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such as RA input, process, and output design characteristics,
that affect users’ evaluations, including their assessments of
the usefulness and ease-of-use of RA applications.
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Based on a review of existing literature on e-commerce RAs,
this paper develops a conceptual model with 28 propositions
derived from five theoretical perspectives. The propositions
help answer the two research questions: (1) How do RA use,
RA characteristics, and other factors influence consumer
decision making processes and outcomes? (2) How do RA
use, RA characteristics, and other factors influence users’
evaluations of RAs? By identifying the critical gaps between
what we know and what we need to know, this paper identifies
potential areas of future research for scholars. It also provides advice to information systems practitioners concerning
the effective design and development of RAs.

Abstract
Recommendation agents (RAs) are software agents that elicit
the interests or preferences of individual consumers for products, either explicitly or implicitly, and make recommendations accordingly. RAs have the potential to support and improve the quality of the decisions consumers make when
searching for and selecting products online. They can reduce
the information overload facing consumers, as well as the
complexity of online searches. Prior research on RAs has
focused mostly on developing and evaluating different underlying algorithms that generate recommendations. This paper
instead identifies other important aspects of RAs, namely RA
use, RA characteristics, provider credibility, and factors re-
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Introduction
Recommendation Agents Defined
Recommendation agents2 (RAs) are software agents that elicit
the interests or preferences of individual users for products,
2

1

Dov Te'eni was the accepting senior editor for this paper. Joey George was
the associate editor. Moez Limayem, Patrick Chau, and Mark Silver served
as reviewers.

In the literature reporting on previous research, the labels recommendation
agents (the terminology adopted in this paper), recommender systems,
recommendation systems, shopping agents, shopping bots, and comparison
shopping agents have been used interchangeably.
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either explicitly or implicitly, and make recommendations
accordingly. RAs have been used in different areas, including
e-commerce, education, and organization knowledge management. In the context of e-commerce, a distinction can be
made between RAs involved in product brokering (i.e.,
finding the best suited product) and merchant brokering (i.e.,
finding the best suited vendor) (Spiekermann 2001). In this
paper, we focus our attention on e-commerce product brokering RAs3 for supporting product search and evaluation.
The study of RAs falls within the domain of information
systems. An information technology artifact (Benbasat and
Zmud 2003), RAs are characterized as a type of customer
decision support system (DSS) (Grenci and Todd 2002) based
on the three essential elements of DSS proposed by Mallach
(2000): (1) DSSs are information systems, (2) DSSs are used
in making decisions, and (3) DSSs are used to support, not to
replace, people. Similar to other types of DSS, when employing RAs, a customer provides inputs (i.e., needs and
constraints concerning the product desired and/or ratings on
previously consumed products) that the RAs use as criteria for
searching products on the Internet and generating advice and
recommendations for the customer.
RAs are distinguished from traditional DSSs by several
unique features. Specifically, the users of traditional DSSs
are generally managers or analysts employing the systems for
assistance in tasks such as marketing planning, logistics
planning, or financial planning. As such, process models4
(which assist in projecting the future course of complex processes) (Benbasat et al. 1991; Zachary 1986) are the primary
decision support technologies employed by such DSSs. In the
case of RAs, in contrast, the decision makers are customers
facing a class of problems called preferential choice problems
(Todd and Benbasat 1994). Thus, choice models, which
support the integration of decision criteria across alternatives
(Benbasat et al. 1991; Zachary 1986), are the primary
decision support technologies employed by RAs. RAs also

3

In this paper, the terms RAs, product RAs, e-commerce RAs, and e-commerce
product RAs will be used interchangeably.

4

Zachary (1986) has proposed a functional taxonomy of decision support
techniques representing the six general kinds of cognitive support that human
decision makers need. The six classes are process models (which assist in
projecting the future course of complex processes), choice models (which
support integration of decision criteria across alternatives), information
control techniques (which help in storage, retrieval, organization, and integration of data and knowledge), analysis and reasoning techniques (which
support application of problem-specific expert reasoning procedures), representation aids (which assist in expression and manipulation of a specific
representation of a decision problem), and judgment amplification/refinement
techniques (which help in quantification and debiasing of heuristic
judgments).
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exhibit similarities to knowledge-based systems (KBS) inasmuch as they need to explain their reasoning to their users so
that they will trust the RAs’ competence and accept their
recommendations (Gregor and Benbasat 1999; Wang and
Benbasat 2004a), a functionality supported by analysis and
reasoning techniques (Benbasat et al. 1991; Zachary 1986).
Additionally, RAs are designed to understand the individual
needs of particular users (customers) that they serve. Users’
beliefs about the degree to which the RAs understand them
and are personalized for them are key factors in RA adoption
(Komiak and Benbasat 2006). Moreover, there is an agency
relationship between the RAs and their users; users (principals) cannot be certain whether RAs are working solely for
them or, alternatively, for the merchants or manufacturers that
have made them available for use. Therefore, users may be
concerned about the integrity and benevolence of the RAs,
beliefs that have been studied in association with trust in IT
adoption models (Wang and Benbasat 2005).

Motivation, Scope, and Contribution
Due to the rapid growth of e-commerce, consumer purchase
decisions are increasingly made in an online environment. As
forecasted by Forrester research,5 online retail will reach $331
billion by 2010. The growing population of online shopping
households combined with retailer innovations and site improvements will drive e-commerce to account for 13 percent
of total retail sales in 2010, up from 7 percent in 2004.
Between 2004 and 2010, online sales will grow at a 15 percent compound annual growth rate. Digital marketplaces
offer consumers great convenience, immense product choice,
and a significant amount of product-related information.
However, as a result of the cognitive constraints of human
information processing, identifying products that meet customers’ needs is not an easy task. Therefore, many online
stores have made RAs available to assist consumers in
product search and selection as well as for product customization (Detlor and Arsenault 2002; Grenci and Todd 2002;
O’Keefe and McEachern 1998). By providing product
advice based on user-specified preferences, a user’s shopping
history, or choices made by other consumers with similar
profiles, RAs have the potential to reduce consumers’ information overload and search complexity, while at the same
time improving their decision quality (Chiasson et al. 2002;
Hanani et al. 2001; Haubl and Trifts 2000; Maes 1994).
In addition, we have seen the establishment of many successful comparison shopping websites, such as Shopping.com and

5

http://www.forrester.com/Research/Document/Excerpt/0,7211,34576,00.
html.
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BizRate. Equipped with different types of high-end RAs,
these websites facilitate access to a wide range of products
across many merchants, promising to help consumers locate
the best product at the lowest price. According to a survey by
Burke (2002), over 80 percent of the respondents were
enthusiastic about using the Internet to search for product
information and to compare and evaluate alternatives. As
reported by BusinessWire,6 during the 2003 holiday season,
22 percent of shoppers began their shopping at comparison
shopping sites. The Economist (June 4, 2005, p. 11) reported
that EBay recently bought Shopping.com for $620 million,
further indicating the importance of recommendation technologies to e-commerce leaders. Regardless of the type of
websites (online retailers’ websites or comparison shopping
websites) in which the RAs are embedded, RAs “hold out the
promise of making shopping on the Internet better not just by
finding lower prices but by matching products to the needs
and tastes of individual consumers” (Patton 1999).
The design of RAs consists of three major components: input
(where user preferences are elicited, explicitly or implicitly),
process (where recommendations are generated), and output
(where recommendations are presented to the user). Since the
advent of the first RA, Tapestry, about a decade ago, research
on RAs has focused mostly on process, which consists of
developing and evaluating the different underlying algorithms
that generate recommendations (Cosley et al. 2003; Swearingen and Sinha 2002), while failing to focus on and adequately
understand input and output design strategies. Similarly, the
majority of the review articles regarding RAs (Herlocker et al.
2004; Montaner et al. 2003; Sarwar et al. 2000; Schafer et al.
2001; Zhang 2002) provide either evaluations of different
recommendation-generating algorithms (focusing primarily on
criteria such as accuracy and coverage) or taxonomies of currently available RAs (mostly in terms of the underlying algorithms and techniques), without paying much attention to
other design issues. However, from the customers’ perspective, the effectiveness of RAs is determined by many factors
aside from the algorithms (Swearingen and Sinha 2002),
including the characteristics of RA input, process, output,
source credibility, and product-related and user-related
factors. This study reviews the literature on e-commerce RA
design beyond algorithms to derive propositions for identifying promising areas for future research. This review is
organized along the following research questions:
1.

6

How do RA use, RA characteristics, and other factors
influence consumer decision-making processes and
outcomes?

http://www.websearchguide.ca/newsletter/031129.htm.

1.1 How does RA use influence consumer decisionmaking processes and outcomes?
1.2 How do the characteristics of RAs influence consumer decision-making processes and outcomes?
1.3 How do other factors (i.e., factors related to user,
product, and user–RA interaction) moderate the
effects of RA use and RA characteristics on consumer decision-making processes and outcomes?
2.

How do RA use, RA characteristics, and other factors
influence users’ evaluations of RAs?
2.1 How does RA use influence users’ evaluations of
RAs?
2.2 How do characteristics of RAs influence users’
evaluations of RAs?
2.3 How do other factors (i.e., factors related to user,
product, and user–RA interaction) moderate the
effects of RA use and RA characteristics on users’
evaluations of RAs?
2.4 How does provider credibility influence users’
evaluations of RAs?

This review makes the following contributions to research and
practice:
1.

It develops a conceptual model with supporting propositions derived from five theoretical perspectives concerning (1) the effects of RA use on consumer decisionmaking processes and outcomes, as well as the effects on
users’ evaluations of RAs, (2) how such effects are
moderated by RA characteristics and other contingency
factors, and (3) the effect of provider credibility on users’
evaluations of RAs.

2.

It not only compiles and synthesizes existing knowledge
from multiple disciplines that contribute to and shape our
understanding of RAs, but also identifies critical gaps
between what we know and what we need to know,
thereby alerting scholars to potential opportunities for
key contributions.

3.

It offers suggestions about how additional propositions
can be developed and how they can be empirically
investigated.

4.

It provides advice to IS practitioners concerning the
effective design and development of RAs.

The unit of analysis for this review is an instance of using the
RA. This paper reviews previous theoretical and empirical
studies of RAs, as defined in this paper, in both online and
offline shopping environments. The review covers a period
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from the early 1990s, when the first RAs came into being, to
the present. A search of literature in information systems,
marketing, consumer research, computer science, decision
science, and human computer interaction was undertaken to
identify the relevant studies. Databases for published journal
articles, conference proceedings, and unpublished dissertations, theses, and working papers were searched by using
relevant keywords. Leading journals and conference proceedings were also scanned by their table of contents. The
criteria for including a particular empirical study7 are
•

The study must be “empirical” in the sense that the study
has to involve actual use of an RA (prototype or operational, web-based or stand-alone) by human users
(similar to the definition of empirical studies in Gregor
and Benbasat 1999) in either online or physical settings.8

•

The study must have dependent variables that go beyond
“accuracy” and “coverage,”9 which are the variables
commonly investigated as dependent variables in
algorithm-focused research.

In the next section, the conceptual model is introduced and
the constructs that make up the model are defined. Propositions concerning the relationships among the constructs are
then presented and evidence from empirical studies is introduced to test the propositions. In the final section, recommendations to practitioners and researchers are provided and
directions for future work are suggested.

7

The empirical studies reviewed in this paper are listed in alphabetical order
by authors’ names in Appendix A. For each study, the theoretic perspectives
drawn, the context of the study (e.g., research method, RA used, tasks), the
variables included, and the results that were obtained are described.
8

Many researchers (e.g., Ariely et al. 2004; Breese et al. 1998; Herlocker et
al. 2004) in the field of RA have published results evaluating the accuracy
and/or coverage of different recommendation algorithms. However, most of
these studies make conclusions based on either simulations or post hoc
analysis (offline studies based on preexisting databases) and do not include
users in the evaluation process. For the purpose of this paper, simulations
and offline studies on preexisting datasets are excluded from the review.

9

Accuracy and coverage are the two most widely used metrics for evaluating
recommendation algorithms, particularly for collaborative-filtering algorithms. Accuracy measures how close the RA’s predicted ratings are to the
true user ratings. Coverage of an RA is a measure of the domain of items in
the system over which the system can form predictions or make recommendations (Herlocker et al. 2004). Both metrics measure what system
designers believe will affect the utility of an RA to the user and affect the
reaction of the user to the system, instead of measuring directly how actual
users react to an RA.

140

MIS Quarterly Vol. 31 No. 1/March 2007

Conceptual Model and Constructs
Conceptual Model
The conceptual model for this review is depicted in Figure 1.10
The key constructs of the conceptual model, from right to left,
are outcomes of RA use (consisting of consumer decision
making and users’ evaluations of RAs), product, user, user–
RA interaction, RA characteristics, provider credibility, and
RA use. They are identified based on previous conceptual
and empirical research in information systems in general, and
decision support systems and RAs in particular, as discussed
in the following sections. To explicitly indicate the connection between the conceptual and the research questions stated
earlier, relationships among the constructs are marked with
the corresponding research question number(s). This high
level conceptual model will be decomposed into more
focused, lower level models in the “Propositions” section to
map the relationships among different constructs (and elements of the constructs).
This paper focuses on two classes of outcomes associated
with RA use. First, it intends to enquire into the differences
in decision making (1) between consumers who are assisted
by RAs and those who are not, as well as (2) between consumers using different types of RAs or RAs with differing
design characteristics. Hence, the construct consumer decision making is included in the conceptual framework to
investigate how the different groups of consumers differ in
their decision making processes and outcomes. Second, this
paper aims to examine users’ perceptions of RAs, represented
by the construct users’ evaluations of RAs. Since RAs are a
particular type of information system, we focus on the two
dominant approaches to examining user perceptions of information system success—user satisfaction and IT acceptance
(Wixom and Todd 2005)—hence including satisfaction and
TAM (technology acceptance model) constructs (perceived
usefulness and perceived ease of use) in the conceptual model.
In addition to being information technology artifacts, RAs are
also trust objects (Gefen et al. 2003; Wang and Benbasat
2005), that is, consumers must have confidence in the RAs’
product recommendations, as well as in the processes by
which these recommendations are generated (Haubl and
Murray 2003). Furthermore, the relationship between RAs
and their users can be described as an agency relationship.
By delegating the task of product screening and evaluation to

10

Two additional constructs, namely, intention for future use and future use
of RA, as well as the relationships (1) between the two groups of outcome
variables, (2) among the outcome variables in each group, (3) between
outcome variables and intention for future use, and (4) between intention for
future use and future use of RA are not part of our conceptual model. They
are, however, included in Figure 1 to show compatibility with prior research.
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User-RA
Interaction

 Product
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 Perceived
product risks

Q1.3
Q2.3

RA Use

Outcomes of RA Use

 User-RA similarity
 User’s familiarity
with RA
 Confirmation/
disconfirmation
of expectations

Consumer Decision
Making
Decision Processes

Q1.3
Q2.3

Decision Outcomes

Q1.1
Q2.1

Intention for
Future Use

RA
Characteristics
 RA Type
 Input
 Process
 Output

User Evaluation of RAs
Q1.2
Q2.2

Trust

Future Use
of RA

Perceived Usefulness

Q1.3
Q2.3

Product
 Product type
 Product
complexity

Provider
Credibility

Perceived Ease of
Use

Q2.4

Satisfaction

 Type of RA
provider
 Reputation of
RA provider

Note: Solid lines indicate relationships and constructs investigated in this paper.

Figure 1. Conceptual Model

RAs (i.e., the agents), users assume the role of principals.
Thus, as a result of the information asymmetry underlying any
agency relationship, users usually cannot determine whether
RAs are capable of performing the tasks delegated to them,
and whether RAs work solely for the benefit of the users or
the online store where they reside. As such, trust is also an
integral part of the conceptual framework.
Eierman et al. (1995) identified six broad DSS constructs (i.e.,
environment, task, implementation strategy, DSS capability,
DSS configuration, and user) that affect user behavior and
DSS performance. Brown and Jones (1998) also recognized
decision aid features, decision-maker characteristics, and
decision-task characteristics as important factors influencing
users’ reliance on decision aids. Table 1 illustrates the corre-

spondence between the constructs proposed in this review and
those included in the two earlier frameworks. Abstracting
from the two studies, we include RA characteristics, product,
user, user–RA interaction, and provider credibility11 in the
model as important determinants of both RA-assisted
consumer decision making and user evaluation of RAs.

11

As advice-giving information systems, RAs are effective to the extent that
the users follow their recommendations. Prior research has recognized the
importance of source credibility in determining users’ acceptance of the
advice from consultative knowledge based systems (Fitzsimons and Lehmann
2004; Mak and Lyytinen 1997; Pornpitakpan 2004). Insomuch as current
RAs are provided by and embedded in websites, the credibility of the
websites is an indicator of source credibility. It is therefore included in our
conceptual framework and represented by the construct provider credibility.
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Table 1. Selection of Constructs
Sources
Constructs
Included in
Conceputal
Model
RA
Characteristics

Brown and
Jones
(1998)
Decision aid
features

Eierman,
Niederman,
and Adams
(1995)
DSS
configuration

Reasons for Including the Constructs
in the Conceptual Model
The correspondence between RA characteristics (in this study),
decision aid features (Brown and Jones 1998), and DSS configuration (Eierman et al. 1995) is apparent.
The correspondence between user (in this study), decisionmaker characteristics (Brown and Jones 1998), and user
(Eierman et al. 1995) is apparent.

User;
User–RA
Interaction

Decision-maker
characteristics

Product

Decision task
characteristics

Provider
Credibility

User

Task

Environment

The construct user–RA interaction (in this study), as the name
suggests, captures the relationship between RA and user (e.g.,
user–RA similarity) as well as users’ experience with RA (e.g.,
user’s familiarity with RA, confirmation/disconfirmation of
expectation)
In this study, “task” is fixed, namely, to purchase products with/
without an RA. Since “product” is an integrated component of
the buying task, its type (i.e., search or experience) and complexity may affect the effectiveness of the RAs.
According to Eierman et al. (1995), environment is the setting in
which the DSS is developed and used. Since RAs are typically
embedded in different websites, referred to as RA provider in
this paper, the credibility of such RA provider will influence
users’ evaluations of the RA.

Finally, the use of RAs is a necessary condition that affects
consumers’ decision making effectiveness and users’ evaluations of the RAs. Although the intent to use IS is modeled as
a main dependent variable in most IS adoption research, based
on TAM, we explicitly include RA use as an independent
variable in the conceptual model for two reasons. First, initial
or trial RA use serves as a context for the majority of
empirical studies included in this review. TAM specifies that
perceived usefulness (PU) and perceived ease of use (PEOU)
are two salient beliefs determining users’ behavioral intentions (i.e., about future use). Although TAM is silent about
where these two beliefs come from, the basic concept underlying TAM as well as other user acceptance models is that an
individual’s reactions to using IT/IS contribute to the intention to use IT/IS, which, in turn, determines the actual use of
IT/IS (Venkatesh et al. 2003). Fishbein and Ajzen (1975)
have differentiated three types of beliefs based on three different belief formation processes: descriptive beliefs (based
on direct experiences), inferential beliefs (based on prior
descriptive beliefs or a prior inference), and informational
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beliefs (based on information provided by an outside source).
In line with Fishbein and Ajzen’s account, in the context of
RAs, beliefs about RAs may come from two sources:
(1) from perceptions acquired from other sources, colleagues,
newspapers, etc. (if people have not used RAs yet), or
(2) from individuals’ direct experiences based on RA use. In
this review paper, we are dealing with the second case only.
In almost all of the studies reviewed in this paper, the
participants are using an RA for the first time. This use of
RAs constitutes direct experience through which descriptive
beliefs about the RAs are formed. Indeed, in many prior
studies validating TAM (e.g., Davis 1989; Davis et al. 1989),
subjects were allowed to interact with a system for a brief
period of time before their beliefs about the system and
intention to use the system were measured, although such
interaction with the system (or system use) was not explicitly
included in the conceptual model. This paper explicitly
models RA use as an independent variable to account for the
results of the many experimental studies included in our
review.
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Second, prior IS research (e.g., Bajaj and Nidumolu 1998;
Kim and Malhotra 2005a; Limayem et al. 2003) has investigated the effects of initial or prior IS use on users’ evaluations
and their subsequent use or adoption of the IS. Bajaj and
Nidumolu (1998) have demonstrated that past use itself could
be a basis for the formation of user evaluations (i.e., perceived
ease of use) at a subsequent stage. Limayem et al. (2003)
explicitly incorporate initial IS use in an integrative model
explaining subsequent IS adoption and post-adoption. The
results of a multistage online survey revealed that initial IS
use confirmed or disconfirmed users’ prior expectations, thus
affecting users’ satisfaction with the IS and, subsequently,
their intention to continue the use of the IS. Kim and Malhotra (2005b) have developed a longitudinal model of how
individuals form (and update) their evaluations of an IT
application and adjust their system use over time. The model
includes two instances of the IS use construct (use at t = 0 –
1 and Use at t = 1 – 2), representing the use of the IS during
two different time periods. In a two-wave survey in the
context of web-based IS use, they found that prior use of a
personalized web portal influenced users’ evaluations of the
portal (i.e., the perceived usefulness, perceived ease of use,
and future use intention), which in turn influenced the users’
future use of the portal.
The two reasons presented above justify our treatment of RA
use as an independent variable in the model.

Definitions of Constructs
Although the constructs in Figure 1 have been labeled, measured, and applied differently in different studies, some common definitions of the constructs are provided below to
facilitate the comparison and synthesis of the results from
various studies.
Outcomes of RA use includes two general classes of consequences associated with the application of RAs in decision
making. Consumer decision making (see Table 2 for definitions) is a broad construct referring to decision processes,
including consumers’ product evaluations, preference functions, decision strategies, and decision effort, and decision
outcomes, including consumers’ choice and decision quality
(both subjective and objective). Users’ evaluations of RAs
(see Table 3 for definitions) refers to users’ perceptions and
assessment of RAs, including their trust in RAs, perceptions
of RAs’ usefulness and ease of use, and satisfaction with
RAs.
Factors related to product (see Table 4 for definitions) include
product type and product complexity. Product-related factors
have been shown to influence both users’ decision-making

processes and outcomes and their evaluations of RAs
(Swaminathan 2003).
Factors related to user (see Table 4 for definitions) include
consumers’ characteristics, such as their product expertise and
perceptions of product risks. Similar to product-related factors, user-related factors have been investigated as an antecedent of both objective and subjective measures of RA effectiveness (Senecal 2003; Spiekermann 2001; Swaminathan
2003; Urban et al. 1999).
Factors related to user–RA interaction (see Table 4 for definitions) include user–RA similarity (i.e., the user’s similarity
with RAs in terms of ratings, goals, and needs, decision
strategy, and attribute importance), user’s familiarity with
RAs through repeated use, and confirmation/disconfirmation
of the user’s prior expectations related to RAs.
In Figure 1, factors related to product, user, and user–RA
interaction are modeled as moderators of the effects of RA
use and RA characteristics on outcomes of RA Use (i.e.,
consumer decision making and users’ evaluations of RA).
Provider credibility (see Table 4 for definitions) refers to
users’ perception of the credibility of the providers of RAs.
This is influenced by the type of websites in which the RAs
are embedded (e.g., sellers’ websites, third party websites
commercially linked to sellers, or third party websites not
commercially linked to sellers) (Senecal 2003; Senecal and
Nantel 2004), as well as by the reputation of the websites.
The credibility of RAs’ providers has a direct impact on
users’ evaluations of the RAs.
RA characteristics (see Table 5 for definitions) include RA
type as well as features and characteristics of RAs related to
the following stages:
•
•
•

Input (the stage where users’ preferences are elicited)
Process12 (the stage where recommendations are generated by the RAs)
Output (the stage where RAs present recommendations
to the users).

RA characteristics have been shown to influence the
customers’ decision-making processes and outcomes, as well
as their evaluation of RAs, which in turn influence their
behavioral intention to adopt RAs. While a majority of the
factors relate to both content-filtering and collaborativefiltering RAs, some (e.g., product attributes included in the

12

RA recommending algorithms are not a focus of this paper and therefore
not included in Table 5.
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Table 2. Variables Associated with Consumer Decision Making
Variables

Definitions

Decision processes
Decision effort
• Decision time
• Extent of product search
• Amount of user input

The amount of effort exerted by the consumer in processing product information, evaluating
product alternatives, and arriving at choice decision.
• The time taken for the consumer to search for product information and make a purchase
decision.
• The number of product alternatives that have been searched, for which detailed information
is acquired, and have seriously been considered for purchase by the consumer.
• The amount of preference information provided by the user prior to receiving
recommendations.

Preference functions

The consumer’s attribute-related preferences (e.g., product attribute importance weight).

Product evaluation

The consumer’s evaluation (e.g., ratings) of the product alternatives recommended by the
RA.

Decision strategies

The strategies with which the consumer evaluates product alternatives to arrive at product
choice.

Decision Outcomes
Choice

The consumer’s final choice from the products in the alternative set.

Decision quality (objective)
• Preference matching
score
• Quality of consideration
set
• Choice of non-dominated
alternative(s)
• Product switching

The objective quality of the consumer’s purchase decision, indicated by such measures as:
• Calculated score of how the chosen alternative matches the consumer’s preferences
• Averages quality of the alternatives that the consumer considers seriously for purchase.
• Whether the product chosen by the consumer is a dominant or dominated alternative within
the context of the whole set of products she selects (when there exists a dominant product)
or on a particular attribute dimension (when there is no dominant product).
• Whether the consumer, after making a purchase decision, changes her mind and switches
to another alternative when given an opportunity to do so.

Decision quality (subjective) The subjective quality of the consumer’s purchase decision, indicated by such measure as
• Confidence
• The degree of a consumer’s confidence in the RA’s recommendations.

Table 3. Variables Associated with Users’ Evaluations of RAs
Variables

Definitions

Trust
• Competence
• Benevolence
• Integrity

The user beliefs in the RA’s competence, benevolence, and integrity. The beliefs that
• the RA has the ability, skills, and expertise to perform effectively
• the RA cares about the user and acts in the user’s interest
• the RA adheres to a set of principles (e.g., honesty and promise keeping) that the user finds
acceptable

Satisfaction

The user’s satisfaction with RA and her decision-making process aided by the RA.

Perceived usefulness

The user’s perceptions of the utility of the RA or the RA’s recommendations.

Perceived ease of use

The user’s perceptions of the effort necessary to operate the RA.
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Table 4. Factors Related to Product, User, User–RA Interaction, and Provider Credibility

Product complexity is defined along four dimensions: the number of product alternatives,
the number of product attributes, variability of each product attribute, and inter-attribute
correlations.

Product expertise

The user’s knowledge about or expertise with the intended product.

Perceived product
risks

The user’s perceptions of uncertainty and potentially adverse consequences of buying a
recommended product.

User–RA similarity

Similarity between the user and the RA in terms of past opinion agreement, goals, decision
strategies, and attribute weighting.

User’s familiarity with
RAs

The user’s familiarity with the workings of RAs through repeated use.

Confirmation/disconfirmation of expectations

Consistency/inconsistency between the user’s pretrial expectations about the RA and the
actual performance of the RA.

The user’s perception of how credible the provider of an RA is.
Provider credibility
• Type of RA provider • The type of website in which the RA is embedded.
• The reputation of the website in which the RA is embedded.
• Reputation of RA
provider

User

Product

Product complexity

User–RA
Interaction

Definitions
Whether a product is a search product or an experience product. Search product is
characterized by attributes that can be assessed based on the values attached to their
attributes, without necessitating the need for the user to experience the products directly.
Experience product is characterized by attributes that need to be experienced prior to
purchase.

Provider
Credibility

Factors
Product type

RAs’ preference-elicitation interface) pertain only to contentfiltering ones. RA characteristics are modeled as having
direct effect on outcomes of RA use.13
RA use refers to the application of RAs to assist in shopping
decision making. In most of the empirical studies reviewed
in this paper, RA use is an independent variable implemented
by comparing use to nonuse of RAs.14 RA use is also binary
in our research model.

Propositions
When individuals engage in online or offline shopping with
the assistance of web-based RAs, they are simultaneously

13

It should be noted that the effects of RA characteristics on the outcomes of
RA use can only be realized when the RAs are actually used.

consumers shopping for products as well as users of an IT
artifact. Accordingly, there have been two streams of
empirical research on RAs, one focusing on consumers’ decision-making processes and outcomes with the assistance of
RAs, and the second focusing on users’ subjective evaluation
of RAs. This paper also adopts this dual focus. In the
following subsections, propositions concerning the effects of
RA use, RA characteristics, and other factors (i.e., those
related to product, user, user–RA interaction, and provider
credibility) on consumers’ decision making processes and
outcomes, as well as on their evaluation of RAs are derived
from five theoretical perspectives15: (1) theories of human
information processing, (2) the theory of interpersonal similarity, (3) the theories of trust formation, (4) the technology
acceptance model (TAM), and (5) the theories of satisfaction.
Whereas propositions related to RA-assisted consumer decision making are primarily derived from theories of human information processing, those concerning users’ evaluations of
RAs and their adoption intention are developed based on the

14

Typically, subjects were randomly assigned into two different groups: one
group was instructed to use an RA to assist with the shopping task while the
other group was not provided an RA.

15

A brief introduction to the five theoretical perspectives is provided in
Appendix B.
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Table 5. Recommendation Agent Characteristics

Output

Process

Input

RA Type

Factors
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Definitions

RA type

Type of RAs

Content-filtering vs.
collaborative filtering vs.
hybrid

Content filtering RAs generate recommendations based on product attributes the consumer likes;
collaborative filtering RAs mimic “word-of-mouth” recommendations and use the opinions of likeminded people to generate recommendations; hybrid RAs integrate content filtering and
collaborative filtering methods in generating recommendations.

Compensatory vs. noncompensatory

Compensatory RAs allow tradeoffs between attributes. All attributes simultaneously contribute to
computation of a preference value; non-compensatory RAs do not consider tradeoffs between
attributes.

Feature-based vs.
needs-based vs. hybrid

Feature-based RAs ask the consumer to specify what features she wants in a product and then
help the consumer narrow the available choices and recommend alternatives; needs-based RAs
ask the consumer to provide information about herself and how she will use the product, and then
recommend alternatives from which the consumer can make a choice; hybrid RAs allow the
consumer to specify both desired product features and product-related needs.

Preference elicitation
method

Whether feature-based or needs-based preference elicitation method is used.
Whether explicit or implicit preference elicitation method is used.

Included product
attributes

What attributes of the product are included in the RA’s preference-elicitation interface

Ease of generating
new/additional
recommendations

Ease for the user to generate new/additional recommendations (e.g., is the user required to repeat
the entire rating or question-answer process to see new recommendations? Can the user modify
their previous answers/ratings to generate new recommendations?).

User control

The amount of control the user has over the interaction with the RA (e.g., the user may choose
what and how many preference-elicitation questions to answer).

Information about
search progress

Whether or not the RA provides information about search progress (e.g., what percentage of the
database has the search engine reviewed and what percentage remains to be reviewed).

Response time

Amount of time elapsed for the user to receive recommendations (after providing ratings or
answers to preference-elicitation questions).

Recommendation
content
• Recommendations
• Utility scores or
predicted ratings
• Detailed information
about recommended
products
• Familiar recommendations
• Composition of the
list of recommendations
• Explanation

What is presented to the users at output stage?

Recommendation
format
• Recommendation
display method
• Number of
recommendations
• Navigation and layout

How is the recommendation content presented to the users output stage?

• The product recommendation generated by the RA
• Whether or not the RA displays utility scores or predicted product ratings (calculated on the
basis of the user’s profile) for the products recommended by the RA
• Whether or not the RA provides detailed information about recommended items (e.g., detailed
item-specific information, pictures, community ratings)
• Whether or not the list of recommendations contains familiar products
• The composition of the list of recommendations presented by the RA (e.g., whether there is a
balance of both familiar and novel recommendations)
• Whether or not explanations are provided on how the recommendations are generated by the
RA

• Whether the recommendations are displayed in sorted or non-sorted list
• The number of recommended products displayed by the RA
• Navigational path to product information and layout of the product information
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theories of trust formation, TAM, and satisfaction. The
theories of interpersonal similarity are drawn upon to explain
phenomena in both streams of research.
The discussion in each subsection follows a common structure:
• A brief introduction of the subsection is provided.
• Each proposition is advanced as a triplet of (1) theoretical
explanations and past empirical findings (in areas other
than RAs) that provide rationale for the proposition; (2) the
proposition (and sub-propositions); and (3) existing empirical findings in RA research (if available) that are used to
support (or qualify) the proposition.
• The research question relevant to the discussion in that
subsection is answered. Propositions and relevant empirical findings for the subsection are summarized in a table.

Consumer Decision Making
Consumer behavior is defined as the “acquisition, consumption, and disposition of products, services, time and ideas by
decision making units” (Jacoby 1998, p. 320). Major domains
of research in consumer behavior include information
processing, attitude formation, decision making, and factors
(both intrinsic and extrinsic) affecting these processes (Jacoby
1998). This paper focuses on consumer decision making
related to the acquisition or buying of products, and separates
the outcomes of decision making from the processes of decision making. What follows is a discussion of how RA use,
RA characteristics, and other contingencies affect consumer
decision making processes and outcomes. The guiding
theories for the development of propositions P1 to P13 are the
theories of human information processing and the theory of
interpersonal similarity. The propositions provide answers to
our first research question: How do RA use, RA characteristics, and other factors influence consumer decisionmaking processes and outcomes? The relationships investigated in this section are depicted in Figure 2.

RA Use
The application of RAs to assist in consumers’ shopping task
influences their decision-making processes and outcomes. As
predicted by the theoretical perspective of human information
processing, and represented in propositions P1 and P2, when
supported by RAs in decision making, consumers will enjoy
improved decision quality and reduced decision effort.

The Impact of RA Use on Decision Processes. In complex
decision-making environments, individuals are often unable
to evaluate all available alternatives in great depth prior to
making their choices due to their limited cognitive resources.
According to Payne (1982; see also Payne et al. 1988), the
complexity can be reduced with a two-stage decision-making
process, in which the depth of information processing varies
by stage. At the first stage (i.e., the initial screening stage),
individuals search through a large set of available alternatives,
acquire detailed information on select alternatives, and identify a subset (i.e., the consideration set) of the most promising
candidates. Subsequently (i.e., at the in-depth comparison
stage), they evaluate the consideration set in more detail,
performing comparisons based on important attributes before
committing to an alternative (Edwards and Fasolo 2001;
Haubl and Trifts 2000). Since typical RAs facilitate both the
initial screening of available alternatives and the in-depth
comparison of product alternatives within the consideration
set, they can provide support to consumers in both stages of
the decision-making process.
Table 6 illustrates the two-stage process of online shopping
decision making, with and without RAs, as well as the tasks
performed by RAs and by consumers at each stage. It also
shows the different alternative sets16 involved in the two-stage
decision-making process: (1) the whole set of products
available in the database(s) (i.e., the complete solution space),
(2) the subset of products that is searched (or search set),
(3) the subset of alternatives for which detailed information is
acquired (or in-depth search set), (4) the subset of alternatives seriously considered (or consideration set), and the
(5) the alternative chosen. As one moves from each set to the
next—that is, from (2) to (3) or from (3) to (4)—some form of
effortful information-processing occurs.
RA use affects the consumer’s decision-making process by
influencing the amount of effort exerted during the two stages
(as well as the individual phases in each stage) of the
shopping decision-making process as illustrated in Table 6.
Dictionary.com defines effort as “the use of physical or
mental energy to do something.” Consumer decision effort,
in online shopping context, refers to the amount of effort
exerted by the consumer in processing information, evaluating
alternatives, and arriving at a product choice. It is usually
measured by decision time and the extent of product search.
Decision time refers to the time consumers spend searching
for product information and making purchase decisions.
Since RAs assume the tedious and processing intensive job of

16

The categorization of alternative sets is based on the comments provided
by one of the anonymous reviewers.
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User-RA
Interaction
• User-RA
similarity

User
• Product
expertise
• Perceived
product risk

Product
• Product
type
• Product
complexity

Outcomes of RA Use

RA Use

P13

P12

P9

P13

P12

P8
P9

P1

Consumer Decision
Making
Decision Processes
• Decision effort

P2

• Preference function
• Product evaluation

RA Characteristics

• Decision strategies

RA Type
• Content-filtering/
collaborative-filtering
vs. hybrid
• Compensatory vs.
non-compensatory
• Feature-based vs.
needs-based

P3, P4, P5, P6, P7

P11
P3, P4, P5, P6, P7

Input

P10

Decision Outcomes
• Decision quality
• Choice

• Preference elicitation
method
• Included product
attributes

Process
Output
• Recommendation
content
• Recommendation
format

Figure 2. Effects of RA Use, RA Characteristics, and Other Factors on Consumer Decision Making
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Online Shopping
Without RA

Table 6. Two-Stage Process of Online Shopping Decision Making

Stage 1
Initial Screening

Stage 2
In-Depth
Comparison

Tasks Performed by Consumers
Searches through a large set of relevant
products, without examining any of them in
great depth
Acquires detailed information on a select
set of alternatives
Identifies a subset of alternatives that
includes the most promising alternatives
for in-depth evaluation
Performs comparisons across products (in
previously identified subset) on important
attributes
Makes a purchase decision

Tasks Performed by RA

Alternative
Sets
Search set
In-depth search
set

Consideration
set

Final choice

Online Shopping with RA

Indicate preferences in terms of product
features or ratings
Screens available products in the
database to determine which ones
are worth considering further and
Complete
presents a list of products sorted
solution space
by their predicted attractiveness to
the customer (based on the
customer’s expressed preferences)

Stage 1
Initial Screening
Searches through the list of
recommendations
Acquires detailed information on a select
set of alternatives
Identifies a subset of products (that
includes the most promising alternatives)
to be included in comparison matrix
Stage 2
In-Depth
Comparison

Search set
In-depth search
set

The comparison matrix organizes Consideration
Performs comparisons across products (in attribute information about multiple set
products and allow for side-by-side
previously identified subset) on select
comparisons of products in terms
attributes
of their attributes
Makes a purchase decision

screening and sorting products based on consumers’ expressed preferences, consumers can reduce their information
search and focus on alternatives that best match their preferences, resulting in decreased decision time.
The extent of product search refers to the number of product
alternatives that have been searched, for which detailed
information is acquired, and have seriously been considered
for purchase by consumers. Thus, a good indicator for the
extent of product search is the size of the alternative sets (as
illustrated in Table 6) and, in particular, the size of the search
set, the in-depth search set, and the consideration set. Since
RAs present lists of recommendations ordered by predicted
attractiveness to consumers, compared to consumers who

Final choice

shop without RAs, those who use RAs are expected to search
through and acquire detailed information on fewer alternatives
(i.e., only those close to the top of the ordered list), resulting
in a smaller search set, in-depth search set, and consideration
set. Thus, the use of RAs is expected to reduce the extent of
consumers’ product search by reducing the total size of
alternative sets as well as the size of the search set, in-depth
search set, and consideration set.
An additional indicator of consumer decision effort, the
amount of user input, occurs during RA-assisted online
shopping (see Table 6). The amount of user input refers to
the amount of preference information (e.g., desired product
features, importance weighting, and product ratings) provided
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by the users prior to receiving recommendations. Such decision effort will not be incurred by consumers shopping
without RAs. It is therefore proposed that
P1: RA use influences users’ decision effort.
P1a: RA use reduces the extent of product search by
reducing the total size of alternative sets processed
by the users as well as the size of the search set,
in-depth search set, and consideration set.
P1b: RA use reduces users’ decision time.
P1c: RA use increases the amount of user input.
Dellaert and Haubl (2005) found that RA use reduced the
number of products subjects looked at in the course of their
search (i.e., the total size of the alternative sets). Similar
results were obtained by Moore and Punj (2001). Haubl and
Trifts (2000) observed that consumers who shopped with the
assistance of RAs acquired detailed product information on
significantly fewer alternatives (i.e., the in-depth search set)
than did those who shopped without RAs. Haubl and his
colleagues (Haubl and Murray 2006; Haubl andTrifts 2000)
found that the use of RAs led to a smaller number of alternatives seriously considered at the time the actual purchase
decision was made. However, there are some contradictory
reports concerning the effects of RA use on the size of consideration set. Pereira (2001) observed that the use of RAs
significantly increased the set of alternatives the subjects
seriously considered for purchase in the first stage of the
phased narrowing process. Pedersen (2000) found no significant effect of RA use on the size of the consideration sets
(based on the subjects’ self-reports). Swaminathan (2003)
observed that the effect of RA use on the size of consideration
set was moderated by product complexity.
Concerning decision time, a few studies (Hostler et al. 2005;
Pedersen 2000; Vijayasarathy and Jones 2001) noted that,
compared to those who did not utilize RAs, RA users spent
significantly less time searching for information and completing the shopping task. However, Olson and Widing
(2002) observed that consumers who used RAs had longer
actual decision time and perceived decision time. They
explained that the benefit of less information processing time
may be offset by the extra time required to enter product
attribute importance weights for the RAs.
The Impact of RA Use on Decision Outcomes. Decision
quality refers to the objective or subjective quality of a consumer’s purchase decision. It is measured in various ways:
(1) whether a product chosen by a consumer is a non-
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dominated (an optimal decision) or dominated (a suboptimal
decision) alternative (Diehl 2003; Haubl and Trifts 2000;
Swaminathan 2003), (2) as a calculated preference matching
score of the selected alternatives, which measures the degree
to which the final choice of the consumer matches the
preferences she has expressed (Pereira 2001), (3) by the
quality of consideration set (Diehl 2003), averaged across
individual product quality, (4) by product switching, that is,
after making a purchase decision, when given an opportunity
to do so, if a customer wants to change her choice and trade
her initial selection for another (Haubl and Trifts 2000;
Swaminathan 2003), and (5) by the consumer’s confidence in
her purchase decisions or product choice (Haubl and Trifts
2000; Swaminathan 2003).
The typical decision maker often faces two objectives: to
maximize accuracy (decision quality) and to minimize effort
(Payne et al. 1993). These objectives are often in conflict,
since more effort is usually required to increase accuracy.
Since RAs perform the resource-intensive information processing job of screening, narrowing, and sorting the available
alternatives, consumers can free up some of the processing
capacity in evaluating alternatives, which will allow them to
make better quality decisions. Moreover, RAs enable consumers to easily locate and focus on alternatives matching
their preferences, which may also result in increased decision
quality. It is therefore proposed that
P2: RA use improves users’ decision quality.
Pereira (2001) observed that query-based RAs improved
consumers’ decision quality, measured both objectively by the
preference matching score of the chosen alternative and subjectively by customers’ confidence in their decision. Similar
results were also obtained by Dellaert and Haubl (2005).
Haubl and his colleagues (Haubl and Murray 2006; Haubl and
Trifts 2000) found that RAs led to increased decision quality,
namely, a decrease in the proportion of subjects who purchased non-dominated alternatives and a decrease in the proportion of subjects who switched to another alternative when
given an opportunity to do so. Olson and Widing (2002) also
observed that the use of RAs resulted in a lower proportion of
subjects who switched from their actual choice to the computed best choice as well as a greater confidence in their
choices. Van der Heijden and Sorensen (2002) showed that
the use of RAs increased the number of non-dominated alternatives in the consideration set as well as consumers’ decision
confidence. Hostler et al. (2005) found that RAs increased
users’ objectively measured decision quality, but had no
effect on their decision confidence. The predicted impact for
RAs on decision quality, measured by subjects’ choices of
non-dominated products, was not borne out in another study
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Table 7. The Impact of RA Use on Decision Process and Decision Outcomes
The propositions in this table provide answers to research question 1.1.
Q1.1: How does RA use influence consumer decision making processes and outcomes?
Relationship Between

RA Use

Decision Effort
• Extent of product
search

• Decision time

Empirical Support
RA use reduced the total number of products subjects examined (Dellaert and
Haubl 2005; Moore and Punj 2001); RA use reduced the number of products
about which detailed information are obtained (Haubl and Trifs 2000); RA use
led to smaller consideration sets (Haubl and Murray 2006; Haubl andTrifts
2000); RA use led to larger consideration sets (Pereira 2001); RA use had no
effect on self report consideration set size (Pedersen 2000); The effect of RA
use on the size of consideration set size was moderated by product complexity
(Swaminathan 2003).
RA users spent less time searching for information and completing the shopping
task (Hostler et al. 2005; Pedersen 2000; Vijayasarathy and Jones 2001); RA
users had longer actual and perceived decision time (Olson and Widing 2002).

P
P1
• P1a

• P1b

No empirical study available
• P1c

RA Use

• Amount of user input

Decision Quality

RA use improved consumers’ decision quality, in terms of preference matching
scores (Dellaert and Haubl 2005; Hostler et al. 2005; Pereira 2001), confidence
in decision (van der Heijden and Sorensen 2002; Olson and Widing 2002;
Pereira 2001), choice of non-dominated alternatives (Haubl and Murray 2006;
Haubl and Trifts 2000; van der Heijden and Sorensen 2002), product switching
(Haubl and Murray 2006; Haubl and Trifts 2000; Olson and Widing 2002); RA
use had no impact on decision confidence (Hostler et al. 2005); RA use had no
impact on decision quality (Swaminathan 2003); RA use reduced decision
confidence (Vijayasarathy and Jones 2001).

(Swaminathan 2003). This was attributed to the lack of time
pressure in the study. The longer time given to subjects in the
control group (the group without RAs) to search for information might have resulted in better decision quality even in the
absence of RAs. Vijayasarathy and Jones (2001) noted a
negative relationship between the use of decision aids and
decision confidence, attributing this outcome to users’ lack of
trust (which is discussed later in the paper17) in the decision
aids.
Summary. The two propositions advanced above help answer
research question (1.1): How does RA use influence consumer decision-making processes and outcomes? Using RAs
during online shopping is expected to improve consumers’
decision quality while reducing their decision effort. While
many studies have shown that RA use did result in improved
decision quality and decreased decision effort, there also
exists some counter evidence. Thus, the empirical evidence

P2

in support of the positive effects of RA use on decision
quality and decision effort is still inconclusive. Table 7
summarizes the propositions as well as the available empirical
support for these propositions.
RA Characteristics
All RAs are not created equal. As such, the effects of RA use
on consumer decision making are determined, at least in part,
by RA characteristics (i.e., RA type and characteristics associated with the input, process, and output design). In the
following subsections, guided by the theories of human information processing, particularly the effort-accuracy framework
and the constructed preferences perspective, we develop
propositions P3 through P7 (illustrated in Figure 2) concerning the effects of RA characteristics on consumers’
decision-making processes and outcomes.18

17

Factors contributing to users’ trust in RAs are discussed in the next
subsection. The potential interrelationship between trust and decision quality
is discussed in the subsection “Suggestions for Future Research.”

18

The condition for such effects is that the RAs are indeed used.
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RA Type. The most common typology of RAs is based on
filtering methods: (1) content-filtering RAs, and (2) collaborative-filtering RAs (Adomavicius and Tuzhilin 2003; Ansari
et al. 2000; Cosley et al. 2003; Massa and Bhattacharjee
2004; Schein et al. 2002; Wang and Benbasat 2004a; West et
al. 1999; Zhang 2002). Content-filtering RAs generate
recommendations based on consumers’ desired product attributes. Examples of current commercial implementations of
content-filtering RAs include Active Buyers Guide and My
Simon. Collaborative-filtering RAs, on the other hand, mimic
“word-of-mouth” recommendations (Ansari et al. 2000) and
use the opinions of like-minded people to generate recommendations (Ansari et al. 2000; Maes et al. 1999). Notable
commercial implementations of collaborative-filtering RAs
are offered by Amazon, CD Now, and MovieLens. To take
advantage of both individuals’ desired item attributes and
community preferences, many researchers (Balabanovic and
Soham 1997; Claypool et al. 1999; Good et al. 1999) have
advocated the construction of hybrid RAs that combine
content-filtering and collaborative-filtering; Tango, an online
RA for newspaper articles, is an example.19
RAs can also be classified in terms of decision strategies.
Compensatory RAs allow tradeoffs between attributes, that is,
desirable attributes can compensate for less desirable attributes. All attributes simultaneously contribute to the computation of a preference value. Weighted additive decision strategy is the most widely used form of the compensatory model.
Non-compensatory RAs do not consider tradeoffs between
attributes. Since aggregate utility scores are not typically
calculated, some attributes may not be considered at all.
Also, some attributes may be considered before others. Noncompensatory decision strategies do not form preference
scores for products as much as they narrow the set of products
under consideration. Most of the currently available RAs,
including the ones at My Simon, are non-compensatory RAs.
Grenci and Todd (2002) differentiated between two types of
web-based RAs in terms of the amount of support provided by
the RAs for consumer purchase. Decision-assisted RAs ask
customers to specify what features they want in a product and
then help customers narrow down the available choices and
recommend alternatives. Expert-driven RAs, on the other
hand, ask customers to provide information about themselves
and how they will use the product, and then recommend
alternatives, from which the customers can make a choice.

19

Since the focus of the current paper is on design and adoption issues of
RAs, interested readers are referred to Adomavicius and Tuzhilin (2003),
Herlocker et al. (2004), and Zhang (2002) for more details on different
algorithms developed for each type of systems.
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Other researchers (Felix et al. 2001; Komiak and Benbasat
2006; Stolze and Nart 2004) have used the terms featurebased RAs and needs-based RAs to refer to decision-assisted
RAs and expert-driven RAs, respectively. Stolze and Nart
(2004) have also advocated the use of hybrid RAs which
allow consumers to specify both desired product features and
product-related needs.
The type of RAs used by consumers is expected to have an
effect on their decision-making outcomes and decisionmaking processes. First, hybrid RAs combine both contentfiltering and collaborative-filtering techniques, thus integrating individual and community preferences. As such, they
may lead to better decision quality than either pure contentfiltering or pure collaborative-filtering RAs. However, since
hybrid RAs require users to both indicate their preferred
product attribute level (as well as importance weights) and
provide product ratings, they may require higher user effort
than do the other two types of RAs.
Additionally, research conducted by decision scientists has
shown that compensatory strategies are generally associated
with more thorough information search and accurate choices
than non-compensatory ones. Therefore, it is expected that
the use of compensatory RAs will improve decision making
more than non-compensatory RAs. However, since compensatory RAs typically require users to provide more preference
information (e.g., attribute weights), they may increase users’
decision effort (as indicated by the amount of user input).
Finally, an assumption made about RA use, which is not
always justified, is that the customers recognize their own
needs or at least have the ability to understand and answer the
preference elicitation questions (Patrick 2002; Randall et al.
2003). It is likely that customers may not possess the required
knowledge about the product or its use to specify their preferences correctly. It is also not uncommon for customers to
answer a different question than the one asked simply because
they may not understand the question actually asked and thus
answer the question that they think is being asked. Since
needs-based RAs provide support to consumers by asking for
their product related needs rather than their specifications of
product attributes (Felix et al. 2001; Grenci and Todd 2002;
Komiak and Benbasat 2006; Randall et al. 2003; Stolze and
Nart 2004), they help consumers better recognize their needs
and answer the preference-elicitation questions, which should
result in better decision quality.
In sum, the type of RAs provided to the consumers to assist
in their shopping tasks will affect consumers’ decision quality
and decision effort. It is therefore proposed that
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P3: RA type influences users’ decision effort and decision
quality.
P3a: Compared with pure content-filtering RAs or pure
collaborative-filtering RAs, hybrid RAs lead to
better decision quality and higher decision effort
(as indicated by amount of user input).
P3b: Compared with non-compensatory RAs, compensatory RAs lead to better decision quality and
higher decision effort (as indicated by amount of
user input).
P3c: Compared with feature-based RAs, needs-based
RAs lead to better decision quality.
Schafer et al. (2002) observed that hybrid RAs generate more
confidence from the users compared to traditional collaborative-filtering ones. Fasolo et al. (2005) found that individuals using compensatory RAs had more confidence in their
product choices than did those using non-compensatory RAs.
RA Input Characteristics. A central function of RAs is the
capturing of consumer preferences, which allows for the identification of products appropriate for a consumer’s interests.
The way a consumer’s preferences are gathered during the
input stage can significantly influence her online decision
making. The input characteristics discussed in this section are
preference elicitation method and included product attributes.
Consistent with the notion of bounded rationality (Simon
1955), as a result of their limited information processing
capacity, individuals often lack the cognitive resources to
generate well-defined preferences. Instead of having preferences that are revealed when making a decision, individuals tend to construct their preferences on the spot, for
example, when they must make a choice (Bettman et al. 1998;
Payne et al. 1992). Since formation of consumer preferences
is influenced by the context in which product choices are
made (Bellman et al. 2006; Lynch and Ariely 2000; Mandel
and Johnson 1998; West et al. 1999), preference reversals
often occur. Prior research (Nowlis and Simonson 1997;
Tversky et al. 1988) has shown consistent preference
reversals when preferences were elicited with different tasks
(e.g., choice task versus rating task, choice task versus
matching task). In the context of RA use, consumer preferences can either be gathered implicitly (by building profiles
from customer’s purchase history or navigational pattern) or
elicited explicitly (by asking customers to provide product
ratings/rankings or answer preference elicitation questions).
The means by which preferences are elicited may affect what
consumers do with the RAs’ recommendations. According to

Kramer (2007), lacking stable preferences, consumers may
need to infer their preferences from their responses to preference elicitation tasks, use those self-interpreted preferences
to evaluate the alternatives recommended by the RAs, and
make a choice decision based on the evaluations. Since an
implicit preference elicitation method makes it hard for
consumers to have insight into their constructed preferences,
they may make suboptimal choice decisions based on their
incorrectly inferred preferences. As such, we expect that the
means by which preferences are elicited will influence consumers’ decision quality. Moreover, since an explicit preference elicitation method requires users to indicate their
preferences with product ratings or answers to preference
elicitation questions, it demands more decision effort (e.g., in
terms of increased user input and decision time) from consumers than does an implicit preference elicitation method.
It is therefore proposed that
P4: The preference elicitation method influences users’
decision quality and decision effort. The explicit preference elicitation method leads to better decision
quality and higher decision effort (as indicated by
amount of user input) than does the implicit preference
elicitation method.
Aggarwal and Vaidyanathan (2003a) found that the preferences inferred from profile building and the preferences
explicitly stated by customers may not be similar. Kramer
(2007) observed that respondents were significantly more
likely to accept top-ranked recommendations (resulting in
better decision quality) when their preferences had been
elicited using a more transparent task (i.e., a self-explicated
approach in which users explicitly rate the desirability of
various levels of attributes as well as the relative importance
of the attributes) as opposed to a less transparent task (i.e., a
full-profile conjoint analysis). The transparent (i.e., explicit)
preference elicitation method enabled users to infer their
preferences from their responses to the measurement task and
to use these preferences in evaluating the RAs’ recommendations.
When consumers depend on RAs for screening and evaluating
product alternatives, the RAs influence how consumers
construct their preferences. The way a consumer’s preferences are obtained during the input stage can significantly
influence their online shopping performance. Haubl and
Murray (2003) note that real-world RAs20 are inevitably
selective “in the sense that they include only a subset of the
pertinent product attributes.” As such, “everything else being
20

Their study focuses on content-based RAs that elicit consumer preferences
explicitly.
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equal, the inclusion of an attribute in an electronic recommendation agent renders this attribute more prominent in consumers’ purchase decisions” (p. 75). Thus, when consumers
perform comparisons across products in the consideration set
during the in-depth comparison stage (as illustrated in
Table 6), they are likely to consider the product attributes
included in the RAs’ preference-elicitation interface to be
more important than those not included. Consequently, products that are superior on the included attributes will be
evaluated more favorably and will be more likely to be chosen
by consumers than products that are superior on the excluded
attributes. It is therefore proposed that
P5: Included product attributes21 influences users’ preference function and choice. Included product attributes
(in RA’s preference elicitation interface) are given more
weight in the users’ preference function and considered
more important by the users than those not included.
Product alternatives that are superior on the included
product attributes are more likely to be chosen by users
than are products superior on the excluded product
attributes.
Haubl and Murray (2003) observed that the number of
subjects who chose a product with the most attractive level of
the product attribute included in the RAs’ preferenceelicitation interface was significantly larger than the number
of subjects who chose a product with the most attractive level
of the product attribute excluded in the RAs’ preferenceelicitation interface, thereby confirming the hypothesized
“inclusion effect.” Furthermore, they found that the inclusion
effect persisted into subsequent choice tasks, even when no
RA was present.
RA Output Characteristics. RA output characteristics discussed in the section include recommendation content (e.g.,
specific recommendations generated by the RAs and the
utility scores or predicted ratings for recommended products)
and recommendation format (e.g., the display method for presenting recommendations and the number of recommendations).
Given that the primary function of RAs is to assist and advise
consumers in selecting appropriate products that best fit their
needs, it is expected that the recommendations presented by
the RAs will influence consumers’ product choices. In addition to providing product recommendations to consumers,
some RAs also provide utility scores (when content-filtering
RAs are used) or predicted ratings (when collaborative-

21

This proposition applies only to one type of content-filtering RAs, in which
individuals’ preferences for product attributes are explicitly elicited.
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filtering RAs are used) for the recommended alternatives. In
line with the theory of constructed preferences, due to human
cognitive constraints, consumer preferences are frequently
influenced by the context in which particular product evaluations and product choices are made. As such, the utility
scores or predicted ratings accompanying recommendations
are likely to influence consumers’ product evaluations during
both the initial screening stage and the in-depth comparison
stage of the online shopping decision-making process (see
Table 6) as well as their final product choice. It is therefore
proposed that
P6: Recommendation content influences users’ product
evaluation and choice.
P6a: Recommendations provided by RAs influence
users’ choice to the extent that products recommended RAs are more likely to be chosen by
users.
P6b: The display of utility scores or predicted ratings
for recommended products influences users’
product evaluation and choice to the extent that
products with high utility scores or predicted
ratings are evaluated more favorably and are more
likely to be chosen by users.
Senecal (2003; see also Senecal and Nantel 2004), in investigating the influence of online relevant others (including other
customers, human experts, and RAs), found that the presence
of online product recommendations significantly influenced
subjects’ product choices. All subjects participating in the
study were asked to select one out of four product alternatives. They were free to consult RAs (which would then
recommend an alternative out of the four) or not. Senecal
observed that subjects who utilized the RAs were much more
likely to pick the recommended alternative than those who did
not utilize the RA. Similar effects have also been observed by
Wang (2005). Focusing on an online collaborative-filtering
movie RA, Cosley et al. (2003) conjectured that showing the
predicted rating22 (the RA’s prediction of a user’s rating of a
movie, based on the user’s profile) for a recommended movie
at the time the user rates it23 (at the output stage) might affect
a user’s opinion. They conducted an experiment where users
were asked to re-rate a set of movies which they had previously rated, after they were given an RA’s rating, which
22

RAs generally provide information about the items recommended. This
may include item descriptions, expert reviews, average user ratings, or
predicted personalized ratings for a given user.
23

RAs (collaborative-filtering RAs in particular) often provide a way for
users to rate an item when it is recommended.
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was either higher, lower, or the same as the user’s initial
rating of the movie. A comparison of the new ratings and the
original ratings showed that users tended to adjust their
opinions to coincide more closely with the RA’s prediction,
whether the prediction was accurate or not, demonstrating that
users can be manipulated by such information.

tions in the recommendation list may degrade consumers’
choice quality by lowering the average quality of considered
alternatives and diverting the consumers’ attention from the
better options to the more mediocre ones (Diehl 2003).

Recommendation format can also exert significant influence
on RA users’ decision processes and decision outcomes.
First, recommendations are displayed to the users either in the
order of how they satisfy users’ preferences or in a random
order. The display method for presenting recommendations
has an effect on strategies used to evaluate products during
the initial screening stage of a user’s decision-making
process. With a sorted recommendation list from RAs, there
will be many products that are close in their overall subjective
utility (Diehl et al. 2003) but which differ on several attributes
(Shugan 1980). According to Shugan (1980), if the difference in overall subjective utility between two products is
small, consumers must make many attribute comparisons
between the two products to determine the source(s) of this
small difference, hence the choice is more difficult than when
the utility difference is large between the two products. As
choice difficulty increases, consumers tend to depart from the
normative, utility-based comparisons (i.e., evaluating the currently inspected product against the most attractive product,
in terms of subjective utility, that they have inspected up to
that point) and instead base their choice on simplifying
heuristics, such as attribute-based processing (rather than
alternative-based processing) and local optimization (i.e.,
comparing the utility between contiguously inspected
products) (Haubl and Dellaert 2004; Payne et al. 1988).
Consequently, consumers may rely more on heuristic decision
strategies when distinguishing among the product alternatives
in the sorted list of recommendations and deciding on the
ones to be included in the consideration set.
Recommendation display method can also result in higher
decision quality. Sorted recommendation lists contain many
good choices of comparable quality (Diehl et al. 2003), with
the most promising options at the beginning of the list.
Simply by choosing product alternatives close to the beginning of the sorted list, consumers can achieve better-thanaverage decision quality.

P7: Recommendation format influences users’ decision
processes and decision outcomes.

Second, the number of recommendations presented to the
consumers may affect their decision effort and decision
quality. Providing too many recommendations may prompt
consumers to compare a larger number of alternatives, thus
increasing their decision effort by increasing decision time
and the size of the alternative sets. Moreover, in a sorted
recommendation list, the most promising options are located
at the beginning of the list. As such, considering more op-

It is therefore proposed that

P7a: Recommendation display method influences users’
decision strategies and decision quality to the
extent that sorted recommendation lists result in
greater user reliance on heuristic decision strategies (when evaluating product alternatives) and
better decision quality.
P7b: The number of recommendations influences users’
decision effort and decision quality to the extent
that presenting too many recommendations increases users’ decision effort (in terms of decision
time and extent of product search) and decreases
decision quality.
Dellaert and Haubl (2005) found that a sorted list of personalized product recommendations increased consumers’
tendency to engage in heuristic local utility comparison when
evaluating alternatives. Diehl et al. (2003) have shown that,
with a sorted list of recommendations (in the order of how
each is predicted to match users’ preferences), consumers had
better decision quality and paid lower prices. Aksoy and
Bloom (2001) also observed that, compared to a randomly
ordered list of options, a list of recommendations sorted based
on consumers’ preferences resulted in higher consumer
decision quality. As to the number of recommendations to be
presented to RA users, Diehl (2003) found that recommending
more alternatives significantly increased the number of unique
options searched, decreased the quality of the consideration
set, led to poor product choices, and reduced consumers’
selectivity. Basartan (2001) constructed an RA in which
response time and the number of alternatives displayed were
varied. She found that, when the RA provided too many
recommendations, it increased the users’ effort of evaluating
these alternative recommendations.
Summary. The propositions presented in this section help
answer research question (1.2): How do the characteristics of
RAs influence consumer decision-making processes and
outcomes? Various types of RAs exert differential influence
on consumers’ decision quality and decision effort. RAs’
preference elicitation method (i.e., explicit or implicit) also
affects consumers’ decision quality and decision effort. In-
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Table 8. The Impact of RA Characteristics on Decision Process and Decision Outcomes
The propositions in this table provide answers to research question 1.2:
Q1.2: How do the characteristics of RAs influence consumer decision making processes and outcomes?
Relationship Between

Empirical Support

P

RA Type
RA Type
• Content-filtering,
collaborative filtering,
vs. hybrid
• Compensatory vs. noncompensatory

• Hybrid RAs generated more confidence from the users than
did traditional collaborative-filtering ones (Schafer et al. 2002).
Decision Quality
and Decision
Effort

• Feature-based vs.
needs-based

P3
• P3a

• Individuals using compensatory RAs had more confidence in
their product choices than did those using non-compensatory
RAs (Fasolo et al. 2005).

• P3b

• No empirical study available.

• P3c

RA Input
Preference Elicitation
Method (implicit vs.
explicit)

Decision Quality
and Decision
Effort

Inferred and explicitly stated consumer preferences may not
converge (Aggarwal and Vaidyanathan 2003a); respondents
were more likely to accept top-ranked recommendations when
their preferences had been elicited using a more transparent task
as opposed to a less transparent one (Kramer 2007).

P4

Included product
attributes

Preference
Function and
Choice

Attributes included in an RA’s preference-elicitation interface and
sorting algorithm were given more weight during the users’
product choice (Haubl and Murray 2003).

P5

RA Output
Recommendation content
• Recommendations

• Utility Scores or
Predicted Ratings

Recommendation format
• Recommendation
Display Method (sorted
vs. non-sorted)

• Number of
Recommendations
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Product
Evaluation and
Choice

Decision
Strategies,
Decision Effort,
and Decision
Quality
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• Subjects who used the RA were much more likely to select the
recommended alternative than those who did not (Senecal
2003; Wang 2005).
• The display of predicted rating for a recommended movie at
the time the user rates it affected a user’s opinions: users
adjusted their opinions to coincide more closely with the RA’s
prediction (Cosley et al. 2003).
• Sorted recommendation list increased consumers’ tendency to
engage in local utility comparison when evaluating alternatives
(Dellaert and Haubl 2005) and resulted in higher decision
quality (Aksoy and Bloom 2001; Diehl et al. 2003).
• Recommending more alternatives increased information
searched, decreased the quality of the consideration set, led
to poor product choices, and reduced consumers’ selectivity
(Diehl 2003); a shopbot that provided too many recommendations increased the users’ cognitive effort and decreased
their preference for the shopbot (Basartan 2001).

P6
• P6a

• P6b

P7
• P7a

• P7b
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cluded product attributes in RAs’ preference elicitation
interface, recommendations provided by the RAs, and the
utility scores (or predicted ratings) attached to RAs’ recommendations, influence consumers’ preference functions and
product choices. Whereas a sorted recommendation list
results in greater consumer reliance on heuristic decision
strategies when evaluating alternatives and better decision
quality, an excess of recommendations leads to increased
decision effort and decreased decision quality. Table 8 summarizes the propositions concerning the impact of RA type,
as well as of RA characteristics associated with input and
output design, on consumers’ decision processes and outcomes. Empirical support (when available) for these propositions is also included.
Factors Related to Product, User,
and User–RA Interaction
The impacts of RA use and RA characteristics on consumers’
decision-making processes and outcomes are contingent upon
factors related to product, user, and user–RA interaction as
well as the interactions between these factors and RA characteristics. The following sections discuss how the different
factors related to product (i.e., product type and product
complexity), user (i.e., product expertise and perceived product risks), and user–RA interaction (i.e., user–RA similarity)
moderate the effects of RA use on consumers’ decision
making processes and outcomes, as captured in P8 through
P13 and illustrated in Figure 2.
Product-Related Factors. Product-related factors such as
product type and product complexity moderate the effects of
RA use on consumers’ decision-making processes and outcomes.
In the context of online shopping, products can be categorized
into search products and experience products. Search products (e.g., cameras, calculators, or books) are characterized
by attributes (e.g., color, size, price, and components) that can
be assessed based on the values attached to their attributes,
without necessitating the need to experience them directly.
Experience products (e.g., clothing or cosmetics), on the other
hand, are characterized by attributes (e.g., taste, softness and
fit) that need to be experienced prior to purchase.
Because of the inherent difficulty associated with the evaluation of experience products prior to purchasing online, consumers tend to feel uncertain as to whether the products
would meet their expectations, which may lead to increased
information search activities (Spiekermann 2001). Moreover,
Olshavsky (1985) differentiated between own-based decision-

making process (whereby consumers reply on themselves to
search for information, evaluate alternatives, and make purchase decisions) and other-based decision-making process
(whereby consumers subcontract either part or all of their
decision-making process). Whereas own-based decisionmaking processes occur when consumers have the capacity to
process information and perform a complex decision-making
process, other-based decision-making processes occur when
consumers do not have the capacity to process information.
King and Balasubramanian (1994) found that product type
had a significant impact on consumers’ reliance on a particular decision-making process: consumers evaluating a search
product (e.g., a camera) were more likely to use own-based
decision-making processes; in contrast, those evaluating an
experience product (e.g., a movie) tended to rely more on
other-based decision-making processes. Prior research has
shown that consumers who employed other-based decisionmaking processes were likely to make purchasing decision in
keeping with salespersons’ recommendations (Formisano et
al. 1982). Following this chain of reasoning, we conclude
that consumers evaluating experience products are more likely
to rely on salespersons’ assistance and adopt their recommendations. Since the role of RAs in online shopping is similar
to that of the salespersons in a traditional shopping environment, it is expected that, compared to consumers who use
RAs to shop for search products, those who shop for experience products aided by RAs are more likely to choose the
products recommended by the RAs. It is therefore proposed
that
P8: Product type moderates the effects of RA use on users’
choice. RA use influences the choice of users shopping
for experience products to a greater extent than that of
those shopping for search products.
Senecal (2003; see also Senecal and Nantel 2004) found that
product type affected consumers’ propensities to follow RAs’
product recommendations. Recommendations for experience
products (wines) appeared significantly more influential than
recommendations for search products (calculators).
Products can differ along another dimension, product complexity, which is the extent to which the product is perceived
by the consumer as difficult to understand or use (Rogers
1995). Prior literature in marketing and IS has revealed
different schemes for characterizing products in terms of complexity. In marketing research, the complexity of a product is
usually defined in terms of the number of attributes used to
describe the product (Keller and Staelin 1987; Swaminathan
2003), the number of alternatives for the product category
(Keller and Staelin 1987; Payne et al. 1993; Swaminathan
2003), or the number of steps involved in the use of the pro-

MIS Quarterly Vol. 31 No. 1/March 2007

157

Xiao & Benbasat/E-Commerce Product Recommendation Agents

duct (Burnham et al. 2003). E-commerce literature defines
product complexity along three dimensions: number of product attributes, variability of each product attribute, and
interdependence of product attributes (Jahng et al. 2000). The
higher the number of attributes of a product, the higher the
level of variation of each attribute and the greater the degree
of interdependence among product attributes, the greater the
product complexity. This paper adopts the definition of product complexity by Jahng et al. (2000), but it adds an additional criterion, namely, how the product attributes correlate
with one another. When product attributes are positively correlated, an alternative that is favorable on one attribute tends
to also be favorable on other attributes. In contrast, when
product attributes are negatively correlated, a more attractive
level of one attribute is associated with a less attractive level
of another. Products characterized by negative inter-attribute
correlations are considered more complex (Fasolo et al.
2005), since purchase decisions of such products require
consumers to make trade-offs among attributes.
Previous research into information search has examined the
impact of product complexity on consumer decision quality
and search behavior (Bettman et al. 1998; Keller and Staelin
1987; Payne et al. 1993). Keller and Staelin (1987) developed
an analytical model, which showed that higher number of
product attributes and alternatives resulted in decreased decision effectiveness. Payne et al. (1993) and Bettman et al.
(1998) suggest that product complexity increases consumers’
cognitive load, resulting in decision biases. As product complexity increases, consumers often resort to heuristics to manage information overload, hence decision quality decreases.
Therefore, the benefits of using RAs, in terms of decision
quality and search efforts, are likely to be greater when a product is complex. It is therefore proposed that
P9: Product complexity moderates the effects of RA use on
users’ decision quality and decision effort. The use of
RAs for more complex products leads to greater increase
in decision quality and greater decrease in decision
effort than for less complex products.
Empirical results from prior research, however, are not
supportive of this proposition. Fasolo and her colleagues
(2005) found that, in the presence of negatively related
attributes (an indicator of product complexity), consumers
using RAs engaged in more information search, rated the
decisions to be more difficult, and were less confident in their
product choices. Swaminathan (2003) found that the RAs had
a more significant impact on search efforts when product
complexity was relatively low, contrary to what he had
hypothesized. Swaminathan explains that when the product
is complex (i.e., when the number of attributes is greater),
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there are more dimensions on which the alternatives are
different from one another, making it more difficult for users
to identify the best option and thus leading to greater search
even in the presence of the RA. On the other hand, when the
product is of low complexity (i.e., when the number of
attributes is fewer), users have little difficulty finding the best
option with the assistance of the RA. However, this
unexpected finding may also be a result of Swaminathan’s
manipulation of product complexity by varying the number of
attributes used to describe the product. Users may have prior
perceptions of the complexity of a given product and therefore
may not be sensitive to such artificial manipulations.
As noted by Haubl and Murray (2003), inter-attribute correlation moderates the impact of product attributes included (in
RAs’ preference elicitation interface) on consumers’ product
choice. They argue that, for products characterized by negative inter-attribute correlations, the relative importance attached to different attributes tends to be highly consequential
with respect to the decision outcome: even very small differences in relative attribute importance may affect which
product is chosen from a set of alternatives. In contrast, for
products characterized by positive inter-attribute correlation,
the relative importance attached to different attributes has
much less of an impact on determining which product is
chosen. Therefore, although product attributes included in the
RAs’ preference elicitation interface will be considered more
important by consumers, such a change in the relative importance of product attributes will have a stronger impact on
consumers’ product choice for products with negative interattribute correlations than for those with positive ones. It is
therefore proposed that
P10: Product complexity moderates the effect of included
product attributes on users’ choice. The inclusion effect
is stronger for products with negative inter-attribute
correlations (i.e., more complex products) than for those
with positive inter-attribute correlations (i.e., less
complex products).
Haubl and Murray (2003) demonstrated that the preferenceconstruction effect of RAs depended on the inter-attribute
correlation structure across the set of available products.
There existed a strong inclusion effect when there were negative inter-attribute correlations, but not for positive interattribute correlations.
User Related Factors. The effects of RA use on consumers’
decision-making processes and outcomes are also moderated
by user-related factors, including product expertise and perceived product risks.
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RAs do not have the same impact on decision outcomes
across different types of users. Hoeffler and Ariely (1999)
posit that consumers construct their preferences when they are
new to a product category and eventually develop more stable
preferences with experience in a domain. Coupey et al.
(1998) also state that consumers who are highly familiar with
a product category are less subject to framing effects during
preference elicitation. As such, compared with individuals
with low product expertise, RA users with high product
expertise are likely to have more stable, better-defined preferences and thus are less likely to be affected by the RA’s
preference elicitation method. It is therefore proposed that
P11: Product expertise moderates the effect of preference
elicitation method on users’ decision quality. Preference elicitation method has less effect on the decision
quality of users with high product expertise than on the
decision quality of those with low product expertise.
In his investigation of the effect of measurement task transparency on preference construction and evaluations of personalized recommendations, Kramer (2007) observed that,
although respondents were in general more likely to accept a
top-ranked recommendation (resulting in better decision
quality) when their preferences had been measured using a
more transparent task, the effect was modified by the product
expertise of the users. Differences in accepting a recommendation occurred only for those who did not have product
expertise.
Several dimensions of product risks have been identified and
measured in consumer research, including financial, functional, social, and psychological (Spiekermann and Paraschiv
2002). One or more of these sources may drive consumers’
overall perceptions of product risks, which are considered to
be central to their product evaluations and product choice
(Campbell and Goodstein 2001). Inasmuch as information
searches are used as part of risk-reduction strategies (Dowling
and Staelin 1994), RAs that are designed to facilitate consumers’ online product searches by assisting them in
screening and evaluating product alternatives are likely to
play a more significant role in improving decision quality and
reducing search efforts when product risks are high. It is
therefore proposed that
P12: Perceived product risks moderate the effects of RA use
on users’ decision quality and decision effort. When
perceived product risks are high, RA use leads to greater
improvements in decision quality and reduction in decision effort than when perceived product risks are low.
Swaminathan (2003) conducted an investigation of the moderating role of perceived product risk on the impact of RAs on

consumer evaluation and choice. He found that RAs had a
more significant impact on decision quality when perceptions
of product risk were high. Spiekermann (2001), however,
observed that RA users addressed products with different risk
structures with different information search behaviors. While
users viewed fewer alternatives and spent more time on each
alternative for products with high functional and financial
risks (i.e., cameras), they viewed more alternatives but spent
less time on each alternative for products with high socialpsychological risks (i.e., winter jackets).
Factors Related to User–RA Interaction. To serve as
“virtual advisers” for consumers, RAs must demonstrate
similarity to their users, that is, they must internalize users’
product-related preferences and incorporate such preferences
into their product screening and sorting process. RAs that
generate and present recommendations not concordant with
the consumers’ own needs are not likely to enhance consumers’ decision quality. Moreover, in accordance with the
theory of interpersonal similarity (Byrne and Griffitt 1969;
Levin et al. 2002; Lichtenthal and Tellefsen 1999; Zucker
1986), the similarities (actual and/or perceived) between RAs
and their users (in attribute importance weightings, decision
strategies, goals, etc.) are expected to improve the predictability of the RAs’ behavior and focus users’ attention on
more attractive product alternatives (Levin et al. 2002; Zucker
1986), thus resulting in improved decision quality and
reduced decision effort in online shopping tasks. It is
therefore proposed that
P13: User–RA similarity moderates the effects of RA use on
users’ decision quality and decision effort. RA use leads
to greater increase in decision quality and greater decrease in decision effort when the RAs are similar to the
users than when the RAs are not similar to the users.
Aksoy and Bloom (2001) examined the effect of actual
similarity of attribute weights and perceived similarity of
decision strategies between users and RAs on decision quality
and decision effort (as indicated by decision time). In their
study, perceived similarity was measured by the degree of
similarity (1) between the proportionate weight attached to an
attribute by an RA and the proportionate weight determined
by consumers, and (2) between the decision-making strategy
used by an RA and the consumers’ own decision-making
strategies. The researchers observed that consumers who
were presented with recommendations based on attribute
weights similar to their own tended to make better decisions
(e.g., they were less likely to choose dominated alternatives)
and spend less time examining alternatives. However, no
significant effect was found for similarities in decisionmaking strategies.
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Table 9. The Impact of Factors Related to Product, User, and User–RA Interaction on Decision Process
and Decision Outcomes
The propositions in this table provide answers to research question 1.3.
Q1.3: How do other factors (i.e., factors related to user, product, and user–RA interaction) moderate the effects of RA use
and RA characteristics on consumer decision making processes and outcomes?
Moderator

Relationship
Moderated

Empirical Support

P

Product-Related Factors
Product Type
(search vs.
experience)

RA Use on
Choice

Recommendations for experience products were more influential than those
for search products (Senecal, 2003; Senecal and Nantel 2004).

Product
Complexity

RA Use on
Decision Quality
and Decision
Effort

In the presence of negatively related attributes, consumers using decision
aids engaged in more information search and were less confident in product
choices (Fasolo et al. 2005); RAs had a more significant impact on search
efforts when product complexity was relatively low (Swaminathan 2003).

P9

Product
Complexity

Included Product
Attributes on
Choice

There existed a strong inclusion effect in a scenario characterized by negative
inter-attribute correlation, but not in the case of positive inter-attribute
correlation (Haubl and Murray 2003).

P10

P9

User-Related Factors

Product
Expertise

Preference
Elicitation
Method on
Decision Quality

Although users were in general more likely to accept a top-ranked
recommendation when their preferences had been measured using a more
transparent task, the effect was modified by the product expertise of the
users: differences in accepting recommendation occurred only for those who
did not have product expertise (Kramer 2007).

P11

Perceived
Product Risks

RA Use on Decision Quality and
Decision Effort

RAs caused a more significant impact on decision quality under conditions
involving perceptions of relatively high product risk (Swaminathan 2003); RA
users addressed products with different risk structure with different
information search behavior (Spiekermann 2001).

P12

User–RA Interaction
User–RA
Similarity

RA Use on Decision Quality and
Decision Effort

User–RA similarity in attribute weights resulted in better decision quality and
less information search; No effect was found for user–RA similarity in decision
making strategies (Aksoy and Bloom 2001).

Summary. The propositions presented here provide answers
to research question (1.3): How do other factors moderate the
effects of RA use and RA characteristics on consumer decision-making processes and outcomes? The effects of RA use
and RA characteristics on decision quality, product choice,
and decision effort are stronger for complex products. RAs’
effects on influencing consumers’ product choice are stronger
for experience products. The higher the consumers’ product
expertise, the less likely their decision quality is influenced by
RAs. RAs are expected to exert the greatest effects on decision quality and decision effort when the consumers’
perceptions of product risks are high or when RAs are perceived to be similar to the user. Table 9 summarizes the
theoretical propositions as well as their empirical support.
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P13

Users’ Evaluations of RAs
The criteria users apply to evaluate RAs are based on their
general perceptions of the RAs, which are affected by RA
use, RA characteristics (RA type as well as RA input, process,
and output characteristics), RA provider credibility, and factors related to product, user, and user–RA interactions. All
five theoretical perspectives are drawn upon to guide the
development of hypotheses P14 through P28, which provide
answers to our second research question: How do RA use, RA
characteristics, and other factors influence users’ evaluations
of RAs? The relationships investigated in this section are
depicted in Figure 3.
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RA Use
According to Fishbein and Ajzen (1975), an individual’s
descriptive beliefs about an object can be formed through
direct experiences with such object. Prior IS research (e.g.,
Bajaj and Nidumolu 1998; Kim and Malhotra 2005a;
Limayem et al. 2003; Venkatesh et al. 2003) has also shown
that IS use can serve as a basis for the formation (or update)
of user evaluations (i.e., usefulness, ease of use,
trustworthiness, and satisfaction) of the IS at a subsequent
stage. In the context of RA-assisted online shopping, the use
of RAs is expected to influence consumers’ evaluations of the
RAs. However, such an effect will be determined, at least in
part, by RA characteristics and factors related to product,
user, and user–RA interaction. A general proposition such as
“RA use will influence users’ perceived usefulness of,
perceived ease of use of, trust in, and satisfaction with an RA”
does not provide much insight into our understanding of the
effects of RA use on users’ evaluations. In order to answer
research question (2.1)—How does RA use influence users’
evaluations of RAs?—it is important to take into account RA
characteristics and other important moderating factors.
RA Characteristics
Just as the effects of RA use on consumers’ decision-making
processes and outcomes are influenced by the RA characteristics, their effects on users’ evaluations of RAs are also
determined partially by the type of RAs, as well as by the
characteristics of the RAs associated with the input, process,
and output design. In the following subsections, guided by
the theories of trust formation, theories of interpersonal similarity, and TAM, we develop a set of propositions, P14
through P21 (illustrated in Figure 3) concerning the effects of
RA characteristics on users’ evaluations of RAs.24
The Impact of RA Type on Users’ Evaluations of RA. In
addition to its effects on consumers’ decision making processes and outcomes, the type of RA used is also expected to
affect users’ evaluations of RAs. First, since hybrid RAs base
their recommendations both on individual users’ specifications for product attributes and on inputs from similar others
(i.e., other consumers who are similar in tastes and preferences to the users), users may develop greater trust in such
RAs and consider them more useful than pure content-filtering or collaborative-filtering RAs. However, hybrid RAs
generally require more user input in the form of answers to
preference elicitation questions and ratings on alternatives.

24

Again, the condition for such effects is that the RAs are indeed used.

Therefore, users may consider that hybrid RAs require more
effort.
Second, prior research has shown that, although consumers do
not enjoy exerting their own decision making effort, they
react positively to the effort exerted by others (Mohr and
Bitner 1995). For instance, Kahn and Baron (1995) investigated the preferred choice rules by individuals and found that,
although most participants chose the simple non-compensatory rules, they wanted their doctors or financial officers to
use compensatory rules (which require more effort) when
making decisions on their behalf. In an RA-assisted shopping
context, cognitive effort has shifted, at least partially, from
consumers to RAs. Since consumers in such a context rely
mostly on RAs’ efforts rather than on their own, we expect
that they will evaluate compensatory RAs more favorably
(i.e., more trustworthy, useful, and satisfactory) than noncompensatory RAs. However, since compensatory RAs
require more user input (e.g., attribute weights) than noncompensatory ones, users may perceive the former as more
difficult to use.
In sum, RA type affects users’ trust in, perceived usefulness
of, perceived ease of use of, and satisfaction with RAs. It is
therefore proposed that
P14: RA type influences users’ evaluations of RAs.
P14a: Compared with pure content-filtering or pure
collaborative-filtering RAs, hybrid RAs lead to
greater trust, perceived usefulness, and satisfaction but to lower perceived ease of use.
P14b: Compared with non-compensatory RAs, compensatory RAs lead to greater trust, perceived
usefulness, and satisfaction but to lower perceived ease of use.
Schafer et al. (2002) compared meta-recommender systems
that combine collaborative-filtering and content-filtering techniques to traditional recommender systems (using only collaborative-filtering technique) and found that users considered
the former more helpful than the latter.
Users’ evaluations of certain RA types are also contingent on
user related factors. For instance, users’ product expertise
will influence their evaluation of collaborative-filtering versus
content-filtering and needs-based versus feature-based RAs.
The theoretical justifications, propositions and empirical
support (when available) are presented later in this section.
RA Input Characteristics. The means by which users’
preferences are elicited, the ease for users to generate new or
additional recommendations, and the amount of control users
have when interacting with the RAs’ preference elicitation
interface influence users’ evaluations of the RAs.

MIS Quarterly Vol. 31 No. 1/March 2007

161

Xiao & Benbasat/E-Commerce Product Recommendation Agents

User-RA
Interaction
• User-RA
similarity
• User’s familiarity
with RA
• Confirmation/
disconfirmation
of expectations

User
• Product
expertise

Product
• Product
type

P25, P26

P23

P22

P25

P23

P22

RA Use

Provider
Credibility

P28

Outcomes of
RA Use

P23
P27

P23

User Evaluation of
RA

Trust
P24

RA Characteristics
RA Type
• Content-filtering/
collaborative-filtering
vs. hybrid
• Compensatory vs.
non-compensatory
• Feature-based vs.
needs-based

P14, P17, P20

P24
P14, P17,
P20b, 20c,
P21
P24

Input
• Preference elicitation
method
 Ease of generating
new/additional
recommendation
 Use control

Process
• Information about
search process
 Explanation
 Response time

Perceived
Usefulness

Perceived
Ease of Use

P14, P15,
P16, P21
P24

Satisfaction

P14, P15, P16,
P17, P18, P19,
P20b, P20c,
P20d, P21

Output
• Recommendation
content
• Recommendation
format

Figure 3. Effects of RA Use, RA Characteristics, and Other Factors on User Evaluation of RA
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Given users’ reluctance to extend cognitive effort, RAs that
employ explicit (implicit) preference elicitation method will
be considered more difficult (easier) to use, all other things
being equal. Additionally, since individuals typically do not
have stable preferences, they may need to modify their
previously specified preferences while interacting with the
RAs to generate new or additional recommendations. As
such, compared to RAs that require users to repeat the entire
preference-elicitation process when they desire new recommendations, RAs that make it convenient for users to adjust
their preferences to generate new recommendations will be
considered easier to use. In line with DeLone and McLean’s
(2003) IS success model, ease of use will enhance users’
perception of RAs’ system quality, which in turn contributes
to their satisfaction with the RAs. It is therefore proposed that
P15: The preference elicitation method influences users’
perceived ease of use of and satisfaction with the RAs.
Compared to an explicit preference elicitation method,
an implicit preference elicitation method leads to greater
perceived ease of use of and satisfaction with the RAs.
P16: The ease of generating new or additional recommendations influences users’ perceived ease of use of
and satisfaction with RAs. The easier it is for the users
to generate new or additional recommendations, the
greater their perceived ease of use of and satisfaction
with the RAs.
No study has investigated the effect of the preference elicitation method on users’ perceptions of how easy it is to use the
RAs. Swearingen and Sinha (2001, 2002) observed that
simplifying a process whereby a user can generate new or
additional recommendations (i.e., not requiring users to repeat
an entire set of ratings or a question-answer process to obtain
new recommendations), improved estimations of the ease of
use of RAs. Pereira (2000) found that giving the users the
capability to return to the preference specification stage at any
time and restate their preferences significantly increased their
positive responses to RAs. Bharati and Chaudhury (2004)
also demonstrated the net positive effect of RAs’ system
quality (i.e., ease of use, convenience of access, and reliability) on users’ decision making satisfaction.
The attainment of the goal of a decision aid to improve users’
decision-making processes may be undermined by system
restrictiveness, defined as “the degree to which and the manner in which a DSS limits its users’ decision-making processes to a subset of all possible processes” (Silver 1990, p.
52). Not only can users perceive physical limitations of the
system, they can also be induced to employ a much narrower
range of decision processes than that for which the system

was originally designed (Chu and Elam 1990; Silver 1988).
As such, instead of trying to force changes in users’ decisionmaking processes, system designers should implement a
minimally restrictive DSS and provide support for a variety of
decision models that the decision maker might choose to
employ (Silver 1990). A comprehensible, predictable, and
controllable system will give users the feeling of accomplishment (Shneiderman 1997) and assurance (DeLone and
McLean 2003). In the same vein, in the context of RAassisted online shopping, allowing users to control their
interactions with RAs to meet their personal needs (e.g.,
allowing the users to specify the type of information they are
most interested in and to personalize the interface) will
increase their trust and personal satisfaction (West et al. 1999)
and reduce their perceived functional, financial, and sociopsychological risks (Spiekermann 2001; Spiekermann and
Paraschiv 2002). Moreover, such control increases the degree
of active involvement of users in the decision task and thus
creates an illusion of control (see Davis and Kottemann 1994;
Kottemann and Davis 1994; Langer 1975), which, as discussed previously, can cause users to overestimate the
advantage of RAs that allow user control. This in turn results
in the perception of such RAs as more useful than those that
put the users in a more passive role. An example of user
control of interaction with RAs is the flexibility afforded to
users to choose the length and depth of the interactions with
RAs. It is therefore proposed that
P17: User control of interaction with RAs’ preference-elicitation interface influences users’ trust in, satisfaction
with, and perceived usefulness of the RAs. Increased
user control leads to increased trust, satisfaction, and
perception of usefulness.
Pereira (2000) observed that increased user control over
interaction with RAs resulted in more positive affective reactions to RAs. The three ways of increasing the degree of user
control (i.e., giving the users the ability to return to the
preference specification stage at any time and restate their
preferences, to skip responses to certain attribute specifications requested, and to express their degree of confidence in
the preference specifications for each attribute) significantly
increased users’ trust in and satisfaction with two contentfiltering RAs. McNee et al. (2003) contrasted system-controlled RAs (i.e., the RAs decide which items the users can
rate) with user-controlled ones (i.e., the users are allowed to
specify some or all of the items to be rated) and found that the
user-controlled RAs generated higher user satisfaction than
system-controlled RAs. Users of user-controlled RAs also
thought the RAs best understood their tastes and were most
loyal to the RAs. Komiak et al. (2005) found that control
process (i.e., a process whereby users have more control over
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their interaction with the RAs) was one of the top contributors
to users’ trust in a virtual salesperson. Wang (2005) also
observed that RAs that were perceived by users as more
restrictive (i.e., restricting users’ decision strategies to a
greater extent) were considered as less trustworthy and useful.
RA Process Characteristics. Characteristics of RAs during
the recommendation generation process, such as the information about search process and system response time, will
moderate the effects of RA use on users’ evaluations of RAs.
King and Hill (1994) have noted that it is necessary to distinguish between consumers’ involvement with the decision
process and their experience with the outcome of the process.
West et al. (1999) also suggest that, when measuring consumer satisfaction, it is important to consider satisfaction with
both the decision-making process and the final product
choice. In the context of online shopping with the assistance
of RAs, cognitive effort is partly shifted from consumers to
the RAs. While customers may be reluctant to exert their own
efforts, they generally welcome efforts expended by others
(Kahn and Baron 1995; Mohr and Bitner 1995). Consumers
use various cues or indicators to assess the amount of effort
saved by decision aids (Mohr and Bitner 1995), such as indications of the amount of information that has been searched
by a decision aid (Bechwati and Xia 2003). For example,
Microsoft Expedia informs users that the system is searching
thousands of databases for the best airfare while the customers are waiting for results. It is expected that customers
who are informed about the RA’s search progress (while
waiting for recommendations) will perceive that the RAs have
saved them a higher amount of effort, and thus will be more
impressed with the RAs’ empathy (i.e., care and attention).
As predicted by DeLone and McLean (2003), empathetic RAs
are considered of higher service quality and thus result in
higher user satisfaction with the RAs and with the RAassisted decision-making process. It is therefore proposed
that
P18: The provision of information about search progress,
while users await results influences users’ satisfaction
with RAs. Users who are informed about RAs’ search
progress (while waiting for recommendations) are more
satisfied with the RAs.
Bechwati and Xia (2003) observed that consumers’ satisfaction with a decision process increased with the level of effort
they saved. They conducted two empirical studies on the use
of a job search RA, discovering that informing online shoppers about the progress of a search augmented the shoppers’
perceptions of the effort saved for them by an RA. Consequently, their satisfaction with the decision-making process
concerning purchasing the product also increased.
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System response time, the time between the user's input and
the computer's response, has been widely recognized as one
of the strongest stressors during human–computer interaction
(Thum et al. 1995). Assessments of the effects of response
time have been conducted for personal computer use in a
variety of contexts. Long response time increases stress
levels (Weiss et al. 1982), self-reports of annoyance (Schleifer
and Amick 1989), frustration, and impatience (Sears and
Borella 1997) of personal computer users. According to
DeLone and McLean (2003), response time influences users’
perception of system quality and thus their satisfaction with
information systems. Prior research has shown that lengthy
system response times cause lower satisfaction among users
(e.g., Hoxmeier and DiCesare 2000; Shneiderman 1998). In
the context of RA-assisted shopping, we also expect longer
response times to negatively affect users’ satisfaction with
RAs. It is therefore proposed that
P19: Response time influences users’ satisfaction with RAs.
The longer the RAs’ response times, the lower the users’
satisfaction with the RAs.
Basartan (2001) constructed a simulated shopbot in which
response time was varied. She found that users’ preference
for the shopbot decreased when they had to wait a long time
before receiving recommendations. Swearingen and Sinha
(2001, 2002), however, found that the time taken by users to
register and to receive recommendations from RAs did not
have a significant effect on users’ perceptions of the RA. The
seemingly contradictory research findings regarding response
time may be explained by users’ cost–benefit assessments;
when they perceive that the benefits of waiting (e.g., obtaining quality recommendations) outweigh its costs, they will
not form negative evaluations of the RAs.
RA Output Characteristics. The output stage is where RAs’
recommendations are presented to users. The content and the
format of these recommendations can have significant impact
on users’ evaluations of RAs.
Specifically, three aspects (i.e., the familiarity of the recommendations, the amount of information on recommended
products, and the explanations on how the recommendations
are generated) are relevant to how recommendation content
influences users’ evaluations of RAs. First, according to
knowledge-based trust theorists (Luwicki and Bunker 1995)
individuals develop trust over time as they accumulate knowledge relevant to trust, through their experiences with another
party (McKnight et al. 1998). Knowledge-based trust is
grounded substantially in the predictability of the other party,
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which develops as each party proceeds to know the other well
enough to be able to anticipate his or her behavior and thereby
to avoid surprises. Familiarity builds trust (Komiak 2003;
Komiak and Benbasat 2006). Therefore, we expect that
consumers will trust RAs that provide familiar recommendations (i.e., product recommendations with which consumers
have had positive experience previously) more than those that
provide unfamiliar or novel recommendations (i.e., product
recommendations consumers have not experienced before).
However, to be considered useful RAs that provide relevant
information to consumers, the RAs must present them with
unfamiliar alternatives that fit the consumers’ needs. One
possible solution suggested by Cooke et al. (2002) to overcome users’ negative reactions to RAs that provide unfamiliar
recommendations involves embedding unfamiliar recommendations among a set of recommendations that the users are
known to like (based on their purchase history or previous
feedback). Recommendations of familiar products can serve
as a context within which unfamiliar recommendations are
evaluated, hence improving the attractiveness of the unfamiliar recommendations and the evaluation of the RAs.
Second, detailed information about recommendations generated by RAs (e.g., product descriptions in text or multimedia
format, expert reviews, or other customers’ evaluations) can
signal to the users that the RAs care about them, act in their
interests, and behave in an honest and unbiased fashion,
thereby contributing to users’ assessments of the RAs’
benevolence and integrity. Additionally, RAs that provide
detailed information can educate users about the product
category in general and the recommended alternatives in
particular, thus contributing to the users’ perception of the
RAs’ usefulness. Detailed information also promotes users’
perception of RAs’ information quality, thereby enhancing
their satisfaction with the RAs.
Third, research on explanation facilities in knowledge-based
systems (KBS) has demonstrated that explanations can help
alleviate information asymmetry (which occurs when the
trustee has more or better information than the trustor) and
make a KBS more transparent to its users, thus contributing
to the users’ trust in the KBS (Gregor and Benbasat 1999). In
the same vein, the provision of explanations on how the RAs’
recommendations reflect users’ preferences and requirements
will increase users’ trust in the RAs.
It is therefore proposed that
P20: Recommendation content influences users’ evaluations
of RAs.

P20a: Familiar recommendations increase users’ trust
in the RAs.
P20b: The composition of the list of recommendations,
as reflected by a balanced representation of
familiar and unfamiliar (or new) product recommendations, influences users’ trust in, perceived
usefulness of, and satisfaction with RAs.
P20c: The provision of detailed information about
recommended products increases users’ trust in,
perceived usefulness of, and satisfaction with
RAs.
P20d: The provision of explanation on how the
recommendations are generated increases users’
trust in and satisfaction with RAs.
Sinha and Swearingen (2001; Swearingen and Sinha 2001)
found that, although novel recommendations were generally
considered more useful than familiar recommendations,
recommended products that were familiar to users or that had
previously met the users’ approval played an important role
in establishing users’ trust in RAs. Cooke et al. also showed
that unfamiliar recommendations lowered users’ evaluations
of a simulated music CD RA.
Available empirical evidence also supports the positive effect
of detailed product information on users’ evaluations of RAs.
Sinha and Swearingen (2001; Swearingen and Sinha 2001)
found that users’ trust in RAs increased when the RAs
provided detailed product information. Expert reviews and
other consumers’ ratings, for example, were very helpful in
consumers’ decision-making processes. Cooke et al. demonstrated that a technique RAs could use to increase the
attractiveness of unfamiliar recommendations was to provide
users with additional information about a new product.
Bharati and Chaudhury (2004) also observed a net positive
effect of factors related to information quality (i.e., relevance,
accuracy, completeness, and timeliness) on users’ decisionmaking satisfaction.
Investigating the effects of different types of explanations on
users’ trust in content-based RAs for digital cameras, Wang
and Benbasat (2004a) found that the explanations of RAs’
reasoning logic (how explanations) strengthened users’
trusting beliefs in the RAs’ competence and benevolence.
Likewise, Herlocker et al. (2000) showed that the addition of
explanation facilities increased the acceptance of MovieLens,
an online collaborative-filtering movie RA. Most participants
in their study valued the RA’s explanations and wanted them
to be included in MovieLens. Sinha and Swearingen, in a
series of studies involving RAs in different domains (Sinha
and Swearingen 2001, 2002; Swearingen and Sinha 2001,
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2002), also confirmed that explanations can enhance perceptions of the transparency of RAs’ inner workings, which
in turn result in increased user trust in the RAs. Similar
effects have also been observed by Wang (2005).
How users evaluate RAs is also influenced by recommendation format, as reflected by the navigation and layout of the
recommendation presentation interface. Given human reluctance to extend unnecessary cognitive effort, consumers
generally negatively evaluate an RA that is inconvenient to
use. Although providing detailed information about recommended alternatives is desirable, its benefits will not be fully
realized unless the navigational paths to product information
and the layout of the product information are clear. It is
therefore proposed that
P21: Recommendation format influences users’ perceived
usefulness of, perceived ease of use of, and satisfaction
with the RAs. RAs with a clear navigational path and
layout are considered more useful, easier to use, and
more satisfactory than those without.
In their investigation of RAs in different domains, Sinha and
Swearingen (2001; Swearingen and Sinha 2002) found that
interface features, such as navigation and layout, were most
significant when they presented excess obstacles to users. For
instance, users were generally dissatisfied when too many
clicks were required to obtain detailed information about
recommended items, or when only a few recommendations
were displayed on each screen. Bharati and Chaudhury,
however, failed to find a significant relationship between
navigational efficiency and user satisfaction.
Summary. The propositions presented here help answer
research question (2.3): How do characteristics of RAs
influence users’ evaluations of RAs? Users’ trust in, perceived usefulness and ease of use of, and satisfaction with an
RA are influenced by RA type as well as by RA characteristics associated with input, process, and output designs.
Various types of RAs result in different user perceptions of
RAs. For instance, whereas hybrid or compensatory RAs are
perceived as more difficult to use, they generally lead to
higher trust and are considered more useful and satisfactory.
Adequate user control, familiar recommendations, detailed
information about recommended products, and explanations
on system logic enhance users’ trust in RAs and their perception of the usefulness of RAs. Implicit preference elicitation
methods, ease of generating new recommendations, clear
navigational paths, and neat layout will increase perceived
ease of use of the RAs. Moreover, information about search
progress and short response time will increase users’
satisfaction with the RAs. Table 10 summarizes the relationships investigated in this section.
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Factors Related to Product, User,
User–RA Interaction
The effects of RA use and RA characteristics on users’
evaluations of RAs are contingent upon such user and product
related factors as the type of products, users’ expertise with
the products or product categories, RA-user similarity, and
user’s familiarity with RAs. The following sections discuss
the moderating effects of factors related to products, users,
and user–RA interactions, as captured in propositions P22
through P27 and illustrated in Figure 3.
Product-Related Factors. User evaluations of RAs are not
likely to be consistent across different product types. In the
context of online shopping, products can be categorized into
search products and experience products. On the one hand,
currently available RAs (with text and static images) allow
search products (but not experience products) to be adequately assessed. This gives users opportunities to appraise
the usefulness of RAs. As such, users may perceive RAs for
search products more useful than RAs for experience
products. On the other hand, as discussed earlier, since the
assessment of experience products is more complex than the
evaluation of search products, consumers shopping for experience products are more likely to employ other-based (rather
than own-based) decision-making processes. As a result,
compared with consumers shopping for search products, those
shopping for experience products may perceive RAs to be
more trustworthy and thus be more inclined to follow the
RAs’ recommendations. It is therefore proposed that
P22: Product type moderates the effects of RA use on users’
trust in and perceived usefulness of RAs. Users have
higher trust in RAs for experience products and higher
perceived usefulness of RAs for search products.
Aggarwal and Vaidyanathan (2003b) examined the perceived
effectiveness (measured by user perceptions of the quality of
RAs’ recommendations, satisfaction with the recommendations, and intention to acquiesce to a recommendation) of two
types of RAs (content-based RAs and collaborative-filtering
RAs). They found that users perceived RAs to be more
effective for search goods than for experience goods. Senecal
(2003; see also Senecal and Nantel 2004) observed that
consumers’ were more likely to follow RAs’ recommendations for experience products (wines) than for search products
(calculators).
User-Related Factors. Research by Nah and Benbasat (2004)
regarding knowledge-based systems revealed that expert and
novice users exhibited different levels of criticality and
involvement in their area of expertise. Not only were experts
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Table 10: The Impact of RA Characteristics on Users’ Evaluations of RA
The propositions in this table provide answers to research question 2.2.
Q2.2: How do characteristics of RAs influence users’ evaluations of RAs?
Relationship Between

Empirical Support

P

RA Type
RA Type
• Hybrid vs. ContentFiltering (or
collaborativefiltering)
• Compensatory vs.
Non-compensatory

Trust,
Perceived
Usefulness,
Perceived Ease
of Use, and
Satisfaction

Users considered meta-recommender systems that combine collaborative-filtering and content-filtering more helpful than traditional
recommender systems (using only collaborative-filtering technique)
(Schafer et al. 2002).
No empirical study available.

P14
• P14a

• P14b

RA Input
Preference Elicitation
Method

Ease of Generating
New/Additional
Recommendations

User Control

Perceived Ease
of Use and
Satisfaction

Perceived Ease
of Use and
Satisfaction

Trust,
Satisfaction,
and Perceived
Usefulness

No empirical study available.

P15

Ease of generating new or additional recommendations improved
estimations of the ease of use of an RA (Swearingen and Sinha 2001,
2002); giving users the capability to return to the preference
specification stage at any time and restate their preferences increased their positive responses to RAs (Pereira 2000); an RA’s
system quality (i.e., ease of use, convenience of access, and
reliability) had positive effect on users’ decision making satisfaction
(Bharati and Chaudhury 2004).

P16

Increased user control over interaction with RA resulted in increased
users’ trust in and satisfaction with two content-filtering RAs (Pereira
2000); user-controlled RAs generated higher user satisfaction than
did system-controlled RAs. Users of user-controlled RAs also thought
the RA better understood their tastes and were more loyal to the
system (McNee et al. 2003); control process was one of the top
contributors to users’ trust in a virtual salesperson (Komaik et al.
2005); RAs that were perceived by users as more restrictive were
considered less trustworthy and useful by them (Wang 2005).

P17

RA Process
Information about
Search Progress

Response time

Satisfaction

Informing online shoppers about the progress of a search augmented
shoppers’ perceptions of the effort saved for them by an RA and,
consequently, increased their satisfaction with the decision-making
process before purchasing the product (Bechwati and Xia 2003).

P18

Satisfaction

Long wait time before receiving recommendations decreased users’
preference for shopbots (Basartan 2001); the time taken by users to
register and to receive recommendations from RAs did not have a
significant effect on users’ perceptions of the RA (Swearingen and
Sinha 2001, 2002).

P19
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Table 10: The Impact of RA Characteristics on Users’ Evaluations of RAs (Continued)
Relationship Between

Empirical Support

P

RA Output
P20

Recommendation
content
• Familiar
recommendations

• Composition of the
list of recommendations
• Detailed information about
recommended
products

Trust,
Perceived
Usefulness, and
Satisfaction

• Explanation

Recommendation
format
• Navigation and
layout

Perceived
Usefulness,
Perceived Ease
of Use, and
Satisfaction

• Familiar recommendations played an important role in establishing
user trust in an RA (Sinha and Swearingen 2001; Swearingen and
Sinha 2001); unfamiliar recommendations lowered users’ evaluations of a simulated music CD RA (Cooke et al. 2002).

• P20a

• No empirical study available

• P20b

• User trust in an RA increased when the RA provides detailed
product information (Sinha and Swearingen 2001; Swearingen and
Sinha 2001); a technique RAs can use to increase the attractiveness of unfamiliar recommendations was to provide users with
additional information about a new product (Cooke et al. 2002); an
RA’s information quality (i.e., relevance, accuracy, completeness,
and timeliness) had a significant effect on users’ decision making
satisfaction (Bharati and Chaudhury 2004).

• P20c

• Explanations of an RA’s reasoning logic strengthened users’
trusting beliefs in the RA’s competence and benevolence (Wang
and Benbasat 2004a); the addition of explanation facilities
increased the acceptance of MovieLens, an online collaborativefiltering movie RA (Herlocker et al. 2000); explanations enhanced
perceptions of the transparency of an RA’s inner workings,
resulting in increased user trust in the RA (Sinha and Swearingen
2001, 2002; Swearingen and Sinha 2001, 2002; Wang 2005).

• P20d

Interface features such as navigation and layout were most significant
when they presented excess obstacles to users. Users were
generally dissatisfied when too many clicks were required to obtain
detailed information about recommended items, or when only a few
recommendations were displayed on each screen (Sinha and
Swearingen 2001; Swearingen and Sinha 2002); there was no
significant relationship between navigational efficiency and user
satisfaction (Bharati and Chaudhury 2004).

less likely to be persuaded by a knowledge-based system than
were novices, experts also found such a system less useful
than did novices. In the context of RAs, the extent to which
consumers have expertise in a particular product affects their
evaluation of RAs for that product (King and Hill 1994).
While RAs may be a necessity for consumers with low
product expertise who require assistance in selecting and
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P21

evaluating alternatives, individuals with high product expertise may perceive RAs as constraining and hampering their
knowledge-based search, feeling that the RAs make them do
something other than what they are capable of doing (Kamis
and Davern 2004). As such, users with low product expertise
are expected to evaluate RAs more favorably than are users
with high product expertise. It is therefore proposed that
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P23: Product expertise moderates the effects of RA use on
users’ evaluations of RAs (i.e., trust, perceived usefulness, perceived ease of use, satisfaction). The higher the
product expertise of the users, the less favorable the
users’ evaluations of RAs.
Van Slyke and Collins (1996) noted that users’ knowledge
(including both domain knowledge and technical knowledge)
is a key component in the trust-building process between the
users and the RAs. Consumers with little product knowledge
are more likely to develop trust when a salesperson recognizes their concerns, listens to their needs, and takes on the
role of a consultant. Similarly, less knowledgeable consumers
generally exhibit greater preferences for using web-based
advisors than more knowledgeable consumers. Urban et al.
(1999) compared subjects’ relative preferences for two websites selling pick-up trucks online: in their experiment, one
website was equipped with an RA, the other was not.
Although the overall preferences for the two sites appeared to
be about equal, consumers participating in the study who were
not very knowledgeable about trucks expressed stronger
preferences for an RA-enabled website, whereas those who
were experts demonstrated stronger preferences for the website that lacked an RA. Thus, in the pick-up truck study, RA
advice appeared to be more valuable to consumers with a
lower level of product knowledge. Similarly, Spiekermann
(2001), in an experiment that involved a three-dimensional
anthropomorphic RA, observed that highly knowledgeable
subjects were generally less satisfied with the RA and therefore less reliant on it for choosing products than less-knowledgeable subjects. Finally, examining the effects of product
category knowledge on users’ perceptions of online shopping
tools, Kamis and Davern (2004) observed that product
category knowledge was negatively related to perceived ease
of use and perceived usefulness of the decision tools.
Product expertise is also expected to influence users’ perceptions of different types of RAs. For instance, while experienced consumers can process attribute information efficiently,
individuals with low product expertise will likely find such
tasks more difficult (Pereira 2000). Attribute-oriented messages are found to be less informative to novices. Given the
difficulty for individuals with low product expertise to
enumerate the product attributes considered and gauge
attribute importance, it is expected that they will find featurebased RAs uninformative but show positive affective reactions (i.e., trust, perceived usefulness and ease of use,
satisfaction) to needs-based RAs. In contrast, for consumers
with high product expertise, needs-based RAs may hamper
their ability to specify exact attribute-related requirements and
will thus be considered less useful and more difficult to use
than feature-based RAs. Moreover, needs-based RAs have a

knowledge component that translates users’ needs to attribute
specifications, which are in turn translated to recommendations. Users with high product expertise may consider needsbased RAs less transparent and thus less trustworthy than
feature-based RAs that directly translate users’ specifications
to recommendations. As such, we expect consumers with
high product expertise to favor feature-based RAs and those
with lower product expertise to desire needs-based RAs.
Additionally, while experienced consumers tend to base their
product choice on attribute information, individuals with low
product expertise have been found to seek more summary
information (Brucks 1985), given their lack of ability to
process attribute information as efficiently. As such, collaborative-filtering RAs, which do not require users to specify
product attribute preferences, are likely to appeal more to
consumers with lower product expertise than to those with
higher product expertise, who may perceive the absence of
attribute information in the collaborative-filtering RAs as
preventing them from using their knowledge in evaluating
alternatives (Pereira 2000).
In sum, users’ product expertise affects their evaluation of
different types of RAs. It is therefore proposed that
P24: Product expertise moderates the effects of RA type on
users’ evaluations of RAs (i.e., trust, perceived usefulness, perceived ease of use, satisfaction). The higher the
product expertise of the users, the more (less) favorable
the users’ evaluations of feature-based (needs-based)
RAs. The higher the product expertise of the users, the
more (less) favorable the users’ evaluations of contentfiltering (collaborative-filtering) RAs.
Focusing on users with low product knowledge, Komiak and
Benbasat (2006) found that needs-based RAs led to users’
beliefs that the RAs fully understood their true needs and took
their needs as the RAs’ own preferences, which in turn
resulted in higher trust regarding the RAs’ competence,
benevolence, and integrity. Felix et al. (2001) further observed that users considered advice from needs-based RAs
better suited for product novices than that from feature-based
RAs. Stolze and Nart (2004) also found that users preferred
RAs equipped with both needs-based and feature-based
questions to those equipped with feature-based questions
only. Pereira (2000) investigated the interaction effects
between RA type (content-filtering versus collaborativefiltering) and users’ product class knowledge. He found that
users with high product class knowledge had more positive
affective reactions (trust and satisfaction) to the contentfiltering RAs than the collaborative-filtering ones. The
reverse was true for users with low product class knowledge.
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Factors Related to User–RA Interaction. The similarity
between RAs and their users, user’s familiarity with RAs, as
well as the confirmation/disconfirmation of users’ expectations will also moderate the effects of RA use on users’
evaluations of the RAs.
In line with the theory of interpersonal similarity, individuals
will be attracted to other individuals who exhibit similar
characteristics (Byrne and Griffitt 1969). They tend to identify with and have positive attitudes toward similar others (in
terms of decision-making strategies, attitudes, tastes, goals, or
preferences). McKnight et al. (1998) describe unit grouping
as one type of cognitive categorization processes individuals
use to develop trusting beliefs in new relationships. Unit
grouping means “to put the other person in the same category
as oneself” (p. 480). They argue that individuals who are
grouped together tend to form more positive trusting beliefs
about each other, because they tend to share common goals
and values. Studies conducted by Brewer and Silver (1978)
and Zucker et al. (1996) have likewise provided evidence that
unit grouping quickly leads to highly positive trusting beliefs.
In the context of RAs, similarities between users and RAs can
promote a sense of group membership, and thus enhance
users’ perceptions of attractiveness and trustworthiness of
RAs. Moreover, insomuch as the main utility of the RAs lies
in their capability to provide recommendations that match
users’ preferences, similarities between users and RAs may
result in recommendations that better fit users’ needs and thus
contribute to more optimistic perceptions of the usefulness of
the RAs. It is therefore proposed that
P25 User–RA similarity moderates the effects of RA use on
users’ trust in, satisfaction with, and perceived usefulness of RAs. The more the RAs are perceived to be
similar to their users, the more they are considered to be
trustworthy, satisfactory, and useful.
In their study of consumer acceptance of online movie RAs’
advice, Gershoff et al. (2003) observed that when assessing
how informative RAs were, consumers paid greater attention
to past instances when they agreed with the RAs’ opinions
and ratings (an indication of similarity in tastes or preferences). Higher rates of agreement led to greater confidence
in and greater likelihood of accepting the RAs’ advice. Moreover, in addition to the overall agreement rate, consumers paid
special attention to the intensity of the agreements (i.e.,
agreement on extreme, highly positive or negative, past
opinions). Hess et al. (2005) observed that personality
similarity between the users and the RAs contributed to increased involvement with the decision aid, which in turn
resulted in increased user satisfaction with the RAs. Aksoy
and Bloom (2001) also demonstrated that similarities in the
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significance vested in certain attributes by RAs and the
significance that would be given to those attributes by users
influenced user perceptions of the utility of the recommendations generated by the RA.
Individuals develop trust over time as they accumulate knowledge relevant to trust through their experiences with each
other (Luwicki and Bunker 1995; McKnight et al. 1998).
Familiarity is a necessary condition for developing knowledge-based trust. Therefore, users may judge the trustworthiness of RAs on the basis of their behavioral experiences.
Repeated use of RAs, or RA training, not only familiarizes the
user with the workings of the RAs but also enables them to
assess the performance and consistency of the RAs. Sinha
and Swearingen (2002) suggest that one way for a user to
decide whether to trust recommendations is to examine the
success of prior suggestions from the RAs, as evidence of the
RAs’ credibility. It is therefore proposed that
P26: User’s familiarity with RAs moderates the effects of RA
use on trust in the RAs. Increased familiarity with RAs
leads to increased trust in the RAs.
Komiak and Benbasat (2006) observed that users’ familiarity
with the workings of RAs (e.g., the way to specify their preferences to the RAs, to access the explanations, and to review
information on recommended items) allowed them to develop
trust-relevant knowledge and to assess the consistency of the
RAs’ actions. Their empirical study demonstrated that
familiarity increased users’ trust in the RAs’ benevolence and
integrity, but it did not influence their trust in the RAs’
competency.
According to the confirmation-disconfirmation paradigm,
consumers form satisfaction based on their confirmation level
and the expectation on which that confirmation was based
(Bhattacherjee 2001). Confirmation occurs when perceived
performance meets the expectation. Positive (negative) disconfirmation occurs when perceived performance exceeds
(falls below) the expectation. Satisfaction is achieved when
expectations are fulfilled (i.e., confirmed). Negative disconfirmation of expectations will result in dissatisfaction, whereas positive disconfirmation will result in enhanced satisfaction
(Selnes 1998).
Applying confirmation-disconfirmation theory to RA context,
we expect that the confirmation or the positive disconfirmation of users’ expectations about RAs’ functionalities and performance will enhance users’ satisfaction with RAs, whereas
the negative disconfirmation of their expectations will lead to
dissatisfaction. It is therefore proposed that
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P27: The confirmation/disconfirmation of expectations about
RAs moderates the effects of RA use on users’ satisfaction with the RAs. Confirmation or positive disconfirmation of users’ expectations about RAs contributes
positively to users’ satisfaction with the RAs. In contrast, negative disconfirmation of users’ expectations
about RAs contributes negatively to users’ satisfaction
with the RAs.
No empirical study has directly investigated the effects of
expectation (dis)confirmation on satisfaction with RAs.
However, several IS researchers have called attention to the
importance of managing consumer expectations in the design
of RAs (Komiak and Benbasat 2006; Wang and Benbasat
2004b; West et al. 1999), suggesting that consumers might
lose faith in and stop using an RA when it provides recommendations that do not meet with their expectations. Sinha
and Swearingen (2001; Swearingen and Sinha 2002) found
that, although users generally trusted RAs that provide
familiar recommendations, they were often disappointed with
RAs that provided too many familiar recommendations,
because such RAs failed to help them broaden their horizons.
Komiak and Benbasat (2004) suggest that RAs should use
needs-based preference-elicitation questions as a way of
managing users’ expectations. Protocol analyses by Komiak
et al. (2005) and Wang and Benbasat (2004b) revealed that
expectation disconfirmation was an important factor contributing to distrust in RAs.
Summary. The propositions presented here provide the answer to research question (2.3): How do other factors (factors
related to user, product, and user–RA interaction) moderate
the effects of RA use and RA characteristics on users’
evaluations of RAs? RAs for search (experience) products are
considered more useful (trustworthy). Users with more product expertise tend to have less favorable perceptions of RAs
in general. However, the higher the product expertise of the
users, the more favorable their evaluations of feature-based
and content-filtering RAs. In addition, the greater the RAs
are perceived to be similar to their users and the greater the
users’ familiarity with the RAs, the higher the users’ trust in
the RAs. Finally, whereas confirmation (or positive disconfirmation) of users’ expectations about RAs will enhance their
satisfaction with the RAs, negative disconfirmation of their
expectations will hamper their satisfaction with RAs. Table
11 summarizes the relationships investigated in this section.
Provider Credibility
The effect of source credibility has been extensively investigated by researchers studying communications (Smith and

Shaffer 1991; Stamm and Dube 1994; Verplanken 1991).
Sources that consumers attribute with high credibility appear
to influence consumer attitudes more significantly (Goldberg
and Hartwick 1990; Stamm and Dube 1994), and their efforts
to persuade consumers are more effective (Lirtzman and
Shuv-Ami 1986; Mondak 1990). In the context of this paper,
source credibility refers to the credibility of RA providers,
determined by the type and the reputation of the RA providers, both of which influence users’ trusting beliefs in RAs’
competence, benevolence, and integrity, as captured in
proposition P28 and illustrated in Figure 3.
According to Doney and Cannon (1997), trust can develop
through a transference process, in which “trust can be transferred from one trusted ‘proof source’ to another person or
group with which the trustor has little or no direct experience”
(p. 37). For example, a new salesperson representing a reputable company would benefit from buyers’ previous positive
experiences with the company. A website that features an RA
is referred to in this paper as the provider of the RA. The
type and the reputation of the RA providers may affect users’
trusting beliefs in the RAs’ competence, benevolence, and
integrity, because the user may transfer trust, or distrust, from
the providers to the RAs provided at those websites. West et
al. (1999) call attention to the fact that characteristics of a
website provide important cues for building trust in an online
shopping advisor. Urban et al. (1999) also state that trust in
a specific website is the first stage toward development of
trust in an expert advisor; trust cannot be vested in an expert
advisor until trust has been established toward the Internet
and the website that provides the advisor.
RAs are embedded either in the websites of online vendors
(e.g., Amazon.com) or in third party websites (e.g., Priceline.com). Prior research (see Senecal 2003; Senecal and
Nantel 2004) has shown that consumers tend to discredit
recommendations from endorsers if they suspect that the latter
have non-product related motivations to recommend a particular product (e.g., overstocking of that product). Therefore,
as endorsers of RAs’ recommendations, independent third
party websites may be perceived by consumers as less biased
and more credible than vendor websites.
Moreover, McKnight et al. (1998) describe reputation categorization, the assignment of attributes to another person based
on second-hand information about the person, as one type of
process individuals use to develop trusting beliefs in a new
relationship. Individuals with good reputations are categorized as trustworthy individuals who are competent, benevolent, honest, and predictable. Individuals will quickly develop
trusting beliefs about a person with a good reputation, even
without firsthand knowledge of them. Applying this reputa-
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Table 11. The Impact of Factors Related to User, Product, and User–RA Interaction on Users’
Evaluations of RA
The propositions in this table provide answers to research question 2.3.
Q2.3: How do other factors (i.e., factors related to user, product, and user–RA interaction) moderate the effects of RA use
and RA characteristics on users’ evaluations of RAs?
Moderator

Moderated
Relationship

Empirical Support

P

Product-Related Factors
Product Type
(search vs.
experience)

RA Use on
Trust and
Perceived
Usefulness

Users perceived RAs to be more effective for search goods than for
experience goods (Aggarwal and Vaidyanathan 2003b); consumers’ were
more likely to follow RA’s recommendations for experience products than
for search products (Senecal 2003; Senecal and Nantel 2004).

P22

User-Related Factors

Product
Expertise

Product
Expertise

RA Use on
Trust, Perceived
Usefulness,
Perceived Ease
of Use, and
Satisfaction

Less knowledgeable consumers expressed stronger preferences for an
RA-enabled website, whereas those who were experts evinced stronger
preferences for the website that lacked an RA (Urban et al. 1999); highly
knowledgeable subjects were generally less satisfied with the RA and
therefore less reliant on it for choosing products than less-knowledgeable
subjects (Spiekermann 2001); product category knowledge was negatively related to perceived ease of use and perceived usefulness of the
decision tools (Kamis and Davern 2004).

P23

RA type on
Trust, Perceived
Usefulness,
Perceived Ease
of Use, and
Satisfaction

For users with low product knowledge, a needs-based RA resulted in
higher trust (Komiak and Benbasat 2006); users considered advice from
needs-based RAs better suited for product novices than that from featurebased RAs (Felix et al. 2001); users preferred RAs equipped with both
needs-based and feature-based questions to those equipped with
feature-based questions only (Stolze and Nart 2004); users with high
product class knowledge had more positive affective reactions (trust and
satisfaction) to the content-filtering RAs than the collaborative-filtering
ones. The reverse was true for users with low product class knowledge
(Pereira 2000).

P24

User–RA Interaction

User–RA
Similarity

RA Use on
Trust, Perceived
Usefulness, and
Satisfaction

When assessing how informative an RA was, consumers paid greater
attention to past instances when they had agreed with the RA’s opinions
and ratings. Higher rates of agreement led to greater confidence in and
greater likelihood of accepting an RA’s advice (Gershoff et al. 2003);
personality similarity between the user and the decision aid contributed to
increased involvement with the decision aid, which in turn resulted in
increased user satisfaction with the decision aid (Hess et al. 2005);
user–RA similarity in attribute weighting had a significant impact on user
perceptions of the utility of the recommendations generated by the RA
(Aksoy and Bloom 2001).

User’s Familiarity
with RAs

RA Use on
Trust

The user’s familiarity with the workings of an RA increased trust in an
RA’s benevolence and integrity, but not its competency (Komiak and
Benbasat 2006).

P26

Confirmation/
Disconfirmation
of Expectations

RA Use on
Satisfaction

No empirical study available.

P27
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Table 12. The Impact of RA Use and Provider Credibility on Users’ Evaluations of RA
The propositions in this table provide answers to research question 2.4.
Q2.4: How does provider credibility influence users’ evaluations of RAs?
Relationship Between
Provider Credibility
(Provider Type and
Provider Reputation)

Trust

Empirical Support

P

The type of a website (i.e., seller, commercially linked third-party, or independent
third-party) that provides an RA did not affect the perceived trustworthiness of the
RA (Senecal 2003; Senecal and Nantel 2004).

P28

tion categorization in the context of RAs, we posit that users
will consider reputable providers more trustworthy than those
that are unknown or had a bad reputation, and subsequently
they will transfer that trust to the RAs featured by the
providers. For instance, a consumer may trust the RA at
Amazon.com more than a similar RA at an unknown website.

provided by vendors’ websites. Additionally, they will have
higher trust in RAs provided by reputable websites than those
provided by unknown or non-reputable websites.

In sum, the type and reputation of RA providers determine
their credibility, which in turn influences users’ trust in the
RAs. It is therefore proposed that

This paper focuses on investigating the effects of RA user,
RA characteristics, and other factors (i.e., factors related to
user, product, user–RA interaction, and provider credibility)
on two groups of outcomes of RA use: (1) consumer decision-making processes and outcomes and (2) users’ evaluations of RAs (i.e., perceived usefulness, perceived ease of use,
trust, and satisfaction). The relationships between the two
groups of outcome variables, among the variables in each
group, as well as between the outcome variables and RA
reuse intention and reuse behavior, albeit important, are
beyond the scope of this paper. Although empirical investigations of these relationships can be found in general IS literature, there is little discussion in specific RA literature, which
is the focus of this review. Therefore, no proposition is stated
for these relationships in this section. However, for compatibility with prior IS work, such relationships are highlighted
by the dashed lines in Figure 1 and briefly explained below.

P28: Provider credibility, determined by the type of RA providers and the reputation of RA providers, influences
users’ trust in RAs. RAs provided by independent third
party websites are considered more trustworthy than
those provided by vendors’ websites. RAs provided by
reputable websites are considered more trustworthy than
those provided by websites that are unknown or nonreputable.
Senecal (2003; see also Senecal and Nantel 2004) identified
three types of websites: seller, commercially linked thirdparty, and independent third-party. She hypothesized that the
type of the website that provides an RA will affect the perceived trustworthiness of the RA: the RA at an independent
third-party website will be perceived as the most trustworthy,
while the RA at a seller’s website will be perceived as the
least trustworthy. However, her experimental data did not
support this hypothesis. We believe that this failure may be
a result of the limited number of alternatives (only four) available in her study for each product, as well as the relatively
low value of the products (calculators and wine) involved in
the experiment. No other reported study has directly examined the effect of provider credibility on trust in RAs.
Summary. Proposition P28 provides answers to research
question (2.4): How does provider credibility influence users’
evaluations of RAs? Users’ trust in RAs is proposed to be
influenced by the type and reputation of RA providers, as
summarized in Table 12. Users will have higher trust in RAs
provided by independent third party websites than those

Relationships among Other Variables

Prior research (e.g., Davis and Kottemann 1994; Kottemann
and Davis 1994) reveals that active involvement of users in
interacting with a decision support system may create an
“illusion of control” (defined as a person’s expectation of
success on a task that is inappropriately higher than objective
circumstances warrant—Langer 1975) causing users to overestimate its effectiveness, resulting in an effort–confidence
link and a related mismatch between actual performance (e.g.,
objective decision quality) and performance beliefs (e.g.,
confidence belief and usefulness belief). Therefore, the relationships between decision effort and decision quality as well
as between decision quality and perceived RA usefulness will
be influenced by users’ illusion of control.
There is also ample empirical evidence in the IS literature
supporting the causal link from subjective evaluations (such
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as trust, perceived usefulness, perceived ease of use, and
satisfaction) to adoption intention and adoption behavior
(Davis 1989; Gefen et al. 2003; Taylor and Todd 1995;
Venkatesh 2000). Several researchers have developed integrated models of TAM, trust, and satisfaction. For instance,
integrating trust, risk, and TAM, Pavlou (2003) and Gefen et
al. (2003) hypothesized about and empirically confirmed the
links from trust to perceived usefulness and adoption intention. Wixom and Todd (2005) integrated technology acceptance and satisfaction literature and empirically demonstrated
that system satisfaction and information satisfaction contribute to perceived ease of use and perceived usefulness,
respectively. Wang and Benbasat (2005) have extended the
integrated trust–TAM model (Gefen et al. 2003) to online RA
adoption and proven the causal link from trust to adoption
intention. Abstracting from all of this literature, we expect
that trust, perceived usefulness, perceived ease of use, and
satisfaction will positively contribute to users’ intentions to
use RAs in the future and, subsequently, their future use of
RAs. In addition, we expect to observe the following relationships: satisfaction Î perceived ease of use; perceived
ease of use Î trust; perceived ease of use, trust, and satisfaction Î perceived usefulness.
Only a few studies have directly investigated the relationship
between perceptions of RAs and intention to adopt the RAs.
Wang and Benbasat (2005) found that consumers’ initial trust
not only directly influenced their intention to adopt RAs but
it also exerted an indirect effect on such intention by
enhancing perceptions of the usefulness of the RAs. Users’
perceptions of the ease of use of RAs, however, did not have
a significant impact on their adoption intention. Komiak and
Benbasat (2006) distinguished between two levels of RA use
intentions: intention to use RAs as decision aids (i.e., to let
RAs narrow down product choices) and intention to use RAs
as delegated agents (i.e., to let RAs make decisions on behalf
of consumers). The results of their experimental study of a
digital camera RA demonstrated that both cognitive trust and
emotional trust were significant predictors of consumer intention to use RAs as decision aids. Additionally, emotional
trust fully mediated the impact of cognitive trust on the intention to use RAs as delegated agents.

Discussion and Concluding
Comments
In this paper, we have presented a set of theory-based propositions concerning the outcomes of RA use and RA adoption
intentions in e-commerce settings. The propositions provide
answers to the two research questions that initially motivated
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the paper.25 The answers should be of interest to academic
researchers, designers of RAs, and current or potential providers of RAs. Next, we present the contributions of this
study and identify areas for future research.

Contributions to Research
Prior research on RAs has focused mostly on developing and
evaluating different underlying algorithms that generate
recommendations. This paper has attempted to identify other
important aspects of RAs, namely RA use, RA characteristics,
provider credibility, and factors related to product, user, and
user–RA interaction, which exert influence on users’ decision
making processes and outcomes as well as their evaluations
of RAs. One of our objectives was to go beyond generalized
models such as TAM to identify the RA-specific features,
such as RA input, process, and output design characteristics
that influence users’ beliefs and evaluations, including
usefulness and ease-of-use concerning RA use.
Using the conceptual model illustrated in Figure 1 as a
starting point, we derived 28 propositions concerning the outcomes of RA use from five main theoretical perspectives,
including theories of human information processing, the
theory of interpersonal similarity, the theories of trust
formation, TAM, and the theories of satisfaction. We have
also justified the propositions with existing empirical work in
RAs (when available). Tables 7 through Table 12 provide
summaries of the propositions that have been presented and
empirical evidence (if available) associated with each of them.
As delineated in Table 13, the majority of the propositions are
supported fully (including 13 propositions and four subpropositions) or partially (including three propositions and
four sub-propositions) by available empirical evidence.
However, there also exist three propositions and two subpropositions that lack conclusive empirical support, in
addition to two propositions that were not bolstered by
available empirical studies, which signals the existence of
contingency factors not yet uncovered and/or problems with
experimental designs and RA implementations. As such,
further theorizing or more rigorous experimental designs are
needed to investigate the proposed relationships. Moreover,
there are two propositions and four sub-propositions that are
yet to be empirically tested. Table 13 highlights the discrepancy between what we know and what we need to know,
pinpointing venues of future research to close this breach, as
discussed further in the “Suggestions for Future Research.”

25

A summary of the propositions presented in this paper as well as the
research questions to which the propositions provide answers can be found
in Appendix C.
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Table 13. Summary of Empirical Support for Propositions
Propositions

Sub-Propositions

Fully Supported

P5, P7, P8, P10, P11, P16, P17, P18, P22, P23, P24, P25, P26

P6a, P20a, P20c, P20d

Partially Supported

P4, P12, P13

P3a, P3b, P6b, P14a

Inconclusively Supported

P2, P19, P21

P1a, P1b,

Not Supported

P9, P28

No Empirical Study
Available

P27, P15

P1c, P3c, P14b, P20b

Note: The shaded areas are those in which promising future studies can be conducted.

To keep our conceptual model manageable, we have not
intended for it to encompass all of the constructs discussed in
prior RA studies. Although an examination of the empirical
studies reviewed in this paper reveals a few constructs (e.g.,
users’ cost–benefit consideration, multimedia vividness) outside of the research framework that we have proposed, they
either do not appear to influence outcomes of RA use or their
effects are still not well-understood. For instance, it is possible that cost–benefit considerations associated with RA use
might influence users’ perceptions of and interactions with
RAs. Spiekermann (2001) hypothesized that perceived costs
and benefits of searching for product information may affect
users’ interactions with RAs. However, experimental data has
not supported her hypothesis. Neither costs nor benefits were
found to influence users’ willingness to interact with RAs. A
few other studies (Komiak and Benbasat 2006; Wang and
Benbasat 2004a) have included effort–quality preference as
covariates in their analyses, but none of these constructs were
found to be significant. Similarly, Hess et al. (2005) hypothesized about the positive impact of multimedia vividness on
user involvement with RAs, only to be surprised with a significant hard-to-explain negative effect.

e-commerce websites, following from our improved understanding of such phenomena. It must be noted, however, that
such prescriptions are dependent on the empirical validation
of the appropriate propositions.

•

Insomuch as the use of RAs generally results in increased
decision quality (P2) and reduced decision effort (P1),
RAs should be implemented in e-commerce websites to
assist consumers with shopping decision making.

Based on the fact that (1) the conceptual model presented in
Figure 1 integrates most of the constructs, as well as the interrelationships among the constructs, identified in previous
research in RAs, and (2) the model and propositions derived
from five different theoretical perspectives not only summarize prior empirical effort but also provide directions for
future research (as illustrated in Table 13 and discussed
further below), we conclude that the conceptual model and the
theoretical propositions provide an adequate framework to
account for phenomena relating to the outcomes of RA use in
e-commerce.

•

Explicit preference elicitation methods are considered
more transparent by users and lead to higher decision
quality (P4). However, implicit preference elicitation
methods demand less decision effort (P4) and are considered easier to use and more satisfactory (P15). It is
suggested that explicit and implicit preference elicitation
methods be integrated so as to balance quality with
effort.

•

The provision of explanations augments perceptions of
the transparency of RAs’ reasoning logic and increases
users’ trust in and satisfaction with the RAs (P20d). As
such, explanations should be provided for how the RAs
derive their recommendations.

•

Since different types of RAs (1) result in different decision-making processes and outcomes as well as in

This review has identified two sets of factors affecting consumers’ decision-making processes and outcomes and users’
evaluations of e-commerce RAs: (1) factors that are under the
control of RA designers or providers, and (2) those that are
not.
The following factors can be controlled to a certain extent by
developers of RAs or websites providing RAs, hence they are
suggested to be implemented (or, in the case of RA characteristics, be incorporated into the design of RAs) to improve
users’ shopping decision-making and enhance their positive
evaluation of the RAs.

Contributions to Practice
In this section, prescriptive guidelines are suggested to practitioners concerning the design and implementation of RAs in
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different user evaluations (P3 and P14) and (2) appeal to
users of different product expertise (P24), it is suggested
that multiple RAs be provided (if cost permits) to give
different users the flexibility of choosing the desired RAs
to assist in their shopping tasks.
•

Inasmuch as familiar recommendations increase users’
trust, RAs should present unfamiliar recommendations in
the context of familiar ones (as indicated by sub-propositions P20a and P20b). To be able to provide familiar
recommendations, RAs must track and apply users’ shopping history, feedback, and Internet navigation patterns.
A possible way to facilitate the provision of familiar
recommendations to new users is to generate recommendations known to be very popular.

•

The provision of detailed information about RAs’ recommendations increases users’ trust in, perceived usefulness
of, and satisfaction with the RAs (as indicated by subproposition P20c). The information can include product
descriptions, expert reviews, and other consumers’ evaluations. This information must also be easily accessible
by the users. Thus, clear navigational paths and clear
layout (P21) are very important design considerations.
Furthermore, RAs should provide their recommendations
in the format of sorted lists (P7a) but avoid presenting
too many product recommendations, particularly on a
single screen (P7b).

•

RA designers should allow users to control their interactions with the RAs (P17) and provide capabilities for
them to generate new or additional recommendations
easily (P16). Additionally, the RAs should keep their
response times to a minimum (P19). When the users are
waiting to receive recommendations, RAs should display
information about their search progress to demonstrate
their effort to the users (as indicated by proposition P18).

•

176

RAs can have greater influence on product choice,
decision quality, and/or decision effort for complex
products and experience products (P8, P9, and P22); thus
online retailers are advised to provide RAs for such products, although the implementation of RAs for experience products may require extra investment in advanced
multimedia presentation technologies. Since current
Internet technology allows search products to be adequately assessed prior to purchase, the RAs for such
products are generally considered more useful than those
for experience products (P22). Therefore, retailers of
search products are advised to incorporate RAs in their
online stores.
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•

Similarity between RAs and their users simplifies and
reduces product search, improves decision quality, and
increases trust in, perceived usefulness of, and satisfaction with the RAs (P13 and P25). RAs can be made
“similar” by the use of needs-based questions that elicit
users’ product preferences and their choices of the
decision strategies the users prefer (e.g., elimination by
aspect), when such information is available. RAs can
also be designed to assume personalities (e.g., extraversion or introversion) similar to those of their users, as
illustrated by Hess et al. (2005).

•

The confirmation/disconfirmation of users’ expectations
about RAs influences their satisfaction with the RAs
(P27). West et al. (1999) suggest that one way to manage consumer expectations regarding RAs’ performance
is to communicate the RAs’ limitations and requirements
(e.g., the kind and amount of user input required) to
customers before they begin using the RAs, so that they
can set realistic expectations for the agents. For instance,
MovieCritic, a movie RA, educates users about the
importance of providing input to the RA, and it provides
movie recommendations only after users have rated at
least 12 films and answered a battery of questions. It
manages users’ expectations by informing them that the
quality of its product recommendations is related to the
quality and quantity of input users provide to the system.
Spiekermann and Paraschiv (2002) argue that, when
conceiving a system for commercial purposes, it is
important to consider the specific expectations of potential buyers regarding an interface’s functionalities. They
propose a “user-centric” approach to RA design (i.e., an
approach to RA design that emphasizes the users’ points
of view) in order to motivate user interaction with RAs.

•

The type and reputation of RA provider can increase
users’ trust in the RA (P28). RA providers are advised to
implement such mechanisms as trust-assuring arguments
(Kim and Benbasat 2003) and third party seals to signal
their competence, benevolence, and integrity to RA
users.

•

Since RAs can serve as “double agents,” the product
attributes included in the RA’s preference-elicitation
interface (P5), the recommendations generated by the
RAs (P6a), and the utility scores or predicted ratings for
recommended alternatives (P6b) may exert significant
impact on consumers’ decision processes and decision
outcomes. However, retailers should avoid manipulating
these factors in their own interest and misleading consumers intentionally. It is much easier to destroy than to
establish consumer trust and confidence.
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On the other hand, although the following user-related factors
also have significant impact on the outcomes of RA use and
RA adoption intention, they are comparatively difficult to
control a priori:
•

Users’ familiarity with the operations of RAs can
increase their trust in the RAs (P26).

•

Users’ product expertise affects their perceptions (P23).
Novices consider RAs more useful and trustworthy than
do experts.

•

Users’ perceptions of risk attendant to particular products
affect their shopping performance and their perceptions
of RAs. RAs have the greatest impact on decision
quality and information search under conditions of high
product risk (P13).

Suggestions for Future Research
Testing the Conceptual Model
Our conceptual model presented Figure 1 is a causal model
and its propositions should be best tested as such. The impacts of RA use, RA characteristics, and other contingency
factors on users’ decision-making processes and outcomes, as
well as on their evaluations of RAs, would preferably be
tested utilizing the laboratory experiment method to facilitate
the manipulation of independent variables (in particular,
different RA characteristics) and the control of extraneous
factors. In fact, most of the empirical studies reported in this
paper have used the laboratory experimental method. Field
experiments are also possible when partnerships with ecommerce RA providers can be fostered.
Since the complexity of the conceptual model makes it
infeasible to validate the model as a whole, it is suggested that
the higher-level conceptual model (Figure 1), and even the
two lower-level models (Figures 2 and 3), be broken into
smaller and more manageable parts, allowing different RA
characteristics as well as user- and product-related factors to
be tested one small group at a time. For example, propositions P17, P19, P20, P22, P25, and P28 can be tested as a
group to validate the proposed effects of three RA characteristics associated with input, process, and output, respectively (i.e., user control, response time, and recommendation
content), one product-related factor (i.e., product type), one
user–RA interaction factor (i.e., user–RA similarity), and
provider credibility on users’ evaluations of RAs. Whereas
studies on one period of use are appropriate for validating
most of the propositions, a longitudinal approach may be

required to test the propositions related to user–RA interaction
factors such as users’ familiarity with RA and the confirmation/disconfirmation of users’ expectations.
As noted above, part of our conceptual model has already
been validated by prior RA research. However, in many
cases, even fully validated propositions have received only
limited support (e.g., P6a, P7), demonstrating a lack of
knowledge accumulation in this area. As such, additional
testing of these propositions is suggested. Moreover, further
validation should be conducted in areas where no empirical
investigations have been undertaken or where unexpected or
inconclusive results have been obtained in prior endeavors, as
demonstrated in Table 13.
Developing the Conceptual Model
Our review suggests important areas for further theoretical
development. First, this paper has investigated only a limited
number of user-related factors. Future studies should investigate such additional factors as control propensity (i.e., the
extent to which an individual is naturally inclined to control
other parties in general), trust propensity, effort and quality
preferences, cost–benefit analysis, and susceptibility to interpersonal influence. For instance, users’ effort and quality
preference may determine their preference for different types
of RAs: whereas individuals who favor better decision
quality may prefer to use compensatory, hybrid, or manual–
ephemeral RAs, those who desire less effort may choose to
employ non-compensatory, pure collaborative-filtering or
content-filtering, or automatic–permanent RAs.
In addition, this review focuses on two major outcomes of RA
use—consumer decision making and users’ evaluations of
RAs—in a parallel fashion, without hypothesizing about the
interrelationships between the two groups of dependent variables or among the variables in each group. Further theorization is needed to explore the between-group relationships,
as well as those among the variables in the consumer decision
making group, given that the relationships among the four
user evaluation variables (i.e., perceived usefulness, perceived
ease of use, trust, and satisfaction) have already been extensively studied in prior literature. In addition to the relationships highlighted with dashed lines in Figure 1 and discussed
in the section “Relationships among Other Variables,” that is,
the relationships between decision effort and decision quality,
as well as between decision quality and perceived RA usefulness, other pair-wise relationships (e.g., trust and decision
effort, satisfaction and decision quality, trust and decision
quality) can also be explored. For instance, when users have
trusting beliefs in RAs’ competence, benevolence, and
integrity, they may engage in less product search (an indicator
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of reduced decision effort), which, according to Diehl (2003),
will enhance their decision quality in an ordered environment.
They may also have greater confidence in their decisions, an
indicator of decision quality. Conversely, increased decision
quality and reduced decision effort during trial use of RAs
may contribute to users’ positive perceptions of the RAs.
Moreover, there may exist strong correlations between
decision quality and satisfaction, as demonstrated by Parikh
and Fazlollahi (2002).
The current conceptual model can be expanded not only with
variables discussed in prior RA studies (e.g., users’ cost–
benefit consideration, multimedia vividness), but also with
those suggested by pervious DSS research in general. For
instance, task is identified by Eierman et al. (1995) as an
important factor affecting user behavior and performance; it
is defined “as the set of functions that a working person, unit,
organization is expected to fulfill or accomplish. It is the job
that is to be done using the decision support system” (p. 5).
The construct is not included in our conceptual model since
the “task” is fixed in this paper (i.e., to purchase a product
with/without an RA individually). However, this construct
may become relevant when investigating RA characteristics
needed for online shopping tasks of different complexity and
structuredness (e.g., individual shopping versus group
shopping, or shopping for oneself versus shopping for
someone else). An additional construct worth further
investigation is perceived risk. The concept of perceived risk
is founded on a large body of literature developed in
marketing since the 1960s (Bauer 1960; Cunningham 1967;
Dowling and Staelin 1994; Jacoby and Kaplan 1974). It is
defined as “an assessment consumers make of the
consequences of making a purchase mistake as well as of the
probability of such a mistake to occur” (Spiekermann and
Paraschiv 2002, p. 265). Spiekermann and Paraschiv have
identified two different types of perceived risks in an online
environment: product risks (which consist of functional,
financial, socio-psychological, and delivery risks26) and
privacy risks. Whereas perceived product risk is part of our
conceptual model, the impact of perceived privacy risk on the
two groups of outcome variables should be explored in the
future.
Finally, many IS researchers have emphasized the importance
of studying inhibitors to use. For instance, Parthasarathy and
Bhattacherjee (1998) have called attention to the importance

26

Functional risk refers to uncertainty that a product might not perform as
expected; financial risk refers to uncertainty that a product might not be
worth the financial price; socio-psychological risk refers to uncertainty that
a poor product choice might harm a consumer’s ego or may result in embarrassment before his or her friends and family; and delivery risk refers to the
uncertainty that products might not arrive on time or in perfect condition.
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of examining why customers choose to discontinue services
to which they subscribe. Venkatesh and Brown (2001) have
identified a set of critical barriers (e.g., rapid change, high
cost, and lack of knowledge) to home PC adoption. Cenfetelli
and Benbasat have developed an integrated model of usage
inhibitors, which include beliefs about information, systems,
and services (Cenfetelli 2004; Cenfetelli and Benbasat 2003).
Despite their apparent advantages, RAs are currently adopted
by only about 10 percent of shoppers, according to a study by
Montgomery et al. (2004), which lists lack of awareness, lack
of benefits, lack of information, slow response time, and poor
interface design as the reasons why people do not use RAs.
Previous literature about RAs has focused mostly on factors
that contribute to better decision-making quality, trust, and
adoption of RAs. Future research effort should be extended
to uncovering more factors hampering users’ positive
evaluation of RAs and inhibiting their use intentions.

Exploring New RA Design Issues
Only RA characteristics discussed in prior conceptual or
empirical work are included in our model to keep its complexity manageable. Future research may explore other RA
design issues. First, with the emergence of new characteristics related to RAs’ input, process, and output design, the
impact of such characteristics on users’ decision-making
processes and outcomes, as well as on their evaluation of RAs
should be investigated. For instance, Jiang and Benbasat
(2005) have advocated the provision of virtual product
experience (VPE) to simulate direct experience. Enabled by
visual control (which enables online consumers to manipulate
product images, for example, to move, rotate, and magnify a
product’s image so as to view it from different angles and
distances) and functional control (which enables consumers
to sample the different functions of products) technologies,
VPE has been shown to increase consumers’ product understanding, brand attitude, purchase intention, and affect, as
well as to decrease their perceived risks (Griffith and Chen
2004; Jiang and Benbasat 2005; Li et al. 2003; Suh and Lee
2005). Jiang et al. (2005) have designed a “multimedia-based
interactive advisor” that integrates visual control and functional control with product recommendation technologies. It
will be interesting to explore whether such RAs can improve
users’ understanding of product features, promote their trust
in the RAs, and enhance their shopping enjoyment. Qiu
(2005) proposes the investigation of the potentials of enhancing users’ social experience from interacting with RAs,
with the help of emerging multimedia technologies, such as
animated face and speech output. Specifically, he aims to
explore how RAs’ multimedia and anthropomorphic interfaces shape and affect users’ perceptions of social presence,
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their trusting beliefs toward the RAs, and perceived
enjoyment from interacting with the agents.
Additionally, Brusilovsky and Tasso (2004) advocate the
abandonment of the typical “one-size-fits-all” approach by
providing better mechanisms for gathering users’ information
needs. Current RAs provide the same set of preferenceelicitation questions to all users, which results usually in an
extended list of questions intended to cover all of the
important aspects of products. However, not all aspects of a
given product conveyed by the questions are likely to be
important to all users; sets of questions of importance to users
of different gender, expertise, or goals are usually not uniform. For instance, according to a CNET report on the gender
gap in digital camera purchases,27 men and women are
different in their buying motivations and the features they
desire. It is important to investigate whether or not RAs that
are context-sensitive, customizing preference-elicitation questions according to users’ backgrounds, expertise, and current
goals, are more likely to be adopted for use.
Furthermore, previous studies on RAs have treated them as
stand-alone systems, independent of other functionalities provided by their hosting websites. Inasmuch as the ultimate
purpose of RAs is to facilitate consumers’ online shopping,
and considering that RAs are just one of the technologies
employed by websites to either provide more information to
customers or to try to convert browsers into buyers, it makes
sense to study RA effectiveness as part of an overall interactive online system. For instance, a “live help” function with
instant chatting and co-browsing capabilities (Qiu and Benbasat 2005; Zhu 2004) can be incorporated into RAs to enable
customer service representatives to help consumers answer
difficult preference-eliciting questions, to “push” pages
containing recommended products or detailed information
about those products to the customers (e.g., expert reviews or
other customers’ testimonies), or to direct customers through
the entire shopping process. Such RAs will have the potential
to assist customers in all six stages of online shopping
processes (needs identification, product brokering, merchant
brokering, negotiation, purchase and delivery, product
services, and product evaluation), as identified by Maes et al.
(1999), whereas currently available RAs focus primarily on
product brokering and merchant brokering. We believe that
this is an important area for future studies.
As indicated by the recent EBay acquisition of Shopping.com
(a successful comparison shopping website), recommendation
technologies are considered to be a valuable competitive

advantage to e-commerce leaders. By providing product
recommendations based on consumers’ preferences, RAs have
the potential to support and improve the quality of the
decisions consumers make when searching for and selecting
products online as well as to reduce the information overload
facing consumers and the complexity of online searches.
Despite such apparent advantages, RAs are currently used by
only 10 percent of online shoppers (Montgomery et al. 2004).
Based on a comprehensive review of empirical RA research
conducted in multiple disciplines, this paper organizes the
knowledge about the effective design and development of
RAs and provides advice to IS practitioners on how to
improve RA design, in addition to identifying those areas in
which research is needed to advance our understanding of RA
use and impact
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Appendix A
Summary of Empirical Studies
Aggarwal and Vaidyanathan (2003a)
Context
Independent Variables
Dependent Variables

Results

• Computer aided experiment with 109 student subjects
• Product type (search/experience)
• Recommendation development process (rule-based filtering vs. collaborative filtering)
Perceived agent effectiveness:
• Perceived quality of recommendations
• Satisfaction with the recommendations
• Intent to follow-up on a recommendation
• Agents were more effective for search goods than for experience goods.
• Rule-based filtering process was perceived to be more effective than collaborative-based filtering process.

Aggarwal and Vaidyanathan (2003b)
Context
Independent Variables
Dependent Variables
Results

•
•
•
•
•
•

A study with 42 subjects
Two preference elicitation tasks for refrigerators
Preference elicitation methods (conjoint based inference vs. self-explicated ratings)
Convergence of ratings
Inferred preferences varied significantly from stated inferences.
Implications: the two methods are not equivalent and using one method over the other may result in a recommendation that does not match the preferences of the consumer.

Aksoy and Bloom (2001)
Theory
Context

Independent Variables

Dependent Variables

Results

Theories of human decision-making
• RA embedded in a simulated fictitious online shopping site
• Lab experiment with 172 subjects
• A search and choice task for a cellular phone
• Degree of similarity between attribute weights used by the agent to generate the listing and the consumers’ own
weights
• Degree of similarity between the decision strategy used by the agent and the consumers’ own decision strategies
• Perceived utility
• Cognitive cost
• Amount of information searched
• Decision quality
• Attribute weight similarity was important in increasing perceived utility of using ordered listings, decreasing the
cognitive cost and amount of information searched, and improving decision quality.
• Subject’s perceptions of correspondences between the decision strategy used by an RA and the subject’s preferred
decision strategy moderated the effect of decision strategy similarity manipulations on the dependent variables.

Basartan (2001)
Theory
Context

Independent Variables
Dependent Variables
Results

186

Analytical model of consumer utility by Montgomery et al. (2001)
• Simulated shopbots
• Experiment with 190 student subjects
• The task was to complete an exercise to estimate utility models, shop at several shopbots, and evaluate preferences
for shopping at the presented shopbot or Amazon
• Number of alternatives displayed
• Response time
• User preference
• Shopper preference for shopbots declined with too many alternatives and long waiting times.
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Bechwati and Xia (2003)
Theory

Context

Independent Variables

Dependent Variables

Results

•
•
•
•
•
•

Effort-accuracy model
Equity theory
Expectation-performance paradigm
Electronic aid for job search
Two studies with 180 and 52 student subjects, respectively
In Study 1, subjects completed a paper and pencil task, responding to the questionnaire based on imagination of
a scenario described in a booklet
• In Study 2, subjects performed a simulated job search with a simple web-based decision aid
Study 1:
• Type of aid (no aid, human aid, electronic aid)
Study 2:
• Information about search progress
• Customization of results
Study 1:
• Perception of own effort
• Perception of aid’s effort
• Perception of effort saving
Study 2:
• Satisfaction with the process
• Perception of effort saving
• Study 1: Consumers believed that electronic decision aids saved them an equal level of effort. Consumers,
however, perceived electronic aids as exerting less effort than human aids.
• Study 2: Online shoppers’ satisfaction with decision process was positively associated with their perception of
the effort saved for them by electronic aids. Moreover, informing shoppers about search progress led to a higher
level of perceived saved effort and, consequently, satisfaction.

Bharati and Chaudhury (2004)
Theory
Context
Independent Variables

Dependent Variables

Results

IS success model
• A survey with 210 subjects
• Different web-based decision support systems
• System quality
• Information quality
• Information presentation
• Decision making satisfaction
" Decision confidence
" Decision effectiveness
• System quality and information quality were directly and positively correlated with decision-making satisfaction.
• The relative weight of information quality was higher than system quality.
• Presentation was not directly and positively correlated with decision-making satisfaction.

Cooke, Sujan, Sujan, and Weitz (2002)
Theory
Context

Independent Variables

Importance of context
• Three studies with 179, 118, and 65 student subjects respectively
• Simulated music CD shopping agents
• Subjects were asked to rate the agent as well as to indicate their likelihood of buying each of the unfamiliar CDs
• Number of recommended items
• Familiarity of the recommended items
• Preference (well-liked or moderately liked)
• Context
" recommendations
" Simultaneous condition
" Sequential condition
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Dependent Variables

Results

• Item-specific information
" With music clips
" Without music clips
• Similarity of information provided for the familiar and unfamiliar recommendations
" Endorsed by the same reviewer
" Endorsed by different reviewers
• Agent competence
• Agent usefulness
• Likelihood of buying the unfamiliar CDs
• Unfamiliar recommendations lowered agent evaluations.
• Additional recommendations of familiar products served as a context within which unfamiliar recommendations
were evaluated.
• When the presentation of the recommendations made unfamiliar and familiar products appear similar, evaluative
assimilation resulted.
• When additional information about the unfamiliar products was given, consumers distinguished them from the
familiar products, producing evaluative contrast.

Cosley, Lam, Albert, Konstan, and Riedl (2003)
Theory
Context

Independent Variables
Dependent Variables
Results

Literature on conformity and persuasive computing
• Three experiments with 536 users
• Movie-Lens movie recommender system
• Users were asked to rate a set of movies
• Types of rating scales
• Whether or not predictions are shown when users rate movies
• Accuracy of CF predictions
• Users’ ratings
• Users preferred finer-grained scales; however, granularity was not the only factor.
• Users rated fairly consistently across rating scales.
• The display of predicted ratings on unrated movies led users to rate in the direction of the prediction.
• Users could detect systems that manipulated predictions.

Dellaert and Haubl (2005)
Theory
Context

Independent Variables

Dependent Variables
Results

•
•
•
•
•
•
•
•
•
•
•
•
•
•
•
•
•
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Normative search theory
Research in behavioral decision making
Lab experiment with 455 subjects
RAs for compact stereo systems and home rentals
A preference-elicitation task followed by a product choice task
The availability of personalized product recommendations
Expected increase in utility that the consumer derives from looking at the next alternative in the recommendation
list
The standard error in the prediction of the expected utility of the next alternative in the list
Utility difference between current and most preferred prior alternative
Attribute-based difference between current and most preferred prior alternative
Utility difference between current alternative and the one inspected just prior to it
The probability of continuing to search
Currently most preferred alternative
Significant positive effect of the expected difference in utility between the next alternative in the personalized list
and the currently most preferred alternative on the probability of continuing to search.
Significant positive effect of the utility difference between the currently inspected product and the best previously
encountered one on the choice of the currently most preferred alternative.
Personalized product recommendations increased consumers’ tendency to rely on local utility comparisons in
deciding which alternative was their currently most preferred one.
Personalized product recommendations reduced consumers’ tendency to rely on a comparison of the utility of the
current alternative and that of the best previously inspected one in determining the currently most preferred
alternative.
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Diehl (2003)
Theory
Context

Independent Variables

Dependent Variables

Results

Research on consumer decision making
• Three lab experiments with 51, 47, and 100 subjects, respectively
• RAs for greeting cards and MP3 players
• All three experiments are based on principal-agent tasks. Subjects were asked to choose an alternative that would
be liked by a target customer
Experiment 1
• Search cost
• Type of recipient
Experiment 2
• Number of recommendations presented
• Type of recipient
Experiment 3
• Search costs
• Accuracy (high accuracy goal vs. low accuracy goal)
Experiment 1
• Amount of search
• Quality of consideration set
• Quality of the chosen card
• Selectivity
Experiment 2
• Amount of search
• Quality of consideration set
• Quality of the chosen card
• Selectivity
Experiment 3
• Amount of search
• Size of consideration set
• Quality of consideration set
• Quality of the chosen card
Experiment 1
• Lower search costs significantly increased the number of unique options searched, decreased the quality of the
consideration set, led to worse choices, and reduced selectivity.
Experiment 2
• Recommending more cards significantly increased the number of unique options searched, decreased the quality
of the consideration set, led to worse choices, and reduced selectivity.
Experiment 3
• The negative effects of lower search costs were heightened if consumers had a greater motivation to be accurate.

Diehl, Kornish, and Lynch (2003)
Theory
Context

Independent Variables

Research on search costs and price sensitivity
• Three lab experiments with 64, 43, and36 subjects, respectively
• RA for greeting cards
• Task was to choose greeting cards for two specifically described recipients
Experiment 1
• Type of search agent (ordered vs. random)
• Assortment size
• Order of recipient
Experiment 2
• Sequence of search
• Order of recipient
• Trial (1 vs. 2)
Experiment 3
• Relative importance of price in the reward function
• Type of search agent
• Order of search
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Dependent Variables

Results

Experiment 1
• Price of the chosen card
• Quality of the chosen card
Experiment 2
• Price of the chosen card
Experiment 3
• Price of the chosen card
• Quality of the chosen card
• With a good ordering agent, consumers had better decision quality and paid lower price when the underlying
assortment was larger.
• Consumers paid lower prices when recommendations were ordered than when they were not.
• Repeated use of the ordered search agent decreased prices more.
• Ordered search agent led to higher/lower prices being chosen when price was relatively less/more important.

Fasolo, McClelland, and Lange (2005)
Theory
Context

Independent Variables
Dependent Variables

Results

Effort-accuracy framework
• Web-based experiment with 60 subjects
• RA for digital cameras
• Task was to make four distinct choices, using four different decision sites
• Interattribute correlations
• Site design (Compensatory vs. noncompensatory)
• Clicks
" Total clicks
" Option clicks
" Attribute clicks
• Choice quality
• Satisfaction with the choices made
• Confidence in the choices made
• Difficulty of the choice tasks
• Ease of use of the decision site
• Satisfaction with the decision site used
• Site design influenced users’ choice behavior
" Compensatory site: more option clicks
" Noncompensatory site: more attribute clicks
• Interattribute correlation also affected choice behavior
" More total clicks when the correlation was negative than when it was positive
• The interaction between interattribute correlation and site design
" Compensatory site (Negative correlation: more option clicks)
" Noncompensatory site (Negative correlation: more attribute clicks)
• Site design and interattribute correlation affected users’ psychological perceptions
" More positive perceptions were associated with the compensatory site than with the noncompensatory site
" More positive perceptions were choices characterized by positive rather than negative interattribute correlations
" The real difference between the two designs emerged when attributes were negatively related
• Decision quality
" The compensatory site enabled more choices that were of high quality

Felix, Niederberger, Steiger, and Stolze (2001)
Context

Independent Variables
Dependent Variables
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• Digital camera RA
• Lab experiment with 20 subjects
• The task was to engage in two RA-assisted shopping sessions for digital cameras (one with the assistance of a
feature-based RA and the other with a needs-based RA)
• Type of RA (feature-based vs. needs-based)
• Order (which type of RA is used first)
• Preference for the RA
• Perceived suitability of the RA’s advice to product novices
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Results

• Most subjects recommended needs-based RAs for novices.
• No significant difference was found for user preferences between the two types of RAs.
• Self-reported preferences did not match the observations of the experimenter—some novices considered themselves
experts.

Gershoff and Mukhopadhyay (2003)
Theory

Context

Independent Variables

Dependent Variables

Results

•
•
•
•
•
•
•
•

Goal-based emotion
Social categorization
Anchoring and adjustment
Correspondence judgments
Extremity effect (negativity and positivity effects)
Agent: an internet-based movie critic (movie rating service)
Two lab experiments with 85 and 43 student subjects, respectively
The task was for the subjects to examine their own movie ratings with those provided by the online movie critic
and then evaluate the likelihood of accepting the agent’s advice
Study 1:
• Overall agreement (high/low)
• Extreme agreement (high/low)
Study 2:
• Extreme agreement (positive/negative)
• Advice valence (positive/negative)
Study 1:
• Likelihood of accepting the agent’s advice
Study 2:
• Acceptance of agent advice
• Confidence in agent advice
• Perceived similarity of attributes likes and dislikes
• Study 1: In addition to the overall agreement rate, consumers paid special attention to extreme opinion agreement
when assessing agent diagnosticity (i.e., extremity effect).
• Study 2: Positive extreme agreement was more influential than negative extreme agreement when advice valence
was positive, but the converse did not hold when advice valence was negative (i.e., positivity effect).

Haubl and Murray (2003)
Theory
Context

Independent Variables

Dependent Variables

Results

Constructive preferences
• Online attribute-based RA
• Lab experiment with 347 student subjects
• Three tasks: one agent assisted shopping task for backpacking tents and two paired choice tasks
• Attribute inclusion in RA calibration interface
• Inter-attribute correlation (negative, positive)
• Perceived rationale for attribute inclusion (strong, neutral, weak)
• Relative importance of the attributes (included in RA calibration) to the user when making decisions
• Amount of information searched
" Total amount of time spent searching
" Number of alternatives for which a detailed description is viewed
• The inclusion of an attribute in an RA rendered this attribute more important when consumers made product
choices.
• This preference-construction effect was moderated by the inter-attribute correlation and the perceived rationale
for the selective inclusion of attributes.
• This type of preference-construction effect persisted into subsequent choice tasks where no electronic decision aid
was present, and the extent of such persistence was greater if a stronger rationale for the selective inclusion of
attributes in an RA had been provided during an earlier shopping trip.

Haubl and Murray (2006)
Theory

• Effort/accuracy trade-off
• Constructive preferences
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Context

Independent Variables
Dependent Variables

Results

•
•
•
•
•

RA for notebooks
Lab experiment with 265 subjects
Eight repeated shopping trips
RA (with/without)
Decision effort
" Number of alternatives subjects looked at before making product choice across eight shopping trips
• Decision quality
" Subjective utility score of the chosen product
• The presence of personalized product recommendations reduced search effort.
• Using an RA dramatically increased subjects’ decision quality.

Haubl and Trifts (2000)
Theory

Context

Independent Variales

Dependent Variables

Results

•
•
•
•
•
•
•
•
•
•
•
•
•

Effort/accuracy trade-off
Strengths and weaknesses of human decision makers in information processing
Two stage process to decision making
Custom built product-brokering RA
Lab experiment with 249 student subjects
The task was to shop for a product in each of two categories—backpacking tents and compact stereo systems
RA (with/without)
Comparison matrix (with/without)
Product category
Product category order
Amount of product information searched
Size and quality of consideration set
Decision quality
" Whether non-dominated alternatives were selected
" Product switching
" Confidence in purchase decisions
• The use of RAs reduced search effort for product information, decreased the size but increased the quality of
consideration sets, and improved the quality of purchase decisions.
• The use of a comparison matrix (CM) led to a decrease in the size but an increase in the quality of consideration
sets, and it tended to have a favorable effect on objective decision quality.
• Product category and order did not have a moderating effect on the relationship between RA/CM and the dependent
variables.

Herlocker, Konstan, and Riedl (2000)
Theory
Context
Independent Variables
Dependent Variables

Results
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Theory of explanation
• MovieLens online movie RA
• Two studies with 78 and 210 subjects, respectively
• Different techniques of providing explanation
• Explanation facilities (with, without)
• How likely the users would go and see the movie.
• User acceptance of the collaborative filtering (CF) RA
• Filtering performance of user
• What models and techniques are effective in supporting explanation in an automated collaborative filtering (ACF)
system? (Study 1)
Big winners: histograms of neighbors’ ratings, past performance, similarity to other items in the user’s profile, and
favorite actor or actress.
• Can explanation facilities increase the acceptance of automated collaborative filtering systems? (Study 2)
Most users valued the explanations and would like to see them added to their ACF system.
• Can explanation facilities increase the filtering performance of ACF system users? (Study 2)
Unable to prove or disprove our hypothesis.
Users performed filtering based on many different channels of input.
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Hess, Fuller, and Mathew (2005)
Theory
Context

Independent Variables

Dependent Variables

Results

Effort-accuracy framework
• Lab experiment with 259 subjects
• Computer-based decision aid for apartments
• An apartment selection task
• Multimedia vividness (text only, text and voice, animation)
• Personality similarity (between user and decision aid)
• Gender
• Computer playfulness
• Involvement with decision aid
• Decision making outcomes
" Satisfaction
" Understanding
" Decision time
" Use of decision aid features
" Decision quality
• Computer playfulness increased user involvement.
• Women were more involved with the decision aid than men.
• When the personalities of the user and the decision aid were more similar (lower difference scores), users were
more involved with the decision aid.
• The vividness of the multimedia did significantly affect involvement, but not in the hypothesized direction. The
addition of animation appeared to reduce user involvement with the decision aid.
• Involvement positively affected user satisfaction and understanding with the decision aid.
• Users that were more involved with the decision aid also spent more time using the decision aid.
• Involvement did not significantly affect the number of decision aid features used or decision quality/accuracy.

Hostler, Yoon, and Guimaraes (2005)
Context

Independent Variables
Dependent Variables

Results

•
•
•
•
•

Lab experiment with 69 subjects
Shopbot for DVD
DVD shopping task
Use of shopbot
End-user performance
" Time spent
" Decision quality
" Confidence in the decision
" Cognitive effort
• Using the shopbot saved users time and increased their decision quality. There were no significant differences in
either the subjects’ decision confidence or their perception of the mental effort required to perform this particular
online shopping task.

Kamis and Davern (2004)
Theory
Context

Independent Variables
Dependent Variables

Results

•
•
•
•
•
•
•
•
•
•
•

Research in product category knowledge
TAM
Lab experiment with 66 subjects
Decision tools implementing different decision strategies for printers and computers
Shopping tasks for printers and computers
Product category knowledge
Perceived usefulness
Perceived ease of use
Decision confidence
Product category knowledge was negatively related to perceived ease of use and perceived usefulness.
Perceived usefulness was positively related to decision confidence.
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Komiak and Benbasat (2006)
Theory

Context

Independent Variables

Dependent Variables

Results

• Identification-based trust
• Unit-grouping-based trust
• Cognitive-emotional trust
• Lab experiment with 100 student subjects
• Two constraint-satisfaction online product brokering RAs
• Task was to shop for notebook computers, desktop computers, and/or digital cameras using an RA
• Perceived internalization
• Familiarity
Control variables:
• Control propensity
• Trust propensity
• Product experience
• Preference for decision quality vs. effort saving
• Cognitive trust:
" Competence
" Benevolence
" Integrity
• Emotional trust
• Intention to use an RA as a decision aid
• Intention to use an RA as a delegated agent
• Internalization increased cognitive trust and emotional trust in an RA.
• Familiarity increased cognitive trust in benevolence and integrity.
• Cognitive trust and emotional trust predicted intentions to use an RA as a decision aid.
• Emotional trust fully mediated the impact of cognitive trust on the intention to use an RA as a delegated agent .
• No significant differences between the groups in terms of four control variables.

Komiak, Wang, and Benbasat (2005)
Theory
Context

Independent Variables
Dependent Variables
Results

Trust formation
• An exploratory study with 44 subjects
• Virtual salesperson at RadioShack website
• Task was to compare the services of virtual salesperson and human salesperson
• Type of salesperson (virtual vs. human)
• Processes for trust and distrust formation
• Similar to trust in a human salesperson, trust in a virtual salesperson contained trust in competence, benevolence,
and integrity.
• The formation processes of trust in virtual salespersons, trust in human salespersons, distrust in virtual salespersons,
and distrust in human salespersons were different.

Kramer (2007)
Theory
Context

Independent Variables
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Constructed preferences
• Three lab experiments with 102, 123, and 164 subjects, respectively
• RA for digital cameras and PDA
• Tasks for all three experiments consisted of a preference measurement and a recommendation evaluation part
Experiment 1
• Task transparency
" Full-profile conjoint analysis
" Self-explicated approach
" Product expertise
Experiment 2
• Task transparency
• Offer timing (immediate vs. delayed)
• Recommendation content (higher-price/quality vs. lower-price/quality)
Experiment 3
• task transparency
• reminder of measured responses (absent vs. present)
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Dependent Variables

Results

Experiment 1
• Recommendation acceptance (the acceptance by users of the top-ranked digital camera)
Experiment 2
• Recommendation acceptance
• Likelihood of buying any one of the recommended PDAs
• Difficulty of choosing a PDA from the list of recommendations
Experiment 3
• Recommendation acceptance
Experiment 1
• Respondents were significantly more likely to accept a personalized recommendation when their preferences had
been measured using a more transparent task, i.e., self-explicated approach.
• Difference in recommendation acceptance occurred only for novices (i.e., those who did not own a digital camera).
Experiment 2
• Respondents were significantly more likely to choose the recommended PDA following the more transparent
measurement task.
• The effect was moderated by offer timing and recommendation content.
Experiment 3
• Significant transparency × reminder interaction.

McNee, Lam, Guetzlaff, Konstan, and Riedl (2003)
Context

Independent Variables

Dependent Variables
Results

•
•
•
•
•
•
•
•
•
•
•
•

Online experiment with 223 users
MovieLens: RA for movies
Task was to use MovieLens to perform movie selections
Presence of confidence display
Experience with MovieLens (New vs. experienced users)
Training vs. no training
User satisfaction
Perceived value of the confidence display
Adding a confidence display to an RA increased user satisfaction.
Adding a confidence display to an RA altered users’ behavior when engaging tasks with varying amounts of risks.
New and experienced users reacted differently to the addition of a confidence display.
Training had a profound impact on user satisfaction in a recommender system: providing training to new users
increased user satisfaction over just adding the confidence display to the system; providing training to experienced
users increased their usage of the confidence system, but decreased their overall satisfaction with the recommender.

McNee, Lam, Konstan, and Riedl (2003)
Context

Independent Variables

Dependent Variables
Results

•
•
•
•

•
•
•
•

•

Web-based experiment with 225 subjects
MovieLens: RA for movies
Preference elicitation task
Three types of RAs
" System-controlled
" User-controlled
" Mix-initiative: provides users with a choice of the system
User satisfaction
Quality of user models
User-controlled interface had the best model quality.
User-controlled interface had the highest user satisfaction.
" Users of user-controlled interface thought the system best understood their tastes.
" They also had the highest retention rate.
There was often a tradeoff between giving users control and increasing their effort.
" Users of user-controlled interface spent nearly twice as long as the other two groups in the signup process.
However, they did not feel that they were spending a long time in the signup process, because asking them to
recall titles created focus and engagement with the system.
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Moore and Punj (2001)
Context

Independent Variables

Dependent Variables

Results

•
•
•
•
•
•
•
•
•
•
•

Lab experiment
RA for apartment
An apartment search task
Environment (web vs. traditional print)
Time pressure
Number of alternatives
Amount of search
Satisfaction with search
Decision confidence
Amount of information search was higher in the traditional environment.
Amount of search was not shown to affect satisfaction.

Olson and Widing (2002)
Context

Independent Variables

•
•
•
•

Dependent Variables

•

•

•

Results

•
•
•
•

Two lab experiments with 59 and 70 subjects, respectively
Four different interactive decision aids for word processing programs
Choice task for word processing programs
Type of decision aids
" Alphabetical
" Discordant
" Equal weight
" Interactive linear weighted
Subjective reactions
" Decision accuracy
" Confusion experienced
" Frustration experienced
" Confidence in choice
" Format satisfaction
Time
" Perceived decision time
" Decision time
Decision quality
" Relative accuracy
" Discrete accuracy
" Switching
" Selection of dominated alternative
Interactive decision aid led to higher relative accuracy and discrete accuracy than did discordant one.
Interactive decision aid led to less switching than alphabetical and discordant ones.
Interactive decision aid led to higher perceived accuracy, confidence, satisfaction and less frustration, confusion,
perceived decision time than did alphabetical and discordant ones.
Interactive decision aid performed as well as the equal weighted one on both subjective and objective measures.

Pedersen (2000)
Theory
Context

Independent Variables
Dependent Variables
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Decision making model based on Solomon’s four-stage buying process
• Web-based experiment with 144 subjects
• A shopbot for selecting financial service providers
• Task consisted of choosing a financial service provider for a mortgage, a savings account, and a current account
for monthly average outstanding salary after tax
• Access to shopbot service
• Problem attention
• Problem complexity
• Search time
• Information sources
• Amount of information
• Internet search satisfaction
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Results

•
•
•
•
•
•
•

Consideration set size
Attributes evaluated
Attention to quantitative attributes
Quantitative criteria used in choice
Single quantitative criteria
Combined quantitative criterion
At the problem recognition stage, no differences in consumer buying behavior between shopbot users and nonusers
in terms of focused attention to choice problem and understanding of the complexity of choice problem.
• At the information search stage, there was strong evidence of differences in buying behavior. Shopbot users
" Spent less time searching for information.
" Reported a significantly larger number of information sources.
" Collected a greater amount of information.
" Were generally more satisfied with using the Internet as an information search medium.
• At the judgment stage, no differences in consumer buying behavior between shopbot users and nonusers in terms
of consideration set size, attributes evaluated, and attention to quantitative attributes.
• At choice stage, there was only partial and weak support for the hypotheses of differences.

Pereira (2000)
Theory
Context

Independent Variables

Dependent Variables

Results

Research in information filtering strategies
• Two lab experiments with 160 and 80 subjects, respectively
• A smart agent for cars
• Car choice tasks
Experiment 1
• Product knowledge
• Agent search strategy (elimination by aspect, weighted average, profile building, simple hypertext)
Experiment 2
• Product knowledge
• WAD vs. EBA
(the software application for the EBA and WAD search strategies was modified to increase the degree of control
provided to the user and to increase the amount of information provided to the user)
• Satisfaction with decision process
• Trust in the agent’s recommendations
• Confidence in the decision
• Propensity to purchase
• Perceived cost savings
• Cognitive decision effort
Experiment 1
• Subjects with high product class knowledge had more positive affective reactions to the agent in the WAD and
EBA conditions than in the profile building condition.
• Subjects with low product class knowledge had more positive affective reactions to the agent in the profile building
condition than in the EBA and WAD conditions.
Experiment 2
• Subjects responded more positively to the previously less preferred strategy, thus weakening the interaction effect.

Pereira (2001)
Theory
Context

Independent Variables
Dependent Variables

Effort-accuracy framework
• Lab experiment with 173 subjects
• A query-based decision aid for cars
• A choice task for cars
• Access to the query-based decision aid
• Confidence in the decision
• Satisfaction with the decision process
• Number of stages in the phased narrowing of the consideration set
• Decision quality
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Mediating variables
• Cognitive decision effort
• size of the consideration set
• similarity among the alternatives in the consideration set
• perceived cost savings
• QBDA had a significant impact on all the mediating and dependent variables (e.g. satisfaction, confidence, and
accuracy).

Results

Schafer, Konstan, and Riedl (2002)
Context

Independent Variables

Dependent Variables

Results

• Three web-based experiments with 50, 32, and 60 subjects, respectively
• A hybrid RA for movies: MetaLens
• Movie selection tasks
Experiment 1 and 2
• Formats for displaying recommendations (Default, All, Custom, Automatic)
Experiment 3
• Type of RA (meta-recommender vs. traditional recommenders)
Experiment 1 and 2
• Confidence in movie selection
• Helpfulness of recommendations
• Reliance on previous knowledge in making selections
Experiment 3
• Confidence in movie selection
• Reliance on previous knowledge in making selections
Experiment 1 and 2
• The All format that provided the most information was considered most helpful.
• As the amount of recommendation data increased, users found the All format less helpful and began to prefer the
Custom format.
Experiment 3
• A meta-recommender system was considered more helpful and generated more confidence from the users than
traditional recommender systems.

Senecal (2003)
Senecal and Nantel (2004)
Theory

Context

Independent Variables

Dependent Variables

Results
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Information influence
Human decision-making process
Discounting principle of attribution theory
• Online experiment with 488 subjects
• Custom-built RA embedded in three different types of websites
• Three different sampling frames: consumers, people interested in e-commerce, students
• Shop for two products: calculators, and wine
• Type of website (seller, 3rd party commercially linked to sellers, 3rd party not commercially linked to sellers)
• Type of recommendation source (No recommendation source, human experts, other consumers, recommender
system
• Degree of recommendation uniformity
• Product type (search, experience)
• Perceived risks (determined by product type, product class knowledge, product class familiarity)
• Recommendation source credibility (determined by type of website and type of recommendation source)
• Susceptibility to interpersonal influence
• Consultation or non-consultation of the product recommendation
• Influence of the recommendation source on consumers’ online product selections
• Product choice confidence
• Reason for product choice
• RAs were found to be the most influential recommendation source even if they were perceived as possessing less
expertise than human experts and as being less trustworthy than other consumers.
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• The type of website on which recommendation sources were used did not affect their perceived trustworthiness
as recommendation sources and did not influence consumers’ propensity to consult or follow the product recommendations.
• The type of product did not influence subjects’ propensity to consult a product recommendation; but for subjects
who did consult a product recommendation, the product type had an influence on their propensity to follow a
product recommendation. Recommendations for experience products were significantly more influential than for
search products.
• Online product recommendations significantly influenced subjects’ online product choices.
• Subjects who consulted and followed a product recommendation showed less confidence in their product choices
than subjects who did not consult the product recommendation and those who did consult the recommendation but
did not follow it.
• Subjects who were influenced by product recommendations tended to lessen the recommendation influence by
attributing their choice to various product attributes.

Sinha and Swearingen (2001)
Context

Independent Variables

Dependent Variables
Results

• Three-book RAs and three-movie RAs
• A user study with 19 student subjects
• The task was to test either three-book or three-movie systems as well as to evaluate recommendations made by
three friends
• Source of recommendation (friend vs. online RA)
• Item domain (books vs. movies)
• RA characteristics
• Quality of recommendation (good recommendations, useful recommendations, trust-generating recommendations)
• Overall satisfaction with recommendations and with online RA (usefulness and ease of use)
Results from both quantitative and qualitative analysis.
• Users found friends’ recommendations better and more useful; however, they also found items recommended by
online RAs useful; recommended items were often new and unexpected.
• Recommended items that had been previously liked by users played a unique role in establishing the credibility
of the RA.
• Increase in number of ratings (i.e., amount of user input) did not negatively affect ease of use.
• Users preferred continuous scale to binary choice scale to provide initial ratings.
• Detailed information about recommended items correlated positively with both the usefulness and ease of use of
RAs.
• Users liked easy ways to generate new recommendation sets.
• Interface (navigation and layout) mattered, mostly when it got in the way.

Sinha and Swearingen (2002)
Theory
Context

Independent Variables
Dependent Variables
Results

Literature on explanation (expert systems, search engines)
• A user study of 5 music RAs
• 12 student subjects
• The task was to rate 10 recommendations provided by the RAs
• Perceived transparency
• Liking of recommendations
• Confidence in recommendations
• In general, users liked and felt more confident in recommendations perceived as transparent.

Spiekermann (2001)
Theory
Context

Literature on information search
• A 3-D anthropomorphic advisor agent – Luci
• Two products: compact cameras and winter jackets
• An experiment with 206 subjects and a survey with 39 subjects
• The task for the experiment was to shop either for a winter jacket or for a compact camera at an online store
supported by Luci
• The task for the survey was to judge the 112 agent questions employed by Luci (56 questions per product)
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Independent Variables

Dependent Variables

Results

Experiment
• Product nature (search vs. experience)
• Purchase involvement
• Stage in the buying process
• Product class knowledge
• Perceived risk (functional, financial, social-psychological, delivery)
• Privacy concerns
• Flow
• Time cost of search
• Benefit of interaction
• Perceived uncertainty
Survey
• Perceived importance of information request
• Perceived legitimacy of information request
• Perceived difficulty of information request
Experiment
• Interaction with agent
• Manual information search
Both variables are measured on two dimensions: time and the number of page requests
Survey
• Private consumer information cost
Experiment
• Consumers preferred to manually control the search process if they perceived more risk..
• Product involvement positively affected both agent interaction and manual searches.
• Product class knowledge negatively influenced the perception of risk.
• More perceived product knowledge led to less interaction with an agent. However, the reduced level of interaction
with an agent may be attributable to the failure of Luci to satisfy the needs of highly knowledgeable customers.
• Higher perceived time cost led to less manual information searches.
• Expressed privacy concerns led to reduced levels of interaction with the agent.
• Unfavorable privacy settings induce a feeling of discomfort among some users which then led to less interaction
with agent.
• Customers associated different types of purchase risk with the products they sought.
• Higher levels of uncertainty in product judgment led to more manual searches and less interaction with an agent.
Survey
• Perceived legitimacy and difficulty of information request affected private consumer information cost.
• The legitimacy of agent questions was relatively stronger when driven by their perceived importance in the
purchase context.
• Users accepted personal questions as long as they relate to the product context.

Stolze and Nart (2004)
Context
Independent Variables
Dependent Variables
Results

•
•
•
•
•

A prototype RA for digital cameras
Comparative user tests with 8 subjects
Full system (needs-oriented plus feature-oriented) vs. Baseline system (feature-oriented only)
User preferences
Users preferred the full system to the baseline system.

Swaminathan (2003)
Theory
Context

Independent Variables
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Literature on information overload
• Web-based attribute-based RA
• Computer-based experiment with 100 subjects
• RA-assisted shopping task for backpacking tent and power toothbrush
• Subjects were given 2 weeks to complete the task
• RA (yes/no)
Moderating variables:
• Product complexity
• Category risk
• Category knowledge
• Category order
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Dependent Variables

Results

• Amount of searched
" The proportion of available alternatives for which detailed product information is viewed
• Decision quality
" Whether or not non-dominated alternative is purchased
• RA had a greater impact on decision quality under conditions of high category risk.
• RA had a greater impact on reducing the amount of search when the number of attributes used to describe a product
was fewer.

Swearingen and Sinha (2001)
Context

Independent Variables

Dependent Variables

Results

• Three book RAs and three movie RAs
• User study with 19 student subjects
• The task was to test either three-book or three-movie systems as well as to evaluate recommendations made by
three friends
• Source of recommendation (friend vs. online RA)
• Item domain (books vs. movies)
• RA characteristics
• Quality of recommendation (good recommendations, useful recommendations, trust-generating recommendations)
• Overall satisfaction with recommendations and with online RA (usefulness and ease of use)
• Time measures: time spent registering and receiving recommendations from the system
• From a user’s perspective, an effective RA inspired trust in the system; had system logic that was at least somewhat
transparent; pointed users towards new, not-yet-experienced items; provided details about recommended items,
including pictures and community ratings; and, finally, provided ways to refine recommendations by including or
excluding particular genres.
• Users expressed willingness to provide more input to the system in return for more effective recommendations.

Swearingen and Sinha (2002)
Context

Independent Variables

Dependent Variables

Results

• 11 online RAs
• Two user studies with a total of 32 student subjects
• The task was to interact with several RAs, provide input to the system, and evaluate 10 recommendations from
each system
System as a whole
• System transparency
• Familiar recommendations
Input:
• Type of rating process (open-ended, ratings on Likert Scale, binary liking, hybrid rating process)
• Amount of input (number of items to rate)
• Genre filtering (whether RA offers filter-like controls over genres)
Output:
• Ease of getting more recommendations
• Information about recommended items (basic item information, expert and community ratings, item sample)
• Navigational path to detailed information
• Liking
• Action towards item
• Usefulness
• Ease of use
• Preferred RA
• Trustworthiness
• From a user’s perspective, an effective RA inspired trust in the system; had system logic that was at least somewhat
transparent; pointed users towards new, not-yet-experienced items; provided ease of obtaining more recommendations; provided details about recommended items, including pictures and community ratings; and, finally,
provided ways to refine recommendations by including or excluding particular genres. Users expressed willingness
to provide more input to the system in return for more effective recommendations.
• Trust was affected by several aspects of the users’ interactions with the systems, in addition to the accuracy of the
recommendations themselves: transparency of system logic, familiarity of the items recommended, and the process
for receiving recommendations.
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Urban, Sultan, and Qualls (1999)
Theory
Context

Independent Variables

Dependent Variables

Results

Literature on trust
• A prototype virtual personal advisor for pickup truck purchasing
• A use study with 250 respondents (all of whom had purchased a truck in the last 18 months)
• The task was to evaluate the virtual personal advisor in terms of trust, quality of recommendations and willingness
to use and pay for the service
Types of systems:
• A virtual advisor-based Internet site – Truck Town
• An information intensive site with no advisor
• Traditional auto dealer system
Product knowledge
• Trust
• Quality of recommendations
• Willingness to use and pay for the service
• Overall preference
• The proposed virtual advisor-based site could build trust; most customers would consider buying a vehicle at this
site and would be willing to pay for the service.
• A combination of the advisor site and an information intensive site together dominated the existing auto dealer
system in terms of customer acceptance.
• The preference for the two Internet sites was equal, but analysis indicates segmentation in the site preferences.
Consumers who were not very knowledgeable about trucks, who visited more dealers, and who were younger and
more frequent Internet users had the highest preference for the virtual personal advisor.

van der Heijden and Sorensen (2002)
Theory
Context

Independent Variables
Dependent Variables
Results

•
•
•
•
•
•
•
•
•

Two-stage consumer decision process
An experiment at an artificial camera store with 86 subjects
A mobile decision aid for digital cameras
A camera selection task
Task complexity
Availability of the decision aid
Consideration set quality
Decision confidence
The availability of the decision aid
" increased the number of non-dominated alternatives in the users’ consideration set.
" increased users’ confidence in the final decision when the task complexity was high.
• There were no correlations between the three decision effectiveness measures
" users held opinions about accuracy which were decidedly unrelated to actual consideration set quality.

Vijayasarathy and Jones (2001)
Context

Independent Variables
Dependent Variables
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• A lab experiment with 124 subjects
• RA at MySimon.com
• Purchase simulation task for televisions
• Access to RA
Perceptions
• Convenience
• Ease of use
• Enjoyment
• Speed
• Helpfulness of comparisons
• Confidence in product selected
• Confidence in merchant selected
Search activities
• Search strategies
• Type of comparisons
• Time to complete task
• Number of vendor sites visited
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Results

• Those with decision aid perceive online shopping to be more convenient.
• Those with decision aid took less time to complete shopping task.
• Those with decision aid were less confident in their decisions.

Wang (2005)
Theory
Context

Independent Variables

Dependent Variables

Results

• Trust
• System restrictiveness
• Lab experiment with 156 student subjects
• Custom built RA for digital cameras
• Two tasks: select one digital camera with RA for a friend and another one for a relative
Agent types (decision strategy support)
• Additive compensatory agent
• Elimination by aspect agent
• Hybrid agent
Use of explanations
(with and without)
• Trust
• Perceived usefulness
• Perceived ease of use
• Intention to adopt RA
• Perceived cognitive effort
• Consideration set size
• Decision time
• Perceived agent restrictiveness
• Perceived agent transparency
• Explanation use exerted significant effects on perceived agent transparency.
• Decision strategy support had significant effects on perceived cognitive effort.
• Perceived strategy restrictiveness was negatively correlated with both trust and perceived usefulness.
• Perceived agent transparency was positively correlated with trust.
• Perceived cognitive effort was negatively correlated with perceived ease of use.
• There was an interaction effect between decision strategy support and explanation use—the benefits of hybrid
agents were achieved when explanations were provided.

Wang and Benbasat (2004a)
Theory
Context

Independent Variables

Dependent Variables

Results

• Trust
• Literature on explanation
• Lab experiment with 120 student subjects
• Custom built product-brokering RA based on content filtering
• Two tasks: select one digital camera with RA for a friend and another one for a relative
Type of explanation
• How explanation
• Why explanation
• Decisional guidance
Control variables:
• Trust propensity
• Product experience
• Effort/quality preference
Trusting beliefs
• Competence
• Benevolence
• Integrity
• How explanations affected users’ competence and benevolence beliefs.
• Why explanations affected users’ benevolence beliefs.
• Decisional guidance affected users’ integrity beliefs.
• Trust propensity affects users’ competence beliefs.
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Wang and Benbasat (2004b)
Theory
Context

Independent Variables

Dependent Variables

Results

• Theories of initial trust formation
• Lab experiment with 120 subjects
• Custom built RA for digital cameras
• Two tasks: choose a digital camera for a good friend and then select another camera for a close family member
• Subjects were asked to answer several essay questions to justify their trust level in the RA
Type of explanation
• How explanation
• Why explanation
• Decisional guidance
Trust in RA
• Competence
• Benevolence
• Integrity
• Different trusting beliefs existed in the initial stage of trust formation.
• Consumers formed different trusting beliefs in different ways.
• Consumers’ trust building and inhibiting processes co-existed in the initial formation stages.

Wang and Benbasat (2005)
Theory
Context

Independent Variables

Dependent Variables

Results

204

Integrated Trust-TAM model
• Lab experiment with 120 subjects
• Custom built RA for digital cameras
• Two tasks: select one digital camera for a friend and another for a close relative
Type of explanation
• How explanation
• Why explanation
• Decisional guidance
Trust in RA
• Competence
• Benevolence
• Integrity
• Perceived usefulness
• Perceived ease of use
• Intention to adopt RA
• Consumers’ initial trust and PU had a significant impact on their intentions to adopt RAs, while PEOU did not.
• Consumers’ initial trust and PEOU influenced their PU of the RAs significantly.
• PEOU also influenced consumers’ trust in RA significantly.
• The significant results regarding the impact of trust on PU and on intentions, as well as the impact of PEOU on
trust, confirmed the nomological validity of trust in online RAs.
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Appendix B
Theoretical Perspectives
Five theoretical perspectives are proposed to account for the phenomena concerning outcomes of RA use. These perspectives are used in the
“Propositions” section to to generate propositions that are evaluated in light of available empirical evidence. These propositions form the basis
for answering the research questions raised in the “Motivation, Scope, and Contribution” subsection, and for describing the connections among
the key constructs identified in Figure 1.
The following are the theoretical perspectives are utilized:
•
•
•
•
•

Theories of human information processing
Theory of interpersonal similarity
Theories of trust formation
Technology Acceptance Model (TAM)
Theories of satisfaction

A brief description of each theory follows.

Theories of Human Information Processing
An information processing approach to studying consumer choice is based on the observation that consumers have limited cognitive capacity
to process information (Payne 1982; Payne et al. 1988), which leads to bounded rationality, the notion that individuals seek to attain a
satisfactory, although not necessarily an optimal, level of achievement (Simon 1955).
The effort–accuracy framework epitomized by Payne et al. (1993) is based on the idea that, although consumers have a number of available
strategies in making choices, which strategy is ultimately chosen depends “on some compromise between the desire to make an accurate
decision and the desire to minimize cognitive effort. Since the accuracy and effort characteristics generally differ across strategies for a given
decision environment and across environments for a given strategy, strategy usage will vary depending on the properties of decision task”
(Bettman et al. 1998, p. 192). Therefore, a consumer’s decision-making process is seen as a trade-off between the accuracy of the decision
and the effort required to make the decision. There has been mixed evidence on whether the use of electronic decision aids results in better
decisions or simply reduces time and effort. For instance, a series of studies by Benbasat and Todd (1992, 1996) have demonstrated that
electronic decision aids are mainly used to conserve user effort, not necessarily leading to improved decision quality. Other research (Haubl
and Trifts 2000) has shown that electronic decision aids can have favorable effects on both decision quality and decision effort. Punj and Rapp
(2003) also suggest that the use of the aid may increase consumers’ cognitive capacity and help remove cognitive limitations. In line with the
theory of bounded rationality, as limitations are removed, increased effort will lead to better decisions.
Due to the limitation in information processing capacity, it is not feasible for consumers to always evaluate all available alternatives in detail
before making their decisions. Consequently, in order to reduce complexity, it is necessary for them to adopt a two-stage process to decision
making, including an initial screening of available alternatives followed by an in-depth comparison of selected alternatives, before making their
final decision (Payne 1982; Payne et al. 1988).
Furthermore, the theory of constructive preferences postulates that individuals often lack the requisite cognitive resources to form well-defined
preferences that are stable over time and invariant to the context in which decisions are made (Bettman et al. 1998). Instead, they often
construct preferences on the spot when prompted to make decisions (Haubl and Murray 2003). Since these preferences are constructed, rather
than absolute, they are sensitive to the characteristics of the decision environment.
While electronic shopping environments make it possible for consumers to access large amounts of product information, consumers still need
to process increasingly more information with the same limited processing capacity (West et al. 1999). One method of coping with information
overload is to filter and omit information (Farhoomand and Drury 2002; Senecal 2003). Another is to use decision support tools, such as RAs,
to perform resource-intensive information processing tasks, thus freeing up some of the human processing capacity for decision making (Haubl
and Trifts 2000).
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Theory of Interpersonal Similarity
Prior research in psychology, sociolinguistics, communication, business, and related fields has supported a positive similarity–attraction
relationship (Byrne and Griffitt 1969), which postulates that the greater degree of similarity between two parties (e.g., in behavior, communication style, attitude, personality, physical appearance, religion, status), the greater the attraction will be. Interpersonal similarity increases
the ease of communication between two individuals who are similar to each other, improves the predictability of the behavior exhibited by each
of them, and fosters relationships of trust and reciprocity among the parties (Levin et al. 2002; Zucker, 1986). Lichtenthal and Tellefsen (1999)
synthesize findings from past research in sales, marketing, and psychology, which indicate that buyers often judge their degree of similarity
with a salesperson in terms of observable characteristics (physical attributes and behavior) and internal characteristics (perceptions, attitudes,
and values). While internal similarity can increase a buyer’s willingness to trust a salesperson and follow his/her guidance, observable
similarity often exerts a negligible influence on buyer perceptions of a salesperson’s effectiveness.
In the same vein, Levin et al. (2002) define interpersonal similarity both in terms of demographics, such as race, gender, education, and age,
and in terms of cognitive processes, such as shared vision and shared language. They have found that, out of the three categories of variables
that affect interpersonal trust (attributes of the relationship between a knowledge seeker and a source of information, attributes of a knowledge
source, and attributes of a knowledge seeker), similarity in the cognitive processes between a knowledge seeker and a source of knowledge
has the most significant effect on trust building, whereas similarity in demographics has little or no effect.

Theories of Trust Formation
RAs are both trust objects and IT artifacts (Gefen et al. 2003). For RAs to be effective, consumers must have confidence in the RAs’ product
recommendations, as well as in the processes by which these recommendations are generated (Haubl and Murray 2003). Therefore, trust
remains a major issue for users of RAs. Furthermore, the relationship between RAs and their users can be described as an agency relationship.
By delegating the task of product screening and evaluation to an RA (i.e., the agent), a user assumes the role of a principal. Thus, as a result
of the information asymmetry underlying any agency relationship, users usually cannot tell whether or not RAs are capable of performing the
tasks delegated to them, and whether RAs work solely for the benefits of the users or the online store where they reside.
Prior trust research (Doney and Cannon 1997; McKnight et al. 1998) has identified many distinct trust formation processes, examples of which
include knowledge, cognition, calculation, transference, prediction, and goodwill. The present paper focuses on three major trust formation
processes, because they cover all of the processes identified in the empirical studies reviewed: knowledge-based processes, cognitive processes,
and transference.
Knowledge-based trust is developed over time as individuals accumulate knowledge that is relevant to trust through experiences with the object
of their trust (Luwicki and Bunker 1995; McKnight et al. 1998). Cognition-based trust is formed by two types of cognitive processes: (1) an
assessment of the trust object’s competence, benevolence, and integrity, and (2) a categorization process, which in turn comprises two subprocesses (McKnight et al. 1998)—unit-grouping (i.e., when an individual identifies a trust object in the same category as herself or himself)
and reputation categorization (i.e., an assignment of attributes to a trust object based on second-hand information). Trust can also be developed
through transference (Doney and Cannon 1997), that is, it can be transferred from one trusted source to the trust object.

Technology Acceptance Model (TAM)
An RA is essentially a sample of information technology. As such, user intentions to adopt RAs should be explicable in part by the technology
acceptance model (TAM), the parsimony and robustness of which have been demonstrated in numerous empirical studies in IS literature (see
Venkatesh et al. 2003). According to TAM, an intention to adopt a new technology is determined by the perceived usefulness (PU) of using
the technology and the perceived ease of use (PEOU) of the technology.

Theories of Satisfaction
The user satisfaction literature is one of the two dominant research streams (the other being the technology acceptance literature) investigating
perceptions of information system (IS) success (Wixom and Todd 2005). Despite a proliferation of theoretical and conceptual frameworks
related to user satisfaction with information systems, two particularly influential ones are the IS success model (DeLone and McLean 1992,
2003) and the expectation–disconfirmation paradigm (see McKinney et al. 2002).
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DeLone and McLean (1992) presented the IS success model and postulated that information quality (which measures semantic success) and
system quality (which measures technical success) are two key antecedents of user satisfaction. Many empirical undertakings have tested and
validated DeLone and McLean’s IS success model (see DeLone and McLean 2003). Whereas system quality was usually measured in terms
of ease of use, functionality, reliability, flexibility, data quality, portability, integration, and importance, information quality was generally
assessed in terms of accuracy, timeliness, completeness, relevance, and consistency. DeLone and McLean (2003) have updated their model
by adding service quality (usually measured in terms of the dimensions of tangibles, reliability, responsiveness, assurance, and empathy) to
information quality and system quality in their research model.
The expectancy–disconfirmation paradigm has been commonly used in academic marketing studies to measure customer satisfaction (see
McKinney et al. 2002). Based on this paradigm, customer satisfaction is determined by three primary factors: expectation, disconfirmation,
and perceived performance. Expectation is a customer’s “pretrial beliefs” about a product; it is often formed by the customer’s prior
experiences and his or her exposure to vendors’ marketing efforts. Perceived performance is a customer’s perceptions of how product
performance fulfills his or her needs and desires. Disconfirmation occurs when a customer’s evaluations of product performance are different
from his or her expectations about the product (McKinney et al. 2002; Olson and Dover 1979). Satisfaction is achieved when expectations are
fulfilled (confirmed). Negative disconfirmation of expectations will result in dissatisfaction, whereas positive disconfirmation will result in
enhanced satisfaction (Selnes 1998).

Appendix C
Propositions Answering Research Questions
1

How do RA use, RA characteristics, and other factors influence consumer decision-making processes and outcomes?
How does RA use influence consumer decision-making processes and outcomes?
P1:

RA use influences users’ decision effort.
P1a: RA use reduces the extent of product search by reducing the total size of alternative sets processed by the users as well as
the size of the search set, in-depth search set, and consideration set.
P1b: RA use reduces users’ decision time.
P1c: RA use increases the amount of user input.

P2:

RA use improves users’ decision quality.

1.1

How do the characteristics of RAs influence consumer decision-making processes and outcomes?
P3:

RA type influences users’ decision effort and decision quality.
P3a: Compared with pure content-filtering RAs or pure collaborative-filtering RAs, hybrid RAs lead to better decision quality and
higher decision effort (as indicated by amount of user input).
P3b: Compared with non-compensatory RAs, compensatory RAs lead to better decision quality and higher decision effort (as
indicated by amount of user input).
P3c: Compared with feature-based RAs, needs-based RAs lead to better decision quality.

P4:

The preference elicitation method influences users’ decision quality and decision effort. The explicit preference elicitation method
leads to better decision quality and higher decision effort (as indicated by amount of user input) than does the implicit preference
elicitation method.

P5:

Included product attribute influences users’ preference function and choice. Included product attributes (in RA’s preference elicitation
interface) are given more weight in the users’ preference function and considered more important by the users than those not
included. Product alternatives that are superior on the included product attributes are more likely to be chosen by users than are
products superior on the excluded product attributes.

P6:

Recommendation content influences users’ product evaluation and choice.
P6a: Recommendations provided by RAs influence users’ choice to the extent that products recommended RAs are more likely
to be chosen by users.
P6b: The display of utility scores or predicted ratings for recommended products influences users’ product evaluation and choice
to the extent that products with high utility scores or predicted ratings are evaluated more favorably and are more likely to be
chosen by users.

1.2
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P7:

Recommendation format influences users’ decision processes and decision outcomes.
P7a: Recommendation display method influences users’ decision strategies and decision quality to the extent that sorted
recommendation lists result in greater user reliance on heuristic decision strategies (when evaluating product alternatives)
and better decision quality.
P7b: The number of recommendations influences users’ decision effort and decision quality to the extent that presenting too many
recommendations increases users’ decision effort (in terms of decision time and extent of product search) and decreases
decision quality.

How do other factors (i.e., factors related to user, product, and user-RA interaction) moderate the effects of RA use and RA characteristics
on consumer decision-making processes and outcomes?

1.3

P8:

Product type moderates the effects of RA use on users’ choice. RA use influences the choice of users shopping for experience
products to a greater extent than that of those shopping for search products.

P9:

Product complexity moderates the effects of RA use on users’ decision quality and decision effort. The use of RAs for more complex
products leads to greater increase in decision quality and greater decrease in decision effort than for less complex products.

P10: Product complexity moderates the effect of included product attributes on users’ choice. The inclusion effect is stronger for products
with negative inter-attribute correlations (i.e., more complex products) than for those with positive inter-attribute correlations (i.e.,
less complex products).
P11: Product expertise moderates the effect of preference elicitation method on users’ decision quality. Preference elicitation method
has less effect on the decision quality of users with high product expertise than on the decision quality of those with low product
expertise.
P12: Perceived product risks moderate the effects of RA use on users’ decision quality and decision effort. When perceived product risks
are high, RA use leads to greater improvements in decision quality and reduction in decision effort than when perceived product
risks are low.
P13: User-RA similarity moderates the effects of RA use on users’ decision quality and decision effort. RA use leads to greater increase
in decision quality and greater decrease in decision effort when the RAs are similar to the users than when the RAs are not similar
to the users.

2
2.1

How do RA use, RA characteristics, and other factors influence users’ evaluations of RAs?
How does RA use influence users’ evaluations of RAs?
How do characteristics of RAs influence users’ evaluations of RAs?
P14: RA type influences users’ evaluations of RAs.
P14a: Compared with pure content-filtering or pure collaborative-filtering RAs, hybrid RAs lead to greater trust, perceived
usefulness, and satisfaction but to lower perceived ease of use.
P14b: Compared with non-compensatory RAs, compensatory RAs lead to greater trust, perceived usefulness, and satisfaction
but to lower perceived ease of use.
P15: The preference elicitation method influences users’ perceived ease of use of and satisfaction with the RAs. Compared to an explicit
preference elicitation method, an implicit preference elicitation method leads to greater perceived ease of use of and satisfaction
with the RAs.

2.2

P16: The ease of generating new or additional recommendations influences users’ perceived ease of use of and satisfaction with RAs.
The easier it is for the users to generate new or additional recommendations, the greater their perceived ease of use of and
satisfaction with the RAs.
P17: User control of interaction with RAs’ preference-elicitation interface influences users’ trust in, satisfaction with, and perceived
usefulness of the RAs. Increased user control leads to increased trust, satisfaction, and perception of usefulness.
P18: The provision of information about search progress, while users await results influences users’ satisfaction with RAs. Users who
are informed about RAs’ search progress (while waiting for recommendations) are more satisfied with the RAs.
P19: Response time influences users’ satisfaction with RAs. The longer the RAs’ response time, the lower the users’ satisfaction with
the RAs.
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P20: Recommendation content influences users’ evaluations of RAs.
P20a: Familiar recommendations increase users’ trust in the RAs.
P20b: The composition of the list of recommendations, as reflected by a balanced representation of familiar and unfamiliar (or new)
product recommendations, influences users’ trust in, perceived usefulness of, and satisfaction with RAs.
P20c: The provision of detailed information about recommended products increases users’ trust in, perceived usefulness of, and
satisfaction with RAs.
P20d: The provision of explanation on how the recommendations are generated increases users’ trust in and satisfaction with RAs.
P21: Recommendation format influences users’ perceived usefulness of, perceived ease of use of, and satisfaction with the RAs.
RAs with clear navigational path and layout are considered more useful, easier to use, and more satisfactory than those without.
How do other factors (i.e., factors related to user, product, and user-RA interaction) moderate the effects of RA use and RA characteristics
on users’ evaluations of RAs?
P22: Product type moderates the effects of RA use on users’ trust in and perceived usefulness of RAs. Users have higher trust in RAs
for experience products and higher perceived usefulness of RAs for search products.
P23: Product expertise moderates the effects of RA use on users’ evaluations of RAs (i.e., trust, perceived usefulness, perceived ease
of use, satisfaction). The higher the product expertise of the users, the less favorable the users’ evaluations of RAs.

2.3

P24: Product expertise moderates the effects of RA type on users’ evaluations of RAs (i.e., trust, perceived usefulness, perceived ease
of use, satisfaction). The higher the product expertise of the users, the more (less) favorable the users’ evaluations of feature-based
(needs-based) RAs. The higher the product expertise of the users, the more (less) favorable the user’s evaluations of contentfiltering (collaborative-filtering) RAs.
P25: User-RA similarity moderates the effects of RA use on users’ trust in, satisfaction with, and perceived usefulness of RAs. The more
the RAs are perceived to be similar to their users, the more they are considered to be trustworthy, satisfactory, and useful.
P26: User’s familiarity with RAs moderates the effects of RA use on trust in the RAs. Increased familiarity with RAs leads to increased
trust in the RAs.
P27: The confirmation/disconfirmation of expectations about RAs moderates the effects of RA use on users’ satisfaction with the RAs.
Confirmation or positive disconfirmation of users’ expectations about RAs contributes positively to users’ satisfaction with the RAs.
In contrast, negative disconfirmation of users’ expectations about RAs contributes negatively to users’ satisfaction with the RAs.
How does provider credibility influence user’s evaluations of RAs?

2.4

P28: Provider credibility, determined by the type of RA providers and the reputation of RA providers, influences users’ trust in RAs. RAs
provided by independent third party websites are considered more trustworthy than those provided by vendors’ websites. RAs
provided by reputable websites are considered more trustworthy than those provided by websites that are unknown or nonreputable.
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