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Abstract

Research has consistently shown that online word-of-mouth (WOM) plays an important
role in shaping customer attitudes and behaviors. Yet, despite their documented utility,
explicit user scores, such as star ratings have limitations in certain contexts. Automatic
sentiment analysis (SA), an analytics technique that assesses the “tone” of text, has been
proposed as a way to deal with these shortcomings. While extant research on SA has
focused on issues surrounding the design of algorithms and output accuracy, this
research-in-progress examines the behavioral and interface design issues in regards to
SA scores as perceived by their intended users. Specifically, in an online context, we
experimentally investigate the role of product (product category) and review
characteristics (review extremity) in influencing the perceived usefulness of SA scores.
Further, we investigate whether variations in how the SA scores are presented to the
user, and the nature of the scores themselves further affect user perceptions.

Keywords: Sentiment analysis, online search behavior, Web 2.0, text mining

Introduction

People’s decisions are influenced by others’ opinions (Keller and Staelin 1987; Mudambi and Schuff
2013). Research has consistently shown that word-of-mouth (WOM) plays an important role in shaping
consumer attitudes and behaviors (Buttle 1998; Chen and Xie 2008; Kumar and Benbasat 2006; Pavlou
and Dimoka 2006). Hence, providing customers with tools that quickly capture the general sentiment of
others' expressions, helps to reduce the effort in obtaining a critical input to the decision-making process.
This is especially important in online consumer contexts where WOM, which often takes the form of
product/service reviews, is considered an essential element of the online marketing mix (Chen and Xie
2008), as well as a significant input to the online purchasing decision-making process (Pavlou and
Dimoka 2006), and potentially a determinant of online sales (Chevalier and Mayzlin 2006).

In a recent six-month survey (Bulbul et al. 2014), 74% of respondents indicated that online WOM is a
major influencer when making purchase decision - surpassing the influence of store visits (69%) and
company websites (59%). Similarly, in their most recent annual “Global Trust in Advertising” survey,
Nielsen (2015) found that while the most credible source of product information remains to be friends
and family, 66% of respondents trust consumer opinions posted online, which a larger proportion than
those who trust traditional advertising. In another survey looking at how customers use online reviews to
make decisions regarding local businesses (BrightLocal 2015), 92% of customers indicated that they read
online reviews, and 80% trust them as much as personal recommendations. More than half stated that
they read more than 3 reviews before making a decision.

To reduce the complexity associated with sifting through the potentially hundreds of available reviews,
websites use review scores that are intended to provide an overall evaluation of the product/service across
a single, or multiple dimensions (Zhu and Zhang 2010). This approach, however, has a number of
shortcomings. Despite their documented utility, explicit user scores such as star ratings can have
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limitations in certain contexts. For example, more often than not, long reviews are accompanied by only a
single rating assigned (Lak and Turetken 2014). In such a case, the challenge is deciding which part of the
review the rating refers to, and what exactly to read. Meanwhile, many other useful sources such as blog
posts, news websites, and twitter, which contain relevant information and have been shown to be effective
mediums of WOM (Akehurst 2009; Chen, Fay, and Wang 2011), do not contain scores. This makes it
difficult to incorporate such valuable sources of information into the decision-making by a typical
consumer’s.

There are additional difficulties associated specifically with the way review scores are employed today.
First, these scores are only available if the online vendor allows for their inclusion when the customer
submits the review, and only when the customer chooses to provide them. Second, these scores are often
intended to capture ratings of functional aspects of the product/service, rather than qualitative
assessments such as customers’ attitudes and sentiments. Finally, it is difficult to integrate reviews from
different sources that may use different rating scales.

Automatic sentiment analysis (SA), an analytics technique that assesses the “tone” of text, has been
proposed as a way to deal with these shortcomings (Turetken and Olfman 2013). Through SA, sentiments
of individuals expressing their opinions can be quickly identified, hence lowering the need for labor
intensive manual analysis. In online contexts, SA has been used to mine user-generated content, such as
social networking posts (e.g., Mostafa 2013) and blogs and forums (e.g., Pang and Lee 2008; Ye et al.
2009); often producing results that are not significantly different from manually identified sentiments
(Jansen et al. 2009). Yet, a research gap that remains is whether SA scores have utility for decision-
making, and if so, how they should be structured and presented to improve the decision-making process
and outcomes.

To fill this research gap, we critically investigate SA effectiveness as a decision support tool. Specifically,
we attempt to answer the following research questions:

1) What is the role of review characteristics, such as their overall sentiment of (predominantly
positive or negative) in affecting the perceived utility of SA scores?

2) Do SA scores have varying utility for different product categories? If yes, in which product
contexts is the inclusion of SA scores most useful?

3) What are the most effective means of representing SA scores, both in terms of physical
representation and the number of dimensions?

To answer the first question, we examine whether varying the proportion of positive/negative reviews can
enhance/reduce the perceived usefulness of SA scores. To answer the second question, we examine
whether providing SA scores has equal utility for experience (e.g., restaurants) versus search (e.g.,
electronics) products. To answer the last question, we examine the representation of SA scores in different
forms such as stars, emoticons, and number scores, so we can evaluate the most effective means for
designing SA tools and their output. Furthermore, since sentiments are essentially the affective parts of
opinions, they rarely are fully captured by an overall unidimensional score (Kim and Hovy 2004). Hence,
we also investigate whether using SA scores that are multidimensional in nature increases their utility.

The answers to these questions have both theoretical and practical implications. First, this research will
help us understand how SA scores are perceived and processed by customers, and integrated into their
decision-making. Second, from a practical perspective, the proposed research offers actionable guidelines
on how SA scores can be integrated into web interfaces, and how they should be presented.

The remainder of this paper is organized as follows. The following section offers a review of the literature
on sentiment analysis, especially in consumer contexts. Section 3 presents the research model and
develops the hypotheses. The research method is described in section 4, which is followed by some
concluding remarks.

Literature Review: Sentiment Analysis

The new wave in Internet use, commonly referred to as Web 2.0 or the social web, revolutionized the way
people create, disseminate, and use information (Turetken and Olfman 2013). This ushers in a variety of
opportunities for people to engage in near-real time use and generation of information. Naturally, the
resulting amount of information is even larger than before; therefore the information overload problem

Thirty Seventh International Conference on Information Systems, Dublin 2016 2



Automated Sentiment Analysis as a Decision Aid

exists in a more severe form. In essence, the sheer amount of information that is available to users is
simply beyond their capabilities to process, i.e. filter, analyze, consume, and understand (Poston and
Speier 2005; Turetken and Sharda 2005). Despite technological and managerial advances to alleviate this
“mega-problem”, it is only getting more complicated manifesting itself in new domains, and with domain-
specific challenges and opportunities (Baek, Ahn, and Choi 2012; Park and Lee 2009; Zhu and Zhang
2010).

To deal with this information overload problem, some have proposed prototype systems, often using
clustering techniques, which expose users to larger and richer information collections while reducing the
potential for information overload (e.g., Bai 2011; Huang, Tu, Fu, and Amanzadeh 2013; Liu, Li, Zhou,
and Xiong 2011; Ye, Zhang, and Law 2009). Studies testing such systems found that the while strength of
people’s opinions can be changed by reading relevant the resultant information (Turetken and Sharda
2005), there is only a weak support for the effectiveness of clustering information content (Schuff,
Turetken, and Louis 2011).

Just as clustering provides cues into the content of a large collection of text by indicating semantic
similarities among various subsets of that content, sentiment analysis (SA) provides cues about the
“valance” or “tone” of text by identifying semantic patterns and classifying text based on those patterns. In
essence, SA algorithms use the frequency and positioning of sentiment words and their location in a piece
of text to determine the sentiment rating of that text (Dang, Yulei, and Chen 2010). Hence, through SA,
sentiments of individuals (content providers) expressing their opinions can quickly be identified, lowering
the need for labor intensive manual analysis.

SA technology is grounded in the fact that sentiment words and their respective polarity in sentences can
be identified with high accuracy, to around 82% (Hatzivassiloglou and McKeown 1997). SA systems vary
in their unit of analysis (sentence, paragraph, whole document, etc.) and the precision of their output
ranging from binary to completely analog values (Feldman 2013). SA is also influenced by the “target” of
the analysis (e.g., a product or an office candidate), the topic discussed, and the characteristics of the text
to be analyzed (Carvalho et al. 2011). While predominantly, the sentiments detected are expressed as a
one dimensional score (positive to negative), there have also been attempts to identify a variety of
sentiments such happy, fearful, disgusted, etc. typically using lexicon-based approaches (Liu, Lieberman,
and Selker 2003) with extensions such as fuzzy logic (Subasic and Huettner 2001).

The results of SA (typically aggregated over large collections) can be helpful to make better decisions in
significantly less time, by letting users more efficiently digest reviews and other relevant content (Huang
et al. 2013). In fact, some went as far as suggesting that SA can be applied in domains ranging from the
evaluation of consumer products, services, healthcare, and financial services to the analysis of social
events and political elections (Liu 2012). Liebmann et al. (2012) used SA to summarize unstructured e-
commerce data used by financial analysts and investors, and found that while SA results were helpful to
explain the behavior of both groups, the influence of SA was group-dependent. Others have used them to
mine web 2.0 content, such as tweets (e.g., Mostafa 2013) and blogs and forums (e.g., Pang and Lee 2008;
Ye et al. 2009). The findings suggest that, in general, SA output can be used as a reliable method in
analyzing attitudes towards products and global brands (Mostafa 2013). In Zhao et al. (2012),
categorization of tweets into the categories of “angry”, “disgusting”, “joyful” and “sad” led to the
identification of certain mood patterns and abnormal events according to those patterns.

This brief review reveals that other than a few studies (e.g. Liebmann et al. 2012; Zhao et al. 2012) the
major focus of SA research has been on algorithm development and testing (e.g. Dang, Yulei, and Chen
2010). These tests typically show high overall accuracy, but without deep analysis of where the
shortcomings of these algorithms are. More importantly, while SA has been hailed as a tool to assist
decision-makers, scant research has been conducted to examine its promised efficacy at doing so. In
contrast, for the most part, previous research has taken the value of SA for information users (consumers)
for granted. We believe this is a gap in the research on SA, because the way sentiments influence decision
makers is more nuanced (e.g. Pavlou and Dimoka 2006) than the way it has been treated in the literature.
As discussed in the next section, this research aims to address those shortcomings.
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Research Model and Hypotheses

Given the objectives of this research, we adopt a behavioral and an empirical approach, rather than a
design science one. Hence, we are more concerned with understanding, from the user’s perspective, the
impact of SA and its design on decision-making (a human-computer interaction view). We hence anchor
our theoretical framework in multidisciplinary theories, such as theories of information processing (e.g.,
Christensen-Szalanski 1980; Pirolli and Card 1999) and media richness (Dennis and Kinney 1998).
Collectively, these theories help us evaluate the potential effects of SA utilization in consumer contexts,
and guide our inquiry as to how SA outputs should be designed and represented. The latter goal of
understanding the role of design of a technology on perceptions and behavior of its users, has been argued
should be major focus of the field’s research (Benbasat and Barki 2007; Banbasat and Zmud 2003).

( Overall Review
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Product Category
(search, experience)
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Usefulness of SA
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Figure 1. Research Model

The research model is depicted in Figure 1. It focuses on the effectiveness of SA in supporting consumer
decisions, where a consumer is broadly defined as anyone who is interested in purchasing a product or
service. Specifically, we examine the effects of review characteristics and product category type (Nelson
1970) on consumer perceptions. Subsequently, we examine the role of different visual and qualitative
representations of SA scores on their utility.

Based on theories of information processing, specifically the accuracy-effort framework (Payne, Bettman,
and Johnson 1993), it is easy to see how SA scores can act as a signaling mechanism in so much as they
indicate the overall sentiment of another’s review without the need to read it. They, hence, allow
customers to reduce the amount of processing needed (effort) without sacrificing accuracy. This
proposition has received preliminary empirical support (Lak and Turetken 2014). Further to that, we
propose that the inclusion of SA scores has an additional important effect. Specifically, they amplify the
overall valence (positive, negative) of textual reviews by biasing customers to focus on extreme reviews.

Past research has shown that the nature of ratings, whether extreme or not, can play an important role in
determining customers’ perceptions of review usefulness (Mudambi and Schuff 2013), as do overly
positive and overly negative reviews (Schlosser 2011). Past research has also indicated that the variance of
ratings and their strength influence product sales (Chevalier and Mayzlin 2006; Clemons, Gao, and Hitt
2006). Specifically, the variance of ratings and the strength of the most positive quartile of reviews were
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found to play a significant role in determining which new products sales grow the fastest. Similar research
has also indicated that low-involvement consumers tend to conform to the perspective of negative reviews
regardless of their quality (Lee, Park, and Han 2008).

Guided by the information foraging theory (Pirolli and Card 1999), we propose that SA scores are
considered more useful when the overall sentiment of the reviews is positive/negative compared to when
they are neutral. Information foraging theory (Pirolli and Card 1999) argues that information seeking
behavior in humans is similar to food foraging behavior in animals. The theory assumes that individuals,
when possible, will modify their strategies of acquiring information, or the structure of the environment,
to maximize their rate of gaining valuable information. It argues that cues in the immediate environment
of information presentation will let out a scent about the nature of information. This scent will then direct
the user to choose and pursue that source of information, or ignore it for a more promising one. In the
context of this study, SA scores will act as the “scent”, directing customers’ focus to more extreme reviews,
and consequently, increasing the perceived utility of these scores.

Hi1: SA scores are perceived to be more useful when the overall sentiment of the reviews is overly
positive/negative compared to when they are neutral.

This study also investigates whether the type of product affects the perceived usefulness of SA scores.
Specifically, we examine whether SA scores when included as a part of reviews for search
products/services (for which characteristics are easily evaluated before purchase) are perceived to be
equally useful to when they are included as a part of reviews for experience ones (characteristics are
difficult to ascertain before purchase).

Past research has indicated that reviews are not equally influential in all product/service contexts (e.g.,
Bei, Chen, and Widdows 2004; Mudambi and Schuff 2013; Zhu and Zhang 2010). In general, reviews are
found to be more helpful when they concern an experience product/service than a search one (Bei et al.
2004). This can be attributed to the often sufficiency of retailer/manufacturer product information when
making decisions about search products, and therefore the need for consumer reviews is minimized.
Alternatively, experience products are hard to describe, and their quality is difficult to determine without
actual use (Nelson 1970). Hence, the need for first-hand experience communicated through reviews is
amplified (Bei et al. 2004).

Similarly, we propose that the type of product (search vs. experience) will influence customers’
evaluations of SA scores. As suggested by information forging theory, information seekers seek to
maximize the rate at which they gain valuable information (Pirolli and Card 1999). In the case of search
products, the information seeking returns are maximized by primarily focusing on official
retailer/manufacturer product information, since they are often complete, clear, and easy to find. In the
case of search products, first-hand experience can only be attained through consumer reviews, and since
the information seeker is seeking to maximize the rate of acquiring that information, he/she is more likely
to focus on SA scores and perceive them to be useful. Hence, we propose that the effects of SA scores is
diminished for search products, and amplified for experience products.

H2: SA scores are perceived to be more useful for experience products compared to search product.

Past research has also shown that product category type moderates the effects of review extremity on the
helpfulness of a review. For experience goods, reviews with extreme ratings are less helpful than reviews
with moderate ratings (Mudambi and Schuff 2013). Hence, in addition to its direct effects, we also
propose that product category type moderates the effects of overall review sentiment. Specifically, guided
by research that has shown that formal information resources, such as retailer/manufacturer websites, are
of equal importance to that of customer reviews when shopping for search products (Bei et al. 2004), we
expect that the previously discussed effect of overall review sentiment to be more pronounced in the case
of experience products compared to search ones. Again such an effect can be explained via information
forging theory (Pirolli and Card 1999), where users are expected to maximize the rate of gaining valuable
information by focusing on extreme reviews, especially in product contexts where first-hand user
experiences are more important.

H3: Product category moderates the effects of the overall sentiment of the reviews, where overly
positive/negative reviews will be perceived to be more useful for experience products compared to search
products.
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This study also investigates if the representation of SA scores and their qualitative nature affects their
utility. Specifically, first, we examine different forms for representing SA scores and measure their effects
on their perceived utility. Our investigation is guided by findings based on media richness theory (e.g.,
Dennis and Kinney 1998), which indicate that the form in which a message is encoded can have
significant effects on how it is perceived and processed. Of relevance is research suggesting that visual
cues, such as emoticons (representations of a facial expression) (Huang, Yen, and Zhang 2008), are best
suited to augment the meaning of textual messages (e.g., Walther 2006). Hence, we propose that the
format for representing SA scores has an impact on their perceived utility.

H4: SA score physical representation will affect perceptions of their perceived usefulness.

While displaying a single overall score can quickly assist the user in determining whether the review is
worthy of reading, representing SA scores as multidimensional based on the different sentiments included
in the review (and which the current SA technology can accomplish) is more informative. Particularly, it
aids the customer to efficiently understand the reasoning behind the negative/positive review, likely
without the need to read the review in detail. In other words, a single review can have multiple
dimensions, and each one of these dimensions can be assigned its own SA score (hence, resulting in
multiple sentiments for each review). Subsequently, such a multidimensional score will significantly
increase accuracy by allowing the customer to gain an understanding of the review’s essential elements,
without adding too much additional effort. Hence, we propose that offering a refined, and therefore, a
more informative SA score based on the different sentiments included in the review, will increase the
perceived utility of SA scores.

This view is consistent with research in psychology, which has suggested that human sentiments are
multidimensional. Examples include the five major sentiments that all humans express and understand,
namely happiness, sadness, anger, disgust, and fear. Moreover, it has been shown that the effects of these
sentiments are similar regardless of culture (Ekman 1992). Such sentiments can guide human behavior,
even though different sentiments with opposite valence could have similar consequences (e.g., both
happiness and anger increase confidence, feeling of power, and decreases sensitivity to risk; Lerner and
Tiedens 2006), and therefore can lead to similar behaviors (e.g., aggressive pricing of a product). As
mentioned earlier, in recent research (Zhao, Dong, Wu, and Xu 2012), categorization of tweets into
“angry”, “disgusting”, “joyful” and “sad” led to the identification of certain mood patterns and abnormal
events according to those patterns. We hence propose that multidimensional scores will affect customers
more profoundly, and hence, perceived to be more useful.

Hjs: Multidimensional SA scores are perceived to be more useful.

Method

A mixed factorial experimental design with 3 (review sentiment: positive, neutral, negative) x 2 (product
category: experience or search) x 3 (SA score representation: star rating, numbered score, emoticons) x 2
(SA score dimensionality: single score or multidimensional score) conditions will be used to test the
research model. Review sentiment will be the within-subjects factor. Participants will be randomly
assigned to the experimental groups.

Experimental Task

Prior to starting the shopping task, participants will receive a training session, during which they will
familiarize themselves with the experimental interface and the tools available on the website. Participants
will be given the task of browsing three websites that sell laptop computers (for search products) or travel
packages (for experience products) and indicate their top three product choices. Additional product
categories may be identified in our pilot tests for increased generalizability. Three website are used to
manipulate the within-subjects factor.

To control for differences in subjects’ preferences, all subjects will be told that they are shopping for a
fictional friend. The laptop needs and the general vacation preferences of this fictional friend will be
presented to subjects so they can read them before starting the shopping task. This approach has been
successfully used in prior similar studies (e.g., Al-Natour, Benbasat, and Cenfetelli 2011). To increase
participants’ motivation, and enhance the need to look carefully at product reviews, participants will be
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informed that a number of performance-based cash prizes will be distributed. These will be adjudicated
by a panel of judges based on the subjects’ written justification of their product choices; which they will
submit at the end of the task.

The experimental websites will be identical except in relation to the manipulated factors. All product
information and product reviews will be real. This can be accomplished by creating affiliate websites that
stream actual data from real websites. Specifically, for search products, and through functionality offered
by Amazon Web Services, we will create our own store that features Amazon products of our choosing. We
further can limit the number of available products and whether and how the search results, and product
and review information, are displayed. For the experience product, a similar type of an affiliate website
that uses the Kayak hotel and vacation search engine will be created (the Kayak search engine is used by
many travel websites).

Upon completing the shopping task, all participants will be asked to complete an online questionnaire
using Qualtrics that measures the variables (e.g., perceived usefulness) with instruments adapted from
the literature. The questionnaire will also collect background data (e.g., online purchase experience,
disposition to trust online reviews, domain expertise ... etc.), which will be used as control variables and to
ensure that there are no difference amongst the groups.

Treatment Groups

To manipulate the first factor concerning the overall sentiment of reviews, we will increase the proportion
of the included reviews that are positive in nature (i.e., receiving a score of more than 3 out of 5) for the
overall positive sentiment condition, and the reviews that are generally negative in nature (receiving a
score of less than 3) for the negative. Alternatively, for the neutral condition, the included reviews will be
chosen randomly.

Product category will be manipulated via the type of product the participants are tasked to shop for. The
two products, namely laptops and travel packages were chosen as they have been used in prior research to
represent search and experience products respectively (e.g., Al-Natour, Benbasat, and Cenfetelli 2008; Bei
et al. 2004). Furthermore, both products are relatively expensive and of equivalent value, ensuring a high
level of involvement on the part of the participants. Finally, both products are consistently ranked as top-
selling product categories online (eMarketer 2014).

SA Score Representation is manipulated by representing SA scores in three different ways: 1) star ratings,
2) numbered scores, and 3) emoticons. To ensure that the representations are equivalent, the number and
the star ratings will be on a scale of 1 to 5, or 1 star to 5 stars, respectively. To manipulate the last factor
(score dimensionality), participants will either see a multidimensional sentiment score (the dimensions
will depend on the product category) or a unidimensional score. Table 1 depicts some examples of
different types of rating scores currently used by large e-commerce companies.

Sample

All participants will complete the task online, and will be recruited through a marketing panel company
(to enhance the results’ generalizability). Email invitations will be sent to participants with instructions on
how to complete the task and links to the fictional websites. They will be provided an honorarium for their
participation, in addition to the performance-based cash prizes that will distributed.

Three hundred and sixty participants will be recruited for this study (20 per cell). This will result in power
values of 97.9 for the interaction effects, and 99.2 for the main effects, assuming an effect size of 0.25.

The effects of the experimental factors will be tested through ANOVA (ANCOVA will be performed to test
for the effects of the control variables). To test for the moderation effects, we will analyze the relevant two
way interactions (e.g., the interaction between overall review sentiment and product category to test H3).

Thirty Seventh International Conference on Information Systems, Dublin 2016 7



Automated Sentiment Analysis as a Decision Aid

Table 1. Sample SA Scores

Type of SA Score Possible Representation

Start Rati —
tart Rating OG0 252016

Source: Yelp.com

RATED

Source: Zomato.com

Number Rating

Emoticon Rating

< P
= 22 GEe -
v ¢ ~ =
Source: Facebook.com
Multiple Dimensions SA Score p
P . . Rating summary Food ©@@®OO
(note: the dimensions do not
represent sentiments as intended Service 000,00
for this study)
Value 0,000.@,
Atmosphere 00000
Source: TripAdvisor.com
Pilot Testing

A number of pilot tests will be conducted. One pilot study will test whether a basic SA system
(unidimensional number-based representation) is perceived to be more useful than the traditional star-
based review systems currently available online. Based on the results from the first pilot study, we will
conduct a second pilot study to pre-test the instrument and the three proposed representations. In
regards to the latter, we seek to find whether all three representations convey equivalent amounts of
information. Based on the results of the pilot studies, modifications to the experimental design maybe
required.

Concluding Remarks

This research in progress investigates the effects of SA scores for varying types of products, reviews, and
score designs. In contrast to extant research on SA that has primarily adopted a design science approach,
this research focuses on behavioral and HCI issues to understand the determinants of SA score utility, and
the product and review context in which they are most useful. The potential applications of SA tools are
plentiful. Yet, to rise to their potential, the output of these tools should be effectively-designed, and they
should be applied in the correct contexts.

To answer the three research question posed, this paper proposes an experiment that examines whether
varying the proportion of positive/negative reviews affects the perceived utility of SA scores. To
investigate the role of context, we study products of various types. To understand the effects of their
design on their perceived utility, we examine multiple forms of representing SA scores, and compare
unidimensional and multidimensional ones.

The research in progress has the potential to make both theoretical and practical contributions. First, this
research can help us understand how customers use SA scores, and the effects of these on their decision-
making. Specifically, this study can allow a better understanding of how SA scores are incorporated into
the decision-making process, and used by consumers in a variety of contexts. It also has the potential to
add to our understanding of how online users process visual and textual cues and content, and evaluate
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multidimensional evaluative information. In a broader sense, it can enhance our understanding of
information-seeking behavior online.

From a practical perspective, the research can offer website designers insights into how to develop SA
tools to increase their utility. Specifically, it can offer guidelines regarding their representation, their
nature, and contexts in which they can be most useful. While this study will be conducted in a commercial
setting, our findings should apply to information users and service providers beyond consumers and
businesses. For example, voters, policy makers, public administrators, and non-profit organizations are
potential beneficiaries of this research program.
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