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1. Introduction
An important use of the Internet today is in providing a platform for consumers to
disseminate information about products they transact with as well as about themselves. Indeed,
through the use of Web 2.0 tools like blogs and opinion forums, a large amount of content is
being generated by users in the online world. Consequently, we have seen online markets develop
into social shopping channels, and facilitate the creation of online communities and social
networks. Firms are also using technology mediated spaces to reveal information about their
buyers. The increasing avenues for online content creation have changed the fundamental nature
of information in terms of volume, availability and importance. A lot of that publicly available
content has concrete economic value that is often embedded in it. To date, businesses,
government organizations and customers have not fully incorporated such information in their
decision making and policy formulation processes, either because the value of the intellectual
capital, or appropriate methods for measuring that value have not been identified. This book
chapter is a call for research that aims to measure the economic value of various kinds of usergenerated and firm-published content on the web.
As an example, a vital piece of socio-cultural information that is increasingly being
published on the web is the geographical location of market participants and members of virtual
communities. The availability of users’ location information, either disclosed by users themselves
or published by firms, opens up a plethora of opportunities for research examining how
geographical location shapes consumer search and purchase behavior on the Internet. As another
example of increasingly ubiquitous user-generated social information, members who use
electronic markets as a forum for social interaction, reveal a lot of personal information
describing themselves. The availability of this self-descriptive information generated by users in
an online community can enable researchers to examine how economic exchanges in the online
world are being influenced by social exchanges between various entities.
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While the above instances are about the availability of users’ personal information, there
are more detailed forums that provide information about users’ actual experiences with sellers or
with products in rich textual format. For example, when buyers cannot deterministically assess
the quality of a seller’s fulfillment characteristics ex-ante in an electronic market, the textual
feedback posted by buyers describing their transaction experience can influence other buyers’
purchase decisions, and thus affect sellers’ future performances. Similarly, based on the rich
theoretical literature that suggests that consumer generated word of mouth influences product
sales, we can hypothesize that textual content of user-generated reviews are also likely to
influence sales. Most studies of reputation systems or online reviews so far have used only
numeric information about sellers or products to examine their economic impact. The
understanding that “text matters” has not been fully realized in electronic markets or in online
communities. Insights derived from text mining of user-generated feedback can thus provide
substantial benefits to businesses looking for competitive advantages.
At the same time, excessive content in the online world can cause information overload
amongst individuals resulting in various cognitive costs incurred by users. These humancomputer interaction costs include for example, search costs incurred by consumers for locating
the right information, cognitive costs of processing textual information prior to making purchase
decisions, and decision-making or menu costs incurred by managers for adjusting price
information. These costs arise due to delays in information diffusion and are brought about by
bounded rationality (limited ability to process complex information) of humans. To date,
businesses have generally formulated strategies in the online world without factoring such costs.
Hence, such policies can be sub-optimal. This calls attention for the need to identify and measure
these costs in order to formulate optimal pricing policies.
The overarching theme across the above phenomena is that much of this user-generated
and firm-published online information has an economic value that can be measured, monetized
and intelligently utilized in formulating business strategies. Extracting this economic value from
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publicly available online content and leveraging it has become increasingly important for all
participants in a competitive market. To identify the economic value of online content, we need to
examine three related questions: (i) how does the Internet influence consumers' informationseeking and purchase behavior by providing newer distribution channels, newer forms of online
advertising, and unique community forums for social exchanges; (ii) what is the economic value
of user-generated content in Internet-mediated spaces such as reputation systems, review forums,
and social networking sites, and (iii) how do users’ information search and processing costs affect
firms' pricing strategies in offline and online markets. Answering these questions requires an
inter-disciplinary approach that builds upon theories and tools from multiple fields such as
computer science, economics, information systems, machine learning, marketing, social
psychology, and statistics to measure how various categories of content on the Internet influence
exchanges between participants in digital markets and online communities.
Sections 2-5 constitute the main body of the paper. Section 2 discusses the opportunities
in measuring the economic value information on consumers’ information-seeking and purchase
behavior in electronic markets. This kind of information is embedded in both user-generated and
firm-published content. Section 3 discusses the economic value of user-generated textual
feedback that is ubiquitous on the Internet such as in reputation systems in electronic markets,
product reviews in online communities, product descriptions in used-good markets, and social
networking sites. We also discuss some methodologies that could be used to estimate that value.
Section 4 analyzes the economic cost of information consumption such as search costs of finding
information and the costs of processing textual information incurred by consumers, as well as
costs of adjusting product information on electronic markets incurred by firms. It also discusses
the impact of search costs and menu costs on the emerging Long Tail phenomenon. In each of
these sections, we describe some research opportunities that can build on current work. Section 5
concludes.
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2. Consumers’ Information-Seeking and Purchase Behavior
The Internet has been thought of as a technological advancement that removes the
disparities between underserved communities and the rest of the country. However, we have little
understanding of whether the benefits of the online channel (due to increased convenience, wider
selection, and lower prices) are influenced by the concentration of offline retailers that vary
across geographical locations. Similarly, knowledge about how different kinds of online
advertising affect consumers’ search and purchase behavior is still in its infancy. The emergence
of natural and sponsored search keyword advertising is intrinsically related to user-generated
queries on search engines. By examining how keyword attributes and user-level demographics
affect user search and purchases, one can estimate the business value of search engine
advertising. Finally, by exploring the behavior of members in online virtual communities, future
research can potentially examine the dynamic interplay between social and economic exchanges
on the Internet. The research opportunities described in this section are based on the notion that
an analysis of content that specifies social information of users can increase our understanding of
the factors that drive consumer usage of online channels.

2.1 Geographical Location and Online Purchase Behavior
Despite a wealth of research on electronic commerce, very little work has measured how
geographical location shapes consumer buying behavior in electronic markets. Do consumers in
different locations derive different benefits from using the Internet in terms of selection,
convenience and price? Prior studies in this domain have examined substitution between online
and offline channels analytically (for example, Balasubramanian 1998, Ghose, Mukhopadhyay
and Rajan 2007), and empirically (for e.g., Goolsbee and Brown 2003, Ellison and Ellison 2006,
Prince 2006). Since prior work has focused on price differences across channels, future research
can examine how changes in offline shopping convenience and product assortments can influence
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online purchasing behavior. By combining online purchase data with offline data on
demographics and availability of local retail channels, one can address an important problem that
has been inadequately addressed in statistical e-commerce research: how and why consumers
substitute between online and offline channels.
Recent research that analyze this question include Forman, Ghose and Goldfarb (2007)
who use data from the web pages on “Purchase Circles” on Amazon where Amazon publishes the
geographical locations of its buyers. Purchase Circles are specialized best-seller lists that denote
the top-selling books, music, and DVDs across large and small towns throughout the US. The
Purchase Circles are organized in multiple layers - first, by state and then within a state, by town
and by county. Forman, Ghose and Goldfarb (2007) match this online data on local demand with
that on store openings and closings of major offline competitors of Amazon that include discount
stores such as Walmart, Target, and large specialty stores such as Barnes & Noble and Borders in
order to study how geographic variations in offline selection, convenience and price influence
online product purchases. Their findings confirm that consumers do derive considerable benefits
from convenience and price. Evidence for selection is demonstrated only for University towns
and larger cities. Their results provide empirical support for the assumptions of a widely used
framework in models of spatial differentiation that include a direct channel (Balasubramanian
1998). They find that variables and parameters in these models such as offline transportation cost,
online shopping disutility cost, market coverage, and the prices of online and offline retailers
interact to determine consumers channel choice in a way that is consistent with these models.
Moreover, their results are suggestive about the relative magnitudes of some of these parameters,
showing that online disutility costs can be significant, even for products such as books for which
non-digital attributes are relatively unimportant. By looking at how consumers use online
channels to compensate for offline retail supply deficiencies, their research contributes to the
marketing literature that uses spatial data to capture variations in supply-side and demand-side
factors—such as local consumer preferences (Jank and Kannan 2006).
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Future analytical modeling research can use the findings of this research. In particular,
the results from Forman, Ghose and Goldfarb (2007) suggest the usefulness of incorporating the
effect of varying offline transportation costs in making optimal product assortment decisions for
commodity products in local as well as online stores, and incorporating the effect of product
popularity in modeling the impact of product returns on retailers’ pricing decisions since the cost
of returns to retailers and to consumers are likely to vary by product popularity and distance to
stores, respectively.
Further research is needed in this domain to increase our understanding of how
geography influences the benefits consumers derive from the Internet. To do so, one needs to
look at more disaggregated data such as how individual consumer transactions vary across
locations. This can highlight how offline geographical distance between buyers and sellers affects
their propensity to transact with each other in online markets. Data on demographic
characteristics can be obtained from the Bureau of Labor Statistics (BLS), and matched with the
transaction level data. For example, data on population size by county or Metropolitan Statistical
Area (MSA) are provided annually by the Census, while demographic data are available at
various levels of aggregation in the decennial Census. This can shed further light on how
demographic factors contribute to differences in online purchase behavior (Scott-Morton,
Zettelmeyer and Risso 2006). Such research will contribute to the literature on the potential of the
Internet to reduce the costs associated with distance (Forman et al. 2004, Sinai and Waldfogel
2004) and increase consumer welfare (Brynjolfsson, Smith, and Hu 2003, Bapna, Jank and
Shmueli 2006, Ghose, Smith, and Telang 2006).

2.2 Web Search, Online Search Advertising and Social Networks
There exists a vast body of literature that has used click-stream data to study consumer
behavior in the online world (Bucklin et al. 2002). Similarly, there has been an emerging body of
literature that has studied incentive mechanisms and auction strategies in key word search
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auctions using game theory and computational methods. However, there exists a lot of potential
for research that skates the boundaries of these two streams. Specifically, one can investigate the
correlation between Internet search queries, the associated click-through rates and online sales for
different time periods, different categories of products and more importantly for consumers in
different locations. A more rigorous analysis would involve building predictive econometric
models that will take the research one step towards identifying causality between these
phenomena.
The data that are needed for these kinds of studies can be obtained from firms that
advertise on search engines such as Google, MSN or Yahoo. An ideal dataset would consist of
search queries sampled over several weeks, bid prices and per-query search result click-through
rates with product and consumer demographic information. In any economic model required for
this study, one needs to incorporate the fact that consumers face decisions at two levels – first,
when they receive the results of a search engine query, they make a decision whether or not to
click on it; two, if they click on a result that is displayed, they can take any one of the following
actions–take no action, make a click-through (without making a purchase) or make a purchase.
Research in this domain can use a Hierarchical Bayesian modeling framework and estimate the
model using Markov Chain Monte Carlo (MCMC) methods (Rossi and Allenby 2003).
Ghose and Yang (2007) provide a first step in this direction. Using a unique panel dataset
of several hundred keywords collected from a large nationwide retailer that advertises on Google,
they empirically model the relationship between different metrics such as click-through rates,
conversion rates, bid prices and keyword ranks. They estimate the impact of keyword attributes
on consumer search and purchase behavior as well as on firms’ decision-making behavior on bid
prices and ranks. They find that the presence of retailer-specific and brand-specific information in
the keyword increases click-through rates and conversion rates. Moreover, their analysis provides
some evidence that advertisers are not bidding optimally with respect to maximizing the profits.
They also demonstrate that as suggested by anecdotal evidence, search engines like Google factor

Wiley STM / Editor: Book Title,
Chapter ?? / Authors?? / filename: ch??.doc

page 9

in both the auction bid price as well as prior click-through rates before allotting a final rank to an
advertisement. Finally, they conduct a detailed analysis with product level variables to explore
the extent of cross-selling opportunities across different categories from a given keyword
advertisement.
Additionally, if one were to have access to historical data on online sales for a variety of
goods, one would be able to design predictive models by merging pricing and sales data at
electronic retailers with the Internet search behavior data. Estimation can be challenging in this
area because of data sparsity issues and rarity of clicks. Machine learning and statistical
techniques that predict imbalanced or rare responses by sampling the majority class to reduce
imbalances can be useful in this context (Chawla et al. 2003, King and Zeng 2001). This research
can be extended to investigate how consumers’ physical distance from retailers influences their
online search and click-through behavior on search engines. The additional data needed for this
analysis are the locations of the originating search which is available from advertisers. Future
research in this domain can incorporate user’s geographical locations to help identify how online
advertisements should be customized and targeted across locations. In the business world, this
kind of research would be of interest not just to advertisers but also to search engine marketing
(SEM) firms.
Another interesting research direction would be to examine the relationship between the
textual content in search queries, and economic variables such as bid prices in keyword auctions,
bid slots, page numbers and click-through rates. Indeed, one can examine the economic value of
various modifiers (basically adjectives or adverbs) used by consumers in online queries and
search keywords. This will involve the analysis of the price premiums on keyword bid prices by
examining how much the price of a bid change with the addition of a specific modifier. For
example, this would involve comparing the difference in bid prices, click-through rates, and
conversion rates for a generic keyword such as “airline tickets” with a branded keyword like
“Orbitz airline tickets” or “discounted airline tickets” to determine the premium that online
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advertisers need to pay for a branded advertisement or for a keyword that contains a modifier like
“discounted”. This study will involve a combination of text mining with economics to infer the
economic value of text in keywords and search queries. Research in this domain is in its infancy
and so there is a lot of potential to address these open questions.
Finally, an emerging area of research that offers many interesting possibilities is that of
Social Search. Firms are increasingly looking for ways to combine information from social
networking sites to improve the quality and accuracy of search with the final aim of providing
personalized search. Microsoft has made some headway in this area. The popularity of web-based
social networks like Delicious, Technocrati, Flickr, etc. which allow users to tag resources like
blog, pictures and webpages, generates a rich data trail that can potentially be exploited to
improve and broaden search quality. A natural consequence of improving search quality can be
an increase in revenues from sponsored advertisements. From the academic research point of
view, a combination of machine learning and statistical techniques can be combined with
techniques in keyword generation to determine the most valuable keywords at the individual level
to enable increased precision in geo-targeting and contextual advertisements during web search.

2.3 User-Generated Social Information and Economic Exchanges
The Internet has had a profound impact on at least three areas of life – the way people
shop, the way they socially interact, and the way they exchange information. All three are
relevant to consumer product reviews posted in IT-enabled electronic markets. Online consumer
product reviews provide information that can facilitate economic exchange, which is the central
function of electronic markets. However, reviews are also sometimes used as a forum for social
exchanges, and this, in part, serves to draw people to such websites, promote purchases, and
regulate user behavior. Hence, more research is needed that will explore the important role of
social communities in geographically-dispersed electronic markets. Some participants in
electronic markets also use it as a forum for social interaction, and, in the process, reveal a lot of
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information about themselves. Drawing on theories from social psychology such as social identity
theory and information processing theory, an interesting arena of research is to investigate
whether online users view consumer reviews as a forum to form social identities, and if these
social exchanges influence economic outcomes in consumer settings.
In the past, product reviewers had limited opportunities to convey community affiliation
because product reviews were nominally focused on the product itself rather than the reviewer.
Recent design changes in electronic markets now enable members, who identify with the
community, to engage in self-disclosure of social information. For example, on sites such as
Amazon information about product reviewers is graphically depicted, highly salient, and
sometimes more detailed than information on the products they review. Specifically, it allows
reviewers to publicly reveal their real name, geographical location, professional interests and
hobbies. Such user generated self-descriptive information can be explained in social psychology
as members’ attempts to convey the “social identity” they wish others to associate with them. If
on-line self-disclosure is driven in part by the desire for identification with a community and the
need for self-verifying feedback from other community members, then reviewer identity
expressions should be patterned to follow community norms. Hence, norm conformity is evidence
of an investment on the part of an individual contributor signaling that one would like to be
viewed as a member of the community (Bartel and Dutton 2001). In particular, if the types or
categories of information that reviewers disclose are consistent with the type of information that
is typical or normative in the community, this is suggestive evidence that identification processes
can be an important antecedent to reviewer disclosure. Such theories can now be empirically
tested with the kind of data available on online review and social networking sites. Furthermore,
given the extent and salience of social information regarding product reviewers, it is also possible
to inquire whether such information has an influence on the online consumers who are
responsible for product sales.
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Forman, Ghose and Wiesenfeld (2006) explore some of these phenomena. They estimate
econometric models using a panel data set consisting of data on chronologically compiled
reviews on these set of products, and the various self-descriptive, social, and personal,
information of the reviewers. Using research on information processing (Chaiken 1980), they
suggest that in the context of an online community, the social information reviewers provide
about themselves is used to supplement or replace product information in shaping community
members’ purchase decisions and the value they attribute to online reviews. Online community
members rate reviews containing identity-descriptive information more positively, but the
informative value of reviews attenuates the relationship between reviewer disclosure of identitydescriptive information and community ratings relative to more equivocal reviews. Furthermore,
they show that the prevalence of reviewer disclosure of identity information in online reviews is
associated with increases in subsequent online product sales after controlling for the valence and
volume of reviews.
Future research in this domain can extend an emerging stream of academic work on the
relationship between reviews and economic outcomes (for example, Dellarocas et al. 2005,
Reinstein and Snyder 2005, Chevalier and Mayzlin 2006), the work exploring motivations for
people to post word-of-mouth (for example, Hennig-Thurau et al. 2004), and the work on
belonging to a community (for example, Cummins, Butler and Kraut 2002). While Forman,
Ghose and Wiesenfeld (2006) do not directly assess the form of information processing Amazon
members used, their results are consistent with the notion that people use more heuristic
processing of source characteristics when information overload is high. Future research can
evaluate whether the number and diversity of messages influence recipients’ response to source
and message characteristics. While initial research on common bond and common identity
suggested that groups could be characterized as either common bond or common identity
(Prentice et al 1994), subsequent work suggests that the formation of common bonds and
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common identities may be related to one another (Ren et al. 2007). Thus, future research may
consider whether common bonds promote common identity in online communities like Amazon.
This research stream can be combined with sentiment analysis techniques from computer
science to investigate if sentiment patterns in these reviews can be attributed to the disclosure of
self-descriptive information by specific reviewers, and how such reviews are rated by the
community. Text mining techniques similar to Kim and Hovy (2004) can be used to
automatically find reviewers who hold opinions about a topic. The reviews will be classified as
subjective (opinionated) vs. objective (neutral) using techniques such as those in Riloff and
Wiebe (2003). In theory, subjective reviews may be rated by the community as less helpful than
objective reviews because they provide less useful information to guide purchase decisions.
However, this may be less true when the reviews contain more disclosure of personal information
because helpfulness ratings of those reviews may be partly driven by the desire to grant
membership status. Such propositions can now be empirically tested using the rich trail of data.

3. Economic Value of User-Generated Textual Information
The research described in this section is based on the conjecture that the qualitative
information contained in text-based feedback, online reviews of products or descriptions of used
goods on the Internet, plays a substantial role in influencing social and economic outcomes in
electronic markets. Such studies can combine empirical tools such as state-of-the-art techniques
in hedonic modeling, multivariate consumer choice modeling and panel data model, with
automated text mining techniques to identify and quantify the impact of this information on
economic variables such as revenues, price premiums and resale rates. Text mining usually
involves the process of structuring the input text (usually parsing, along with the addition of some
derived linguistic features and the removal of others), deriving patterns within the structured data,
and finally evaluation of the output. The main goal is to discover patterns and trends in the
information contained in textual documents (Hearst 1999, Grobelnik et al. 2001).
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3.1 Feedback in Reputation Systems and Economic Impact
When buyers purchase products in an electronic market, they assess and pay not only for
the product they wish to purchase, but also for a set of fulfillment characteristics such as
packaging, timeliness of delivery, responsiveness of the seller, and reliability of settlement. Most
studies of online reputation so far have based a seller's reputation on the numerical rating that
characterizes the seller and the level of experience (Dellarocas 2003, Resnick et al. 2006). This
implies that there is big potential for future research on reputation systems based on the analysis
of text-based feedback posted by buyers. Such feedback describes their transaction experience
with the sellers and it seems natural that it will play an important role in establishing reputation in
electronic markets, since different sellers in these markets derive their reputation from different
characteristics. A comment about “super-fast delivery” can enhance a seller’s reputation and thus
allow it to increase the price of the listed items by a few cents, without losing any sales. On the
other hand, the feedback about “sloppy packaging” can have the opposite effect on a seller’s
pricing power. To accomplish this study, one needs information on the transaction price at which
the good was sold, the date of sale, all relevant details for competing offers at the time of sale, the
number of such used goods listed and corresponding price premiums from an electronic market
for used good exchanges. Prior research (Ghose 2006, Ghose, Smith and Telang 2006) has
demonstrated a novel way of extracting such information using data from Amazon’s used-good
marketplaces.
Broadly speaking, this kind of research that analyzes the economics of textual content
needs to combine established techniques from econometrics with text mining algorithms from
computer science to identify the “value of text” and assign an economic value to each feedback
posting, measuring sentiment effectively and without the need for manual labeling of postings.
Ghose, Ipeirotis and Sundararajan (2005) is the first known study to demonstrate the value of
some of these automated textmining methods. The text mining techniques used in their study are
based on research on opinion extraction in the computational linguistics community. The first
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step in the algorithm consists of parsing the feedback postings to identify the dimensions across
which the buyer evaluates a seller. For this task, a part-of-speech (POS) tagger (such as the
Stanford Java NLP tagger) is used for each word. The nouns, noun phrases, and verbal phrases
are kept as the dimensions of the seller. Then the adjectives and adverbs that refer to the nouns
and verbs extracted in the previous step are retrieved, similar to Turney (2002). For instance,
Hatzivassiloglou and McKeown (1997) use a supervised learning technique to identify the
semantic orientation of adjectives. To associate the adjectives and adverbs with the correct
dimensions, they use a syntactic parser. The adjective-noun and adverb-verb pairs serve as the
basis for further analysis in their paper. Next, using panel data methods, they estimate
econometric models that show that textual feedback adds value to the numerical scores, and
affects the pricing power of sellers. That is, merchants with negative comments charge lower
prices, and merchants with positive comments command higher premiums than their competitors.
They show the emergence of a number of unique dimensions of seller reputation (e.g., shipping,
packaging, delivery, responsiveness and so on), and corroborate that a substantial pricing power
is associated with each dimension of seller reputation.
Their research also contributes to an emerging stream of work that examines sentiments
in online communities and auctions (Gu et al. 2007, Pavlou and Dimoka 2006). There exists
tremendous potential for future work in this area. For example, using data from eBay one can
compare how textual feedback in a reciprocity based reputation system (eBay) differs from that in
a market where only buyers rate sellers (Amazon). This is important because a reciprocity-based
reputation system has a decreased likelihood of eliciting honest feedback from buyers due to the
potential for retaliation by sellers in the case of a negative comment. This opens up the possibility
of feedback manipulation. Dellarocas (2005) provides a nice theoretical modeling of this practice
but more empirical research is needed to corroborate such practices. This is an area where the
combination of econometrics with text mining methods can open up a myriad of research
opportunities.
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3.2 Sentiments in Product Reviews and Economic Impact
Prior work has shown that the volume and valence of online product reviews influences
product sales such as books and movies (Godes and Mayzlin 2004, Dellarocas et. al. 2005,
Chevalier and Mayzlin 2006). However, this research did not account for the impact of textual
content in those reviews. Similarly, computer scientists have conducted extensive sentiment
analysis of reviews and news articles (Wiebe 2000, Pang, Lee and Vaithyanathan 2002, Turney
2002, Dave, Lawrence and Pennock 2003, Hu and Liu 2004, Liu, Hu and Cheng 2005, Kim and
Hovy 2004, Popescu and Etzioni 2005) but have not examined their economic impact on sales.
This presents an opportunity for future research to bridge the gap between these two
streams of literature. One can examine how sentiment embedded in online reviews performs as a
predictor for future demand. To do this, one needs to examine consumer sentiment in online
markets. Prior studies have measured the predictive power of word-of-mouth on sales, but have
not used a combination of sentiment analysis and econometric experiments to extract more
precise information from the text. Ghose and Ipeirotis (2006) conduct an initial study in this
domain. After training the classifiers appropriately using technical product descriptions provided
by manufacturers, they automatically classify reviews as subjective (highly opinionated) or
objective. Then, they measure their impact on revenues at Amazon. This enables them to
empirically quantify the effect of textual information in online product reviews on sales in various
product categories as well as measure how the extent of subjectivity in the opinions affects
consumers’ perceptions of review informativeness as measured by peer provided “helpful votes”.
A limitation of their study is that they only have crude measures for changes in product demand.
Future research can use actual data on demand from an online retailer to do a more refined
analysis. There is a lot of potential for future researchers to work on ways to score the utility of
consumer reviews with a focus on extracting the various features of a review and measuring their
impact on sales or informativeness of reviews. Moreover future research can examine the
usefulness of data from blogs and social networking sites in predicting sales. Dhar and Chang
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(2007) use data from MySpace and Amazon to track the changes in online chatter for music
albums before and after their release dates. Such studies can provide insights to marketing
managers interested in assessing the relative importance of the burgeoning number of “Web 2.0”
information metrics.

3.3 Dimensions of Product Descriptions and Economic Impact
Although e-commerce enables easier search as far as new products are concerned, such
standardized search has not yet been implemented in used-good markets because of the diversity
in seller or product characteristics. Whereas attributes such as product features can be
communicated easily in electronic markets, “non-digital” attributes (product condition and seller
integrity) are subject to noise and manipulation. This has the potential to create information
asymmetry between buyers and sellers, stemming from the unobservability of quality signals in
electronic markets. This informational asymmetry is associated with both an individual seller’s
reputation and the product’s self-reported quality. Hence, in such used-good markets, asymmetric
information can lead to market failure such as adverse selection (Akerlof 1970). This failure
manifests itself in the fact that sellers with relatively high quality goods need to wait longer than
sellers of low quality goods in order to complete a trade (Janssen and Karamychev 2002). Sellers
try to minimize this information asymmetry by using textual descriptions of the products such as
pristine condition or factory sealed to signal quality before purchase. To what extent can
standardized textual descriptions of used goods provided by sellers prior to purchase alleviate
these information asymmetries?
To study these questions one can combine automated text mining techniques with
econometric methods to infer the dimensions of used-product description that consumers value
the most, and quantify the price premiums associated with each dimension. Specifically, using
similar text mining methods as in (Ghose, Ipeirotis and Sundararajan 2005), one can identify
features of the used good descriptions that mitigate the information asymmetry problem between
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buyers and sellers, by identifying the dimensions of product description that maximize price
premiums, resale rates and revenues in used-good markets. Future work on the economics of
textual descriptions in used-good markets can build on methods deployed in prior work (Ghose,
Telang and Smith 2006) to advance our understanding of the impact of Internet-based exchanges
on social welfare. They can also shed light on how such used good descriptions can alleviate the
information asymmetry problem in electronic markets as found in Dewan and Hsu (2004) and in
Ghose (2006). By quantifying the economic value of sentiment in online reviewer communities,
such studies will provide methods that can be extended to quantify the economic impact of
textual content on social networks, blogs, and social shopping sites as well as in the emerging
practice of “tagging” products.

4. Economic Cost of Information Search, Processing and Modification
To monetize the economic impact of firm-published or user-generated content, a key
analysis that needs to be conducted is to estimate the cost of processing and disseminating
information during various human-computer interactions. One of the main advantages that
Internet channels posit over physical markets is a reduction in “friction” costs. These costs
include search costs incurred by consumers for locating product-related and price-related
information (Bakos 1997), decision-making costs incurred by managers to adjust prices in
response to market conditions (Levy et al. 1997) and cognitive costs of processing textual content
in product descriptions incurred by users. There is a lot of potential for research that estimates the
cognitive costs incurred by consumers when searching for information or processing textual
information online, and the cost of decision-making incurred by managers while adjusting
product-level information. This section describes some opportunities in estimating different kinds
of cognitive costs incurred by users in the online world.
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4.1 Consumer Search Costs
The literature on "rational inattention" argues that observing, processing, and reacting to
price change information is not a costless activity. An important implication of rational
inattention is that consumers may rationally choose to ignore--and thus not to respond to--small
price changes, creating a "range of inattention" along the demand curve (Levy et al. 2006). This
applies to online markets too wherein consumers face cognitive search costs of processing the
multitude of information published on the Internet (Johnson et al. 2004). This cost includes
visiting multiple retailers who differ on various attributes, comparing a diverse set of offerings,
and assessing the overall quality of their offerings. Moreover, opportunities for obfuscation
(Ellison and Ellison 2006), and the unobserved lack of inventories (Arnold and Saliba 2002) can
also create such costs. Indeed, the existence of price dispersion in online markets (Brynjolfsson
and Smith 2000, Baye, Morgan and Scholten 2004) has often been attributed to the presence of
search costs and retailer menu costs. Unless retailers factor these behavioral aspects into their
strategies, market transparency and prices can be suboptimal.
While the presence of search costs and its impact on consumer demand and retailer
strategies has been well established theoretically, very few empirical studies exist in this domain.
The main focus of existing work has been to quantify these costs at the consumer level.
Brynjolfsson, Dick and Smith (2004) found that the cost of an exhaustive search is about $6.45
per consumer on a shopping bot. Hong and Shum (2006) develop a methodology for recovering
search cost estimates using only observed price data. Bajari and Hortacsu (2003) quantified the
cost of entering into an eBay auction to be $3.20, which includes search costs and other costs
related to auction participation. In a related stream of work, Hann and Terweisch (2003) discuss
how search costs and other related frictional costs in electronic markets could be substantial and
found that the median value of these costs ranging from EUR 3.54 for a portable digital music
player (MP3) to EUR 6.08 for a personal digital assistant (PDA).
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However, these studies have largely focused on measuring consumer search costs, with
less attention being paid on how search costs affect consumer demand structure or how they can
affect retailers’ business strategies. Not much work exists that looks at consumer demand
structure in electronic markets and whether search costs differ across online retailers. It is
generally believed that it is difficult to measure price search costs directly since it requires
individual observations of consumer expectations of price distributions. However, by inferring
the nature of consumer demand structure and by analyzing consumer price sensitivity to price
changes, it is feasible to verify the presence of price search costs.
The presence of price search costs also implies that it takes time for price information to
dissipate among consumers and demand to adjust slowly (Radner 2003). Future research can
quantify the impact of this information delay on firm’s optimal pricing policies. To do so, one
needs to estimate the time it takes for pricing information to percolate in the market and show that
the distribution of search cost evolves dynamically overtime. Till date, empirical studies on
retailing have implicitly assumed that retailers face a demand function with constant price
elasticity for any kind of a price change (Chevalier and Goolsbee 2003, Ellison and Ellison 2004,
Ghose, Smith and Telang 2006), and used the estimated price elasticity to make inferences about
competition and welfare in online marketplaces. This approach, however, does have a limitation.
The assumption of constant price elasticity could lead to biased estimates if the difference in price
elasticity for price changes in opposite directions is large. For example, if a retailer faces low
price elasticity for price increases, but high price elasticity for price reductions, the constant
elasticity assumption will average the price elasticity, thereby underestimating the real
competitiveness and sensitivity in the market. One exception to the constant elasticity assumption
is a recent study by Baye et al. (2005) which shows that price elasticity on shopbots increases
dramatically after a retailer reduces its price to become the lowest price firm on the market.
Future research can explore the impact of having a constant elasticity assumption in much greater
depth.
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4.2 Cost of Processing Textual Content
The above described stream of research can be extended to explicitly estimate the
cognitive cost of evaluating retail offers in online markets. The Internet has facilitated the
creation of markets that feature a dramatically wide selection of retailers. When a consumer
places a product search for a unique product, they obtain a list of several offers with varying
attributes (price, seller reputation, delivery schedules, etc), and extended product descriptions. All
else equal, in order to make a selection amongst the offers displayed on the computer screen,
consumers read these description, process the information and evaluate the best offer for
purchase. In the presence of such information overload, it is natural to expect individuals to bear
some cognitive cost of scrolling down the screens, and processing the textual description in each
offer. Even if users do not cognitively process all the information displayed on the computer
screen, a “scan and discard” vs. “scan and read more” decision leads to a cognitive cost of
thinking (Shugan 1980).
Hence, rather than leaving it up to the consumer to cope with this distracting overload,
providers often try to present first the most salient items in their inventory while taking into
account the visual real estate available on a given device. Search engines such as Google or
Yahoo do not exhibit all their search results on one webpage, but rather prioritize and display
them on consecutive pages whose value is assumed to be decreasingly lower to the user
(Huberman and Wu 2006). Hence, a natural direction for future research would be to examine the
effect of summarizing product descriptions on product sales: short descriptions reduce the
cognitive load of consumers but increase their uncertainty about the underlying product
characteristics whereas a longer description has the opposite effect.
By drawing methods from the literature on Summarization in Computational Linguistics
and NLP, one can suggest efficient ways of presenting product information in electronic markets
by determining the optimal number of words and sentences in a given product description that
minimize consumer cognitive cost. This requires an empirical analysis of how economic variables
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like product sales, price premiums and revenues are affected by the textual content in sellercontributed descriptions. Based on readability metrics such as the FOG, SMOG and FleschKinciad metrics that estimate the reading difficulty of webpages, techniques such as Support
Vector Machine-based approaches that automatically recognize reading levels from user queries
(Liu et al. 2004), and advances in statistical language models that incorporate both content and
surface linguistic features (Si and Callan 2001, Collins-Thompson and Callan 2005), the cost of
consumer information processing can be quantified. This will involve building text classifiers,
incorporating features based on reading level, and non-text features such as average line-length.
Using discrete choice models, one can then estimate the likelihood of a consumer selecting a
certain offer conditional on price and other seller attributes.

4.3 Managerial Decision-Making Costs
An important requirement towards establishing a frictionless market on the web is the
need for retailers to act upon information and adjust prices without having to incur substantial
costs in the process. Prior academic work has used a variety of techniques and methods to study
pricing processes and the menu costs incurred by firms in order to improve our understanding of
how firms set and adjust prices. In this stream of literature, menu costs consist of both the
physical as well as the managerial costs of changing prices.
Lessons from physical markets show that price adjustment is a difficult, costly and timeconsuming process and that changing prices “is a complex process, requiring dozens of steps and
a non-trivial amount of resources” (Levy et al. 1997, p. 792). Thus, retailers need to incur
substantial price adjustment cost to implement price changes. These costs include physically
printing price labels, affixing it to retail products, updating POS systems for price changes,
correcting errors and supervising these price change activities (see e.g. Levy et al. 1997). Besides
these factors, there are substantial managerial costs involved as well. To set and adjust prices
effectively, firms need to gather and analyze data that may be in different parts of the
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organization. They need the ability to assess a wide variety of market factors, from costs to
customer segments, to estimating market demand, to understanding customer psychology, to
anticipating competitors’ reactions and so on. On top of this, one needs to add the complexities of
firms selling multiple products through multiple distribution channels, and to multiple customers,
often internationally (Zbaracki et al. 2005). Consistent with these aspects, recent empirical
studies of price adjustment processes by Levy et al. (1997, 1998), Slade (1998), and Dutta et al.
(1999, 2002) conclude that the price adjustment cost associated with these processes may be
significant across industries in many offline markets.
Online retailers face a different environment. The increased market transparency due to
the availability of information (Granados, Gupta and Kauffman 2005a, 2005b) helps firms
monitor rivals’ pricing activities. With no price labels to print, there is little physical labor cost
involved and hence in theory, firms can adjust prices costlessly. This can have significant
implications for consumer cognitive search costs. If menu costs are negligible, and retailers can
adjust prices costlessly, then we are likely to see more frequent price changes. Such frequent
price changes would impose a higher cognitive search cost on consumers. However, online
retailers carry SKUs with much higher value than those in a typical offline stores, and often
receive much higher sales volume. In this environment, each price experiment requires careful
analysis. As a result, online retailers may incur substantial managerial decision-making costs
leading to price rigidity. These costs are similar to data engineering costs, misclassification costs
and active learning costs in the literature on human computer interactions and machine learning
(Turney 2000). Indeed, Bergen, Kauffman and Lee (2005) find that Amazon and BN change
prices less than once every 90 days, a surprisingly low frequency for online firms. Understanding
the exact cause of price stickiness and identifying the magnitude of managerial costs of online
retailers would thus be a natural next step in improving our understanding of the nature of
consumer search costs.
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Despite the extensive literature on menu costs (Levy et al. 1997, Levy 2006) in offline
markets, no prior work has estimated the actual magnitude of such decision making costs in
electronic markets. Ghose and Gu (2007) take one step in this direction by econometrically
estimating and quantifying the magnitude of managerial costs of price adjustment faced by firms
in electronic markets. They use the well known random walk theory model (Dixit 1991) to show
that if the optimal price follows a random walk, the optimal solution for the retailer is to change
the price if and only if the absolute difference between the actual price and the optimal price is
larger than a constant. This enables them to empirically infer menu costs from online retailers’
actual price change decisions given their demand fluctuations. A key contribution of their
research is the development of statistical methods to separate long-term demand changes that
affect retailers’ price decisions from transitory demand changes that do not affect retailers’
decisions. Future research could extend that stream of work by adopting dynamic programming
techniques to explicitly model the online retailer’s decision making process for price changes
such as in Aguirregabiria (1999) and Kano (2006). This kind of research will contribute to recent
research that measures the costs of online transactions (Hann and Terweisch 2003, Hann et al.
2005), measuring switching costs online (Chen and Hitt 2002), the welfare changes that online
channels provide to consumers (Brynjolfsson, Hu, and Smith 2003, Ghose, Smith, and Telang
2006) and also to the newly emerging work in Computer Science that measures the readability
and display of various categories of online content (Kumaran et al. 2005).

4.4 Impact of Search Costs and Menu Cost on the Long Tail
User level search costs and firm level menu costs are likely to influence pricing and
product assortment strategies. The Internet is known to facilitate the discovery of lesser-known
and obscure products. It has been argued that collectively these relatively less popular products
could make up a significant portion of sales for online retailers (Anderson 2006). This
phenomenon has been termed as the “Long Tail”, and is often presented as a strategic opportunity
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to reach consumers in niche markets who were previously too costly to serve. While existing
articles on the Long Tail highlight the strategic role played by lower “product search costs” in
promoting the emergence of the Long Tail (Bryjolffson, Hu and Smith 2006), more rigorous
research is needed to demonstrate the strategic role of “price search costs” in necessitating the
emergence of the Long Tail. The impact of search costs on retailers’ operations and marketing
strategies has been studied both theoretically and empirically. It is now known that a failure to
incorporate consumer search costs into the assortment planning process may lead the retailer to
erroneously narrow product assortments (Cachon, Terswiesch and Xu 2005). Prior theoretical
studies have also shown that the presence of such search costs could affect the shape and
dynamics of consumer demand, resulting in significant difference in retailer’s optimal product
assortments. For example, Cachon, Terswiesch and Xu (2006) demonstrate that while lower
search costs can intensify price competition, it can also expand the pool of customers visiting a
retailer. The market expansion effect can justify a broader assortment, which in turn, can lead to
higher prices and profits.
While prior studies on the Long Tail phenomenon focus on consumer demand for less
popular products, they have not formally analyzed retailers’ incentives to provide such products.
This presents an exciting opportunity for future research. Rather than focusing on promoting
popular products that face aggravated price competition, should online retailers shift product
assortments towards niche products to take advantage of milder price competition in the emerging
Long Tail? It also seems natural that such incentives will be related to the extent of menu costs
faced by retailers in making price changes for popular versus unpopular products. This implies
that research that explores the differences in magnitude of menu costs across different categories
of products and different kinds of price changes will add to our understanding of firm-level
incentives in promoting the Long Tail.
A related research question is to look at the composition of product returns for Internet
retailers. Is there evidence that popular products are returned more often than obscure products?

Wiley STM / Editor: Book Title,
Chapter ?? / Authors?? / filename: ch??.doc

page 26

Or is it likely to be vice-versa? From a managerial perspective, this is important because it
highlights whether growth in variety is driven by demand-side factors or by supply-side factors.
Thus, any research that investigates the impact of the Long Tail on the Internet also needs to
account for the frequency with which products are returned in online markets.

5. Conclusion
With technological progress crossing newer frontiers, the amount of user-generated and
firm-published content in web-based systems is growing exponentially. A significant portion of
this content has concrete economic value that is embedded within it. Prior research has partially
studied the impact of content, for instance, by analyzing the impact of numeric information. The
aim of this article is a call for research that expands our understanding of that economic value by
measuring the benefits and costs from analyzing other forms of content. Such value can be
extracted, for example, from the content that specifies the social information of participants in
online exchanges, the feedback and product description information that is captured in
conversations between individuals, and finally from estimating the costs incurred by individuals
during Internet usage, such as costs of locating and processing information and decision-making
costs of adjusting information. There are several interesting research opportunities in this domain.
Such research can have lots of managerial and research implications. First, by studying
the economic value of various kinds of textual information on the Internet, one can go well
beyond analyzing the impact of numeric information such as the valence and volume of reviews
and reputation scores that has been done in prior work. This will enable researchers to
recommend actionable changes in the design of feedback systems, electronic market based
communities and social networks. By producing novel ways of measuring the value of usergenerated online content, the research activities will make actionable recommendations to
practitioners to improve the design of feedback systems and display of information in online
markets. In particular, firms are constantly trying to come up with incentive systems that prevent
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various kinds of spamming, gaming and content manipulation. For example, the analysis of the
information in qualitative textual feedback can lead to the design of more robust reputation
systems. Similarly, by mining the product descriptions in social shopping sites and used-good
markets, future research in design science can come up with tools that help businesses display
information efficiently by minimizing the information overload on consumers (for example,
Ghose, Ipeirotis and Sundararajan 2005), and maximizing profits.
There are several other ways in which user-generated content can affect e-commerce
firms. For example, Delicious, a social bookmarking website exploits users’ social network to
produce more relevant search results and hence provide better monetization of content. Since
user-generated content has led to the emergence of communities in many online markets
(Forman, Ghose and Wiesenfeld 2007), the availability of such data provides a plethora of
opportunities for researchers interested in studying how online network based word-of-mouth
marketing affects transactions. A pioneering work in this domain is that by Hill, Provost and
Volinsky (2006, 2007) who find that consumers linked to a prior customer adopt a
telecommunication service much faster than baseline groups selected by the best practices of the
firm’s marketing team.
Future research on how offline geographical locations affect online purchase and search
behavior can provide important insights into the continuing debate over whether there exists a
geographic “digital divide” in the US by providing concrete evidence or lack thereof. This
becomes important in light of recent anecdotal evidence that despite the ubiquity of the Internet,
many low-income, rural and small-town communities are being left out of this information
revolution, and are deprived of the economic opportunities it offers. Moreover, research in this
arena has the potential to demonstrate that a user’s geographic community continues to play a
role in how he or she behaves in electronic communities. Recent research suggests that users in
electronic communities may prefer to communicate with users that share similar socio-economic
and geographic neighborhoods (Van Alstyne and Brynjolfsson 2005). Further, it will help
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businesses understand the role of social information in driving consumer behavior in online
communities, and provide prescriptive insights to businesses such that advertising and marketing
strategies in online channels can be customized by users’ geographical locations. It will help
create incentives for underserved communities to participate in Internet commerce by
understanding the mindsets of users and their needs for certain products in environments that are
culturally mediated. By exploring virtual communities that emerge based on individuals’
relationships to specific economic products, future research can advance our understanding of the
dynamic interplay between social and economic exchanges on the Internet.
Finally, a key component towards measuring value from online content is an
understanding of user costs in searching, processing and modifying information from an
economic perspective. At present we have little insight into how to measure various kinds of
cognitive costs incurred by humans while interacting with computers to process information. An
explicit understanding of the magnitude of costs incurred by users during internet usage will
contribute to optimal policies that lead to social and economic benefits for all participants. Such
search and menu costs are also related to the emerging phenomenon of the Long Tail by
influencing the incentives firms have for stocking niche and obscure products. It would be useful
to see more academic research sprouting in these areas.
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