
respectively. For perceived enjoyment, g = 0.247, p < 0.01
and B=0.217, p < 0.01 for intention to purchase and intention
to return respectively. For perceived control, however, the
coefficients both for its relationship with ABDSS use and its
relationships with intention to purchase and intention to return
are all nonsignificant. Therefore, H4a, H4b, H5a, and H5b
are supported, while H6a and H6b are not.
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Discussion I

Our study examined the mediating role of decision process
variables when online users employ a DSS to customize pro-
ducts. We found that users of an attribute-based DSS
(ABDSS) experienced higher perceived usefulness and per-
ceived enjoyment than alternative-based DSS users. We also
found that for all users, perceived enjoyment and perceived
usefulness follow an inverted U-shaped curve as the choice
set size increases. In addition, we found that using an
ABDSS alleviates the decrease in perceived control and per-
ceived ease of use observed in non-ABDSS users as the
choice set size increases but that perceived control does not
influence intentions to purchase or intentions to return.
Finally, we found that the effects of ABDSS use on the
decision outcome variables of intention to return and intention
to purchase are mediated by the user’'s perceptions of
usefulness and enjoyment, though not by perceived control.

Contributions to Theory

The results of our study make important theoretical contri-
butions to DSS research. First, we have demonstrated the
importance of including subjective measures of the decision
process when studying the impact of DSS use on behavioral
intentions, such as whether to reuse a DSS or commit to the
decision. Consistent with the theory of planned behavior, we
tested a mediated model and found that in the context of our
study, ABDSS use does not directly influence behavioral
intentions but is instead mediated by perceived usefulness and
perceived enjoyment. However, we did not find a similar
mediation effect for perceived control. Our results comple-
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ment recent DSS research that has used more complex
research models to better understand how and why DSS use
impacts decision making (Bharati and Chaudhury 2004;
Chenoweth et al. 2004; Garrity et al. 2005; Kamis and Stohr
2006). The inclusion of both cognitive and affective decision
process variables is especially important in a context such as
ours (online shopping) where there is a large affective aspect.
Unlike organizational DSS used in work-related tasks, it is
important for decision makers (i.e., customers) to enjoy the
process and feel comfortable using the customer DSS in a
shopping environment.

The nonsignificant results for perceived control are surprising.
While we found that ABDSS use and choice set size affect
perceived control as expected, perceived control itself had no
significant impact on behavioral intentions. One possibility
is that feelings of calmness, frustration, and confusion become
significant when online customers are involved in real-life
shopping tasks, which involve multiple decisions on multiple
products and vendors. Our experiment involved a single
product customization task from a single vendor, which may
have been insufficient for making perceived control
important.

Cognitive fit theory has been used in research to examine the
impact of different forms of information presentation, for
example, tables versus graphs (Vessey 1991) or list versus
matrix (Hong et al. 2005), on decision-making performance,
for example, comprehension (Khatri et al. 2006; Shaft and
Vessey 2006), product recall and search efficiency (Hong et
al. 2005), and solution time and error rate (Crossland et al.
2000). Our study highlights the importance of including,
where appropriate, decision process variables as mediators in
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this type of research. More specifically, we show that per-
ceived usefulness and perceived enjoyment can fully mediate
the impact of cognitive fit on the user’s behavioral intentions.
This may be important, for instance, when use of DSS is not
mandated but users engage in its use of their own accord.

Another important contribution of our study is in examining
two key antecedents of decision process variables: interface
design and task complexity. Most TAM research has focused
on the impact of perceived usefulness and perceived ease of
use on user behavior. While those impacts have proven to be
very robust across multiple studies, less attention has been
focused on the antecedents of both perceived usefulness and
perceived ease of use (Benbasat and Barki 2006). Also, much
research has shown that affective measures, such as perceived
enjoyment and perceived control, are important antecedents
of user behavior but there has been less attention focused on
the system design characteristics that can affect them.

For perceived ease of use, a cognitive variable, and perceived
control, an affective variable, we found that an ABDSS inter-
face alleviates the negative effects of increased task com-
plexity. That indicates that when it comes to perceptions of
usability of the system, both cognitive (ease of use) and
affective (control), ABDSS use can be effective in alleviating
the additional complexity of an increasing choice set size.
Although we did not hypothesize for it, we tested whether the
same was the case for perceptions regarding the expected
benefits of using the system, either cognitive (usefulness) or
affective (enjoyment). We did not find a similar attenuation
effect of ABDSS use (see Figures 5 and 6 for a graphical
representation of those results). These results pose some
interesting questions about the ability of ABDSS users to
identify the potential benefits of its use when the choice set is
large (i.e., when the task complexity is high). We understand
that our results are specific to the context of users of a cus-
tomer DSS for product customization and we welcome new
research that examines this phenomenon in other contexts.

Regarding perceived usefulness and perceived enjoyment, our
results provide some unique insights. First, our study shows
that an attribute-based DSS can increase both perceived
usefulness, partly through perceived ease of use, and per-
ceived enjoyment, both of which can increase a user’s
behavioral intentions. Second, we have shown that the impact
of choice set size on perceptions of usefulness and enjoyment
is nonlinear. As we predicted, both perceptual variables
followed an inverted U-shaped path as the choice set size
increased. Showing such nonlinear effects on both variables
is a significant contribution to our theoretical as well as
practical understanding of how user perceptions change while
interacting with a DSS. For perceived enjoyment, our results

Kamis et al./Customizing Products Online with ABDSS

show a nonlinear relationship between task complexity and
affective perceptions regarding the task. The inverted U-
shaped relationship between choice set size and perceived
enjoyment is an indication that increasing the number of
options in a preferential choice task does not guarantee an
increase in enjoyment of the process. In fact, too many
choices can feel overwhelming and with increased effort by
the decision makers, perceived enjoyment can decrease. The
similar result for perceived usefulness indicates that the
complexity of the task can also have a nonlinear relationship
with cognitive perceptions regarding the system. As the num-
ber of possible choices increases, users may start recognizing
the system’s limitations in increasing their efficiency and
perceived usefulness can begin to decrease. As research on
the antecedents of system user perceptions and beliefs grows,
we hope that our results will highlight the need for researchers
to consider more than simple linear effects.

Implications for Practice

Our results regarding the impact of choice set size on user
perceptions also have practical implications for online com-
panies. The empirical verification of the inverted U-shaped
curve for perceived enjoyment and perceived usefulness with
the increase of the choice set size highlights the danger of
overwhelming customers with too many choices. Companies
that sell products on the web may be tempted to dramatically
increase the variety of their offerings, since they do not need
additional shelf space or retail stores to display the products.
While the optimum level of variety depends on many factors,
too much variety may prove too confusing and frustrating for
some customers. They may find themselves making a hasty
and regrettable decision or find themselves unable to make
any purchase decision at all. Our results show that this hap-
pens even when there is an ABDSS available for customers.

We are not suggesting that companies should limit the number
of products they offer. After all, profitable companies like
Amazon and e-Bay offer an enormous variety of products.
What our results do show, and what both Amazon and e-Bay
illustrate, is that online companies need to provide appropriate
tools for users to deal with the increase in product choices.
Amazon, for example, has a powerful internal search engine,
a sophisticated recommender system, and a vocal customer
community that provides its own advice and suggestions to
other customers.

For companies that have mass customization capabilities and
want to introduce user-customization of products on their
websites, our results clearly show that an ABDSS can be
effective, especially as the number of attributes and their
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values increase. As the number of possible customized ver-
sions of the product increases, users require a tool that helps
them recognize the product attributes and their corresponding
values, allowing them to interactively experiment with
customizing the final product. Companies such as Dell and
Nike have been successfully offering such an interface.

Finally, our results indicate that providing an appropriate
ABDSS on a website can allow customers to enjoy their
shopping experience more and perceive the system as
improving their decision making and shopping efficiency.
Consequently, customers might make more purchases and
return to an online company for future purchases.

Limitations and Future Research

One limitation of our study is the fact that we only used two
products: watches and backpacks. This may limit our results
to those products and their categories. Future research should
test other products including those with attributes that cannot
be easily communicated over the web. Examples of such
products are fragrances and food that rely heavily on the use
of smell, taste, and touch. Although technology that transmits
such sensory information over digital networks is possible, it
is still under development and not widely available. Research
on alternative ways to allow users to customize such products
and what is the best interface to enable that could provide
interesting insights.

Another limitation of our study is the limited number of
choice set sizes: 8, 54, and 150 alternatives. It is possible
that the user experience varies with different choice set sizes.
Ideally, one would conduct an experiment by changing a
single attribute by one value at a time, thus trying all possible
choice set sizes. That would allow the creation of an actual
curve between choice set size and the two process variables.
Such an experiment, however, would require a very large
number of subjects. Future research could take a more de-
tailed approach and examine the impact of a gradual increase
in the attributes and/or their values on the user experience.

While our sample consisted of real web users representative
of the general web user population, it also limited our control
over the experimental procedure. Each subject was invited to
participate via e-mail and did so privately. Therefore, it is
possible that the participation of some subjects was not
entirely according to the experimental design. We had a few
ways of controlling for who actually participated or for
possible distractions that may have interrupted the flow of the
experiment. Subjects were required to provide a unique ID
number that was given to them with the e-mail invitation in
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order to prevent multiple entries by the same subject. We
were also able to monitor the time stamps of each step of the
study for each subject and eliminated subjects who parti-
cipated in the experiment over multiple time periods.

Our results may be specific to the context of product
customization by online users. Our findings may only apply
to non-organizational settings or preferential-choice tasks.
However, attribute-based DSS use is not limited to online
retail companies and their customers. Such systems may be
used for work-related tasks with objective, optimal solutions.
In such systems, the affective perceptions of users may be less
significant. We encourage additional research that examines
the impact of using a customer ABDSS in other settings and
on different task types and complexities.

Finally, based on TAM2 we posited that underlying
mechanisms for the inverted U-shaped relationship between
task complexity and perceived usefulness were perceptions of
task relevance and output quality (customer satisfaction with
their decision). Although this theoretical rationale has face
validity, our study did not include measures of task relevance
or output quality. Assuch, the inverted U-shaped relationship
and its underlying mechanisms warrant further investigation
and are fruitful directions for future research.
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