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This study examines whether user-generated content (UGC) is related to stock market performance, which
metric of UGC has the strongest relationship, and what the dynamics of the relationship are. We aggregate

UGC from multiple websites over a four-year period across 6 markets and 15 firms. We derive multiple metrics
of UGC and use multivariate time-series models to assess the relationship between UGC and stock market
performance.

Volume of chatter significantly leads abnormal returns by a few days (supported by Granger causality tests).
Of all the metrics of UGC, volume of chatter has the strongest positive effect on abnormal returns and trading
volume. The effect of negative and positive metrics of UGC on abnormal returns is asymmetric. Whereas
negative UGC has a significant negative effect on abnormal returns with a short “wear-in” and long “wear-out,”
positive UGC has no significant effect on these metrics. The volume of chatter and negative chatter have a
significant positive effect on trading volume. Idiosyncratic risk increases significantly with negative information
in UGC. Positive information does not have much influence on the risk of the firm. An increase in off-line
advertising significantly increases the volume of chatter and decreases negative chatter. These results have
important implications for managers and investors.
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Introduction
With the popularity of online media, consumers now
go beyond their role as passive seekers of informa-
tion to actively and regularly share their experience
with others on online platforms such as communi-
ties, blogs, product reviews, and wikis. The body
of information that consumers so generate is popu-
larly known as user-generated content (UGC). UGC is
one aspect of a broad phenomenon of interconsumer
communication called word of mouth. Whereas con-
sumer input is available to a small extent in tradi-
tional media (e.g., letters to editors and consumer
complaints), its popularity in new online media is
relatively massive (thousands per day) and growing
rapidly. Estimates for 2010 are that 131.4 million users
consume and 95.3 million users create UGC (Verna
2009). UGC may be more important and impactful
than traditional word of mouth because of its instant
availability, low cost, ease of use, wide subscription,
wide access, and wide reach. It is also growing more

rapidly and is easier for firms to measure and moni-
tor than traditional forms of word of mouth. Studies
suggest that UGC has higher impact on subsequent
consumer choice than traditional marketing activities
of the firm (Trusov et al. 2009). Most importantly,
UGC is available at a highly disaggregate temporal
level (days, hours, minutes). Thus, when sales or cus-
tomer satisfaction are not available at such a disag-
gregate level, UGC could provide some indication of
how the brand is doing.

This study focuses on the relationship between
UGC and stock market performance of the firm. Prior
research indicates that the stock market responds
to the assessment of quality by experts’ published
reviews of products (Tellis and Johnson 2007). Stud-
ies in finance investigate the impact on stock mar-
ket performance of print news (e.g., Tetlock 2007,
Tetlock et al. 2008) or traders’ online financial
recommendations in Internet message boards (e.g.,
Das and Chen 2007). Unlike the print media or
third-party reviews, UGC reflects the opinions and
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experiences of a large number of active users of
the product, thus benefitting from the “wisdom of
crowds” (Surowiecki 2005). It reflects the accumu-
lation of consumers’ ongoing experiences over an
extended period of time in real environments. It also
evolves with time and can be tapped continuously
over time.

We restrict our study to two forms of UGC—
product reviews and product ratings. These two
forms of UGC are rich in product-related information.
Other forms of UGC such as videos and blogs have a
great deal of information with little relevance to spe-
cific products and brands. Thus, the signal-to-noise
ratio in product ratings and reviews is much higher
than that in videos, blogs, and networking sites.

Table 1 classifies the literature on consumer gener-
ated data on five dimensions. The current study dif-
fers from prior research in many respects (see Table 1).
First, whereas Luo (2007, 2009) conducts an insight-
ful study on the impact of negative word of mouth
on stock returns, his study draws data from tradi-
tional media and uses one form of negative content
(complaints) in one industry (airlines). UGC, unlike
other forms of word-of-mouth communication, leaves
a digital trail of consumer opinion on all aspects
of a product, including both positive and negative
word of mouth. Second, several studies examine the
interaction among consumers or the impact of UGC
on demand/sales (e.g., Dellarocas et al. 2007, Dhar
and Chang 2009, Liu 2006, Chintagunta et al. 2010,
Chevalier and Mayzlin 2006, Trusov et al. 2009, Moe
and Trusov 2011) but not the impact of UGC on stock
market performance. Third, most studies on UGC use
a narrow set of metrics such as numerical ratings or
volume, ignoring the information content of text in

Table 1 Classification of Relevant Literature on UGC

Online Online user Contrast of Focus on
medium (consumer) positive vs. stock Coverage of
open to generated negative market multiple

Study consumers content content performance markets

This study Yes Yes Yes Yes Yes, six markets
Luo (2009) No No (complaints No Yes No, just airline service

filed with Dept. of
Transportation)

Dellarocas et al. (2007) Yes Yes No No No, only movies
Forman et al. (2008) Yes Yes No No No, only books
Dhar and Chang (2009) Yes Yes No No No, only music
Chevalier and Mayzlin (2006) Yes Yes No No No, only books
Trusov et al. (2009) Yes No (social No No No

networking site)
Moe and Trusov (2011) Yes Yes No No No
Liu (2006) Yes Yes No No No, only movies
Chintagunta et al. (2009) Yes Yes No No No, only movies
Godes and Mayzlin (2004) Yes Yes No No No, only TV
Zhu and Zhang (2010) Yes Yes No No No, only video games

these reviews, which is rich in consumer expressions
(see Table 1). Fourth, all prior studies focus on a single
market such as movies, books, or airlines. In contrast,
the current study is unique in that it focuses on the
impact of UGC on stock market performance using
four metrics of UGC and three metrics of stock per-
formance across six different markets (see Table 1).

In particular, this study seeks answers to the fol-
lowing questions:

• Is there a relationship between UGC and the
stock market performance of the firm?

• If a relationship exists, what is the direction of
causality?

• Among the various metrics of UGC, which met-
ric best relates to stock performance of the firm?

• What are the dynamics of the relationship in
terms of wear-in, wear-out, and duration?

Our choice of stock market performance as the
dependent variable has three benefits. First, as a mea-
sure of shareholder value, market performance is the
ultimate concern of the firm and increasingly used
in marketing studies (Srinivasan and Hanssens 2009).
Second, stock market performance is available at the
daily level, allowing for granular analysis, whereas
sales, profits, and earnings are not as easily avail-
able at this level for most firms. Third, by indicating
what metrics of UGC impact stock performance, this
study suggests the metrics of UGC that should con-
cern managers.

The rest of this paper is organized as follows.
The second section presents the theory, the third sec-
tion explains the method, the fourth section describes
the measures, the fifth section describes the mod-
els, and the last two sections present the results and
discussion.
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Theory: Relationship Between UGC
and Stock Market Performance
This section builds the theory for the relation-
ship between UGC and stock market performance.
It answers four questions: Why might UGC be value
relevant to investors? Why would UGC be a leading
indicator of stock market performance? Why would
its effect be delayed? Why would this effect be asym-
metric across measures?

Value Relevance of UGC to Investors
Although firms provide information to investors
through financial statements and other disclosures,
numerous studies have shown the existence of asym-
metric information between firms (e.g., managers)
and investors, resulting in capital market imperfec-
tions (Healy and Palepu 2001). Hence, investors may
seek information on firms’ performance from alter-
nate sources such as investigative reports or experts’
reviews in various news media. Investigative reports
have a direct impact on stock market performance
(e.g., Mitchell and Mulherin 1994); the effect of an
expert’s reviews on stock prices is also known and is
fairly instantaneous (Tellis and Johnson 2007). How-
ever, UGC is a direct expression of consumers’ per-
sonal experience and uncovers feedback on products
that may not be evident in investigative reports or
experts’ reviews in the media. Investors may con-
sult UGC for such unanticipated information about
product performance that is not already available in
established media reports or experts’ reviews. In a
study by the Brunswick group of over 448 investment
personnel (equity analyst or institutional investors),
approximately 43% of them suggested that UGC has
become an important determinant in their investment
decision in recent years.1 Also, our discussions with
investment houses suggested that many of them reg-
ularly monitor new media for various firm-related
information.

UGC as a Leading Indicator of
Stock Market Performance
UGC could predict stock market performance for
two reasons. First, in a perfect market with trans-
parent information systems, all information on the
firm would be available immediately to all investors.
Unfortunately, information on the firm is usually
available sporadically (e.g., disclosures, company
press releases) or at a low frequency, usually monthly
or quarterly (e.g., corporate reports, earning state-
ments, sales reports). Most investors probably depend
on firm-specific information in media stories, site
visits, or reports from security or industry analysts,
which are also available at a low frequency. Unlike

1 See Duckworth et al. (2009).

these sources of firm performance, UGC could be
observed at a relatively high frequency (daily). Thus,
UGC could present new information about the cur-
rent performance of the firm at a greater tempo-
ral frequency than otherwise available to investors.
Subject to Granger causality tests (Granger 1969), it
also has the potential to act as a leading indicator of
firm performance (for more details, refer to Srinivasan
et al. 2010).

Second, consumers who have bought the product
might chat about the product on the Web. Other con-
sumers who are uninformed about products or who
are undecided about which brand to buy may consult
UGC to finalize their decision. The online reviews and
discussion could subsequently affect their decisions.
At the aggregate level, these decisions would translate
into future sales, cash flows, and stock market perfor-
mance. Thus, daily UGC could predict future perfor-
mance ahead of firms’ reports on quarterly sales and
cash flows.

Delay in Response to UGC
The information in UGC might take from a few days
to weeks to be fully reflected in stock market perfor-
mance, for three reasons. First, for traders to bene-
fit from the information, they have to systematically
monitor and extract information from UGC, as has
been done in this study. Unfortunately, most investors
may as yet not have the awareness and sophistica-
tion to monitor UGC continuously at a daily level.
Investors might as yet incorporate the information
slowly over a couple of days. Second, transaction
costs for the investors may be high enough that they
cannot make profitable trades by immediately acting
on the information gained. Third, these dynamics can
also be attributed to the slow diffusion of informa-
tion about the firms (e.g., Lo and MacKinlay 1988,
Hong and Stein 1999). This pattern holds even more
strongly in the case of UGC because the information
has to diffuse systematically and evenly between the
consumer markets and stock markets. Thus, the infor-
mation in UGC might take a few days or weeks to be
fully reflected in stock market performance.

Asymmetric Response Across UGC Metrics
The content of UGC, as either overall positive
or overall negative, could affect the decisions of
investors asymmetrically for three reasons. First,
investors discount or overlook the positive informa-
tion because they suspect it is unreliable or because
they find it less diagnostic than negative information.
This effect may be due to negativity bias, according to
which negative information elicits a stronger response
than positive information (Baumeister et al. 2001,
Rozin and Royzman 2001). Second, for investors, neg-
ative information may be more important than pos-
itive information because losses loom larger than
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gains (Tversky and Kahneman 1981). Third, positive
information about products, especially new products,
is usually well known and actively propagated by
firms even before their launch through actions such
as announcements and advertisements, whereas neg-
ative information is usually not anticipated as it is
an uncontrolled outcome of experience of consumers.
For any of these reasons, negative metrics may have
a stronger impact on returns than positive metrics
of UGC.

In sum, because investors do not currently have
perfect information about the firm’s performance
from firm and media reports, UGC could provide
an additional source of information and may affect
investors’ decisions and stock market performance.

Method
This section describes the research design and data
collection.

Research Design
The following subsections explain the sampling of
firms and markets, time, and media.

Sampling of Firms and Markets. We select firms,
products, and markets on several criteria to ensure
the feasibility, validity, and reliability of the study.
First, the product categories must have rich data
on UGC across the time period of investigation.
Digital products, high-tech products, and popular
consumer durables fall in this class. Second, the prod-
ucts reviewed have to constitute a major fraction
of the firm’s sales, so that Web chatter about the
product would provide a strong signal about the
firm’s performance. For example, mobile phones con-
stitute the bulk of Nokia’s sales. However, for highly
diversified firms such as General Electric, Procter &
Gamble, or Johnson & Johnson, the chatter about indi-
vidual products may not always be congruent and
may not provide a single clear signal. Third, firms
have to be listed on one of the U.S. stock exchanges
(NASDAQ/NYSE/AMEX) because stock market per-
formance is the dependent variable. Fourth, firms
included in the sample should not have undergone
identity changes (such as by mergers or acquisition)
during the given time period. Fifth, the sampled mar-
kets should represent a cross section of markets.

The use of these criteria leads to our selec-
tion of the following six markets: (firms sampled
are in parentheses)—personal computing (Hewlett-
Packard and Dell), cellular phones (Motorola and
Nokia), personal digital assistants or smartphones
(Research In Motion and Palm), footwear (Skechers
USA, Timberland, and Nike), toys (Mattel, Hasbro,
and Leap Frog), and data storage (Seagate Technol-
ogy, Western Digital, and SanDisk). In each of these

markets, we sample as many firms as fit the above cri-
teria. To the best of our knowledge, this is the broad-
est sample among all published studies on UGC in
marketing.

Time Sampling. We choose four and a half years,
from June 2005 to January 2010, for our analysis.
UGC on selected websites is rather sparse before June
2005. Because both UGC and stock prices are avail-
able at very low granularity, we chose the daily level
of analysis. Higher levels of aggregation (weekly or
monthly) may lead to biased estimates (Tellis and
Franses 2006), whereas lower levels of aggregation
(hourly) have sparse data on UGC.

Sampling of Media and Sources. We use four cri-
teria to select the format and sources of the media for
this study.

First, consumers generate content in a variety of
online media formats such as text (e.g., blogs, prod-
uct reviews) and videos (e.g., video blogs, postings on
video-sharing sites such as YouTube). However, dur-
ing the period under consideration, consumers did
not use media such as video much to voice their opin-
ions on products. They used UGC such as product
reviews extensively for this purpose.

Second, we choose consumer reviews of products
because consumer reviews focus tightly on prod-
uct evaluations, unlike blogs, forums, and bulletin
boards, where the conversations digress greatly from
product-related issues, greatly diluting the signal-to-
noise ratio.

Third, we focused on consumer reviews rather than
expert reviews (e.g., cnet.com, zdnet.com) because
consumer reviews reveal experiences of a large num-
ber of consumers of actual product performance over
extended periods in natural environments (Chen and
Xie 2008). As such, they provide strength in numbers
or the “wisdom of crowds” (Surowiecki 2005). More-
over, consumer reviews have a big and growing influ-
ence on their purchase decisions (A. C. Nielsen 2007).

Fourth, for sources of consumer reviews, we use
three popular websites—Amazon.com, Epinions.com
(a service of Shopping.com, Inc., an eBay company),
and Yahoo! Shopping (a service of Yahoo.com that
allows us to access reviews from affiliate sites). These
sources are among the most popular websites for
consumer reviews and have a very high reach and
acceptance among consumers, reflected in the number
of unique visitors and the number of years of exis-
tence. The parent websites of all the three services fall
among the top 10 visited sites (Yahoo!—2, eBay—8,
and Amazon—10) as ranked by the unique visitors
during data collection (Nielsen 2007). This ranking
is also consistent with the comScore ranking (Yahoo!
sites—2, eBay—6, and Amazon—8) (comScore 2008).
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UGC Data Collection
Because the UGC data are not efficient to collect or
process manually, we resort to automated techniques
for data collection and analysis. Here, we briefly out-
line the procedure adopted for data collection and
preprocessing. Details are in Online Appendix A
(available as part of the online version that can be
found at http://mktsci.journal.informs.org/).

The data collection for UGC varies for each site,
because no one standard method can get data from
these disparate sites. In the cases where the sites
allow access to data through some application pro-
gramming interface (e.g., Amazon Web Services or
Yahoo! Shopping), we use that approach. In the case
of Epinions.com, where no Web service is available,
we develop scripts to collect data from the site peri-
odically. We store the collected reviews at a disaggre-
gate (individual-review) level so that we can parse the
individual reviews and aggregate them for our anal-
ysis. We extract and store numerical data, such as rat-
ings, in numeric format. In total, the sample contains
347,628 reviews between June 2005 and Jan 2010.

To arrive at the valence of the reviews, we use two
algorithms proven to be reliable for text classification
applications in a specific domain (such as product
evaluation): the naïve Bayesian classifier and the sup-
port vector machine classifier. The details can be
found in Online Appendix A. We use voting between
these algorithms to arrive at the valence of the review,
as has been done in the prior literature (Das and Chen
2007). Almost 94% of classifications of the reviews
are in agreement between the two algorithms. Among
the rest, we resort to manual classification if the total
number of words in the reviews is more than 10.
We discard those reviews that have 10 words or fewer
because of a lack of information content in these texts.
We then aggregate the individual consumer reviews
of a particular firm in any given day. Doing so, we
derive the daily time-series data for each metric of
UGC for every firm in our sample.

Measures
This section describes the measures of UGC, stock
market performance, and the control variables.

Measures of UGC
UGC can be characterized by several metrics
(e.g., Godes and Mayzlin 2004, Liu 2006). We restrict
our analysis to four important metrics: ratings, chat-
ter, positive valence, and negative valence. We explain
each of these metrics below.

Ratings. The simplest measure that we use is con-
sumer ratings. Ratings are the numerical assessment

of the product by consumers based on a numeric scale
designed by each website (on a scale of 1 (bad) to 5
(good)). We measure the aggregate rating of a firm
by taking the arithmetic mean of all the individual
ratings of a firm across websites in a day.

Volume of Chatter. Volume of chatter refers to
the total number of reviews posted by consumers
about the products of a firm in a day. This measure
reflects the magnitude of coverage received by the
firm in UGC.

Valence. Valence of UGC refers to whether
the overall review is positive or negative. We derive
the valence of a review from an analysis of the text
in the reviews using computational procedures as
explained in Online Appendix A. The statistical algo-
rithms used for the binary text classification of the
reviews are proven to be robust (e.g., Domingos and
Pazzani 1997, Joachims 1998). We classify the review
as positive or negative and then count the number of
classified reviews for a given firm in each time period,
which constitutes the positive or negative chatter,
respectively. In the tests of robustness, we test alter-
nate measures of valence by counting the number of
positively (or negatively) laden words for each firm
in a given time period.

Measures of Stock Market Performance
This subsection explains the method for the mea-
surement of the three measures of stock market per-
formance: abnormal returns, idiosyncratic risk, and
trading volume. We first specify the firm’s daily
expected return using the Fama–French (1993) three-
factor (plus the Carhart 1997 momentum factor)
model, where the factors account for marketwide fac-
tors influencing a firm’s returns. Prior studies in mar-
keting have used this technique to measure for firm’s
abnormal returns and idiosyncratic risk (e.g., Sood
and Tellis 2009, Luo 2009, Wiles et al. 2010, Tuli and
Bharadwaj 2009). We derive two financial measures
from this model: the estimated abnormal returns and
the estimated conditional volatility (risk).

We model the conditional variance of the error in
this model as an EGARCH process (exponential gen-
eralized autoregressive conditional heteroskedastic-
ity; see Nelson 1991) to account for the time-varying
nature of the firm’s risk. The EGARCH specification is
proven to have a better fit than any of the other condi-
tional heteroskedasticity specifications and helps cap-
ture the asymmetry of conditional volatilities (e.g., Fu
2009, Huang et al. 2010, Engle and Ng 1993). We spec-
ify the returns of a firm as

Ri1 t −Rf 1 t = �i +�i1MKT 4RMKT 1 t −Rf 1 t5+�i1 SMB SMBt

+�i1HMLHMLt +�i1MOM MOMt + �i1 t1
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where t is the subscript for the time period, i is the
firm-specific index, Ri1 t is the return2 of the stock i in
time t, RMKT 1 t is the market portfolio return, Rf 1 t is
the risk-free rate of return (30-day treasury bill), SMBt

is the small-minus-big capitalization factor, HMLt is
the high-minus-low book-to-market equity factor, and
MOMt is the momentum factor in the given time
period. The �s are the factor loading coefficients, and
a, b, and c are the coefficients of the risk process.

Prior studies across marketing and finance use sim-
ilar measures of idiosyncratic abnormal returns and
risk (e.g., Tuli and Bharadwaj 2009, Luo 2009, Fu
2009, Huang et al. 2010). We run this regression for a
rolling window of 250 trading days prior to the tar-
get day to get the estimated factor coefficients of the
Fama–French model (Equation (1)). The risk-adjusted
returns (abnormal returns) on time period t + 1 is
taken as the estimated abnormal returns of a firm for
that period (e.g., Avramov et al. 2009). Specifically, the
abnormal return for a firm in time period t + 1 is

6Ri1 t+1 −Rf 1 t+17−
{

��i1MKT 4RMKT 1 t+1 −Rf 1 t+15+
��i1 SMB

· SMBt+1 + ��i1HMLHMLt+1 + ��i1MOM MOMt+1

}

0 (2)

Henceforth, in the interests of brevity, we use the
term “returns” for “abnormal returns.” The idiosyn-
cratic risk is the estimated conditional variance �i1 t of
the residuals. Prior studies (e.g., Fu 2009) show that
the estimated conditional variance provides an accu-
rate estimate of the idiosyncratic risk.3 We repeat this
procedure on a rolling basis for all the trading days
in the sample to get the returns and idiosyncratic risk
for each day. The statistical properties of the abnormal
returns are summarized in Online Appendix C5.

We measure trading volume as the daily turnover
that is measured as the volume of trade of a firm in a
given day adjusted for the number of shares outstand-
ing at the end of the day (e.g., Campbell et al. 1993,

2 Stock returns are calculated on the daily closing price adjusted for
corporate actions (e.g., dividends).
3 We find different permutations of EGARCH 4p1 q5 specifications
(EGARCH 41115, EGARCH 41125, and so on till EGARCH 43135),
for day t + 1 for each of the individual stocks. We then choose the
specification with the lowest Akaike information criterion (AIC)
(Fu 2009).

Chordia and Swaminathan 2000), thus controlling for
any potential firm size effects. All the financial data
for calculating stock returns, trading volume, and the
factors used in the model are available from CRSP.

Measures of Control Variables
We describe the measures of four control variables:
analysts’ forecasts, advertising, media citations, and new
product announcements.

Analysts’ Forecasts. The analysts’ forecasts are
measured as the median estimate of the analysts’ con-
sensus forecast of the earnings obtained from the
I/B/E/S database.

Advertising. A firm’s advertising spending is the
daily dollars spent on television advertising by a firm
obtained from TNS Media Intelligence.

Media Citations. Media citations are the number of
articles in the print media on the firm in any given
day from LexisNexis and Factiva. We search for rele-
vant firms or firms in these databases as follows. First,
we do an elaborate search for all articles that men-
tion the name of the firm or brands (or subbrands)
in our sample. We search across major newspapers,
dailies, and news wire services (including the Wall
Street Journal, which is covered by Factiva) in each
of these databases for each day within the time hori-
zon of our study. LexisNexis assigns a relevancy score
for each article in its index and assigns it in the cor-
responding tags in the results. We use this score to
ensure that the articles do indeed discuss the brand
or the firm of interest and are not incidental mentions
in the article. Specifically, we identify the articles that
are relevant to the firm if an article is identified as
having a relevancy score of 60% or more in the Lexis-
Nexis indexing with respect to the given firm name.
Similarly, for Factiva, we use the company tag, which
shows if the search result is indeed relevant to the
firm under investigation.

New Product Announcements. We also use the
above databases and method to obtain announce-
ments of new products for each firm in each category.
In addition to the rules above, we identify firm-
specific new product announcements using the pro-
cedure outlined in Sood and Tellis (2009).

We then merge the UGC data with the finan-
cial data (returns, idiosyncratic risk, trading volume),
advertising data, new products data, and analysts’
forecasts based on firm and date to get the 1,112 trad-
ing days of data.

Models
This section describes the models for estimating the
relationships between measures of UGC and mea-
sures of stock market performance. It covers the ratio-
nale for the model, tests for stationarity and units
roots, the test for Granger causality, model specifica-
tion, and modeling dynamics.
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Rationale for VAR
We adopt the persistence-modeling framework using
the vector autoregression (VAR) for our empirical
investigation. VAR is suitable for examining the
dynamics of the relationship between UGC and stock
performance for several reasons. First, VAR is appro-
priate for this study as opposed to event studies,
because UGC is generated continuously over time
and is not a discrete event (Campbell et al. 1997, Srini-
vasan and Hanssens 2009). The VAR model allows us
to examine the immediate and lagged-term effects of
different UGC metrics on stock market performance
(Dekimpe and Hanssens 2004). Second, it allows us
to account for direct and indirect feedback effects
among the endogenous variables (here, the three stock
market performance metrics and four UGC metrics)
through the system of equations. Third, it captures
the dynamics of carryover effects over time through
the generalized impulse response functions, which
helps in and also assesses the relative contribution of
the different metrics of UGC through the generalized
forecast error variance decomposition (Pesaran and
Shin 1998)—both of which are robust to the assump-
tions of causal ordering of the variables. Fourth, it
helps control for trends, seasonality, nonstationarity,
serial correlation, and reverse causality (Luo 2009),
and it is robust to such deviations. Prior studies in
marketing and finance have successfully used vector
autoregressive models for similar purposes (e.g., Joshi
and Hanssens 2010, Luo 2009, Pauwels et al. 2004, Tet-
lock 2007). Thus, our system of equations in the VAR
model assesses the dynamics of the relation between
the UGC metrics and the stock performance metrics
accounting for exogenous factors and is robust to
deviations from the assumptions of stationarity, het-
eroskedasticity, and serial autocorrelation.

We carry out the analysis in the following steps:
(1) Estimate the stationarity properties of various met-
rics of stock market performance and UGC using
the unit root and cointegration tests. (2) Test for
causal relationship among the variables through the
Granger causality test. (3) Estimate dynamics of carry-
over effects through analysis of the impulse response
functions. (4) Estimate the contribution of the metrics
using variance decomposition. Finally, to check the
generalizability of the results across categories, in the
robustness section we run a panel VAR model.

Test for Stationarity, Unit Roots, and Cointegration
We conduct stationarity and unit root tests to exam-
ine the stability of the statistical properties of the
metrics of stock market performance and UGC.
These unit root tests investigate whether the vari-
ables entering the system evolve continually or
are stationary. Following the literature (Dekimpe
and Hanssens 2004), we used both the Augmented

Dickey–Fuller (ADF) test for the evolution of vari-
ables and the Kwiatkowski–Phillips–Schmidt–Shin
(KPSS) test (Kwiatkowski et al. 1992) so as to ensure
that our results are robust to alternate formulations
of the null hypothesis. If the variables are integrated
in their levels, we run Johansen’s procedure to test
for cointegration (Johansen 1995) to examine whether
any linear combination of these variables exhibit
lower order of integration. The results would indi-
cate whether the variables share an equilibrium rela-
tionship over a long time, i.e., exhibit a permanent
shift in the equilibrium rather than reverting to their
mean levels after a few time periods. Depending on
the results of the stationarity tests and the cointegra-
tion tests, we choose the appropriate specification for
the variables entering the VAR model. If the variables
are stationary, we choose it in the levels; if the vari-
ables evolve, we use the first difference of the series in
the model; and if the series are cointegrated, we have
to adopt error correction models with an error term
for adjustment. The metrics of stock market perfor-
mance are stationary in the levels, and the metrics of
UGC are evolving but not cointegrated; hence, we use
the first differences of the UGC metrics. The details
of implementation of these steps are discussed along
with the results.

Test for Granger Causality
The details of the tests for Granger causality are in
Online Appendix C2.

Model Specification
We specify the relationship among the metrics of UGC
and stock market performance through the following
VAR model (with exogenous variables):

Yt =

p
∑

n=1

ânYt−n +êXt + et1 (3)

where, t ∈ 8T01T11T21 0 0 0 1 T 9 is the time period index,
Y is the vector of the endogenous variables in the
system, ân are the coefficients matrices of the lags
of endogenous variables, X is the vector of control
variables and ê is its coefficients, and e is the error
term. The optimal lag order (“n”) for the VAR model
is chosen by the (Schwarz) Bayesian information cri-
terion (BIC) (Lütkepohl 2005). We specify the vari-
ables in levels or first differences, depending on the
order of integration of the variables, which is deter-
mined through the unit root and cointegration tests.
For example, the metrics of UGC and the trading
volume enter the model in first differences because
they are stationary in their first difference but not in
the levels, and they also do not exhibit cointegration
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(discussed in detail in the Results section). Taking
these factors into account, Equation (4) is specified as
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where AbRet is the abnormal returns, IdioRisk is the
idiosyncratic risk, and TrdVol is the trading volume
(daily turnover). These three are the measures of
stock performance. The UGC metrics in the model
are the VolChtr, the volume of chatter; Ratings, the
UGC ratings; NegChtr, the negative chatter; PosChtr,
the positive chatter; CompChtr, the competitor chatter;
and CompNegChtr, the negative chatter of the competi-
tor. The off-diagonal terms of the matrix â −�n

kl (k and
l being the rows and columns of the matrix, respec-
tively) estimate the indirect or the cross-carryover

effects among the endogenous variables, and the diag-
onal elements (�n

kk5 estimate the direct effect. The vec-
tor X comprises the p control variables—analysts’
forecasts, advertising, media citations, new product
announcements, and the seasonal dummies (month of
the year for November, December, and January; holi-
days such as Labor Day, Memorial Day). Each of the
equations in the system explains the influence of UGC
after controlling for the above control variables.

We estimate the model using generalized method
of moments (GMM) (Hansen 1982), which does not
make distributional assumptions on the data and con-
trols for heteroskedasticity and temporal autocorre-
lation in measures of stock performance and UGC.
Campbell et al. (1997, pp. 173–175) suggest that esti-
mating models explaining the returns using firm
(or marketing) characteristics by GMM are consis-
tent and unbiased. Furthermore, they suggest using
heteroskedasticity-consistent standard errors to over-
come any temporal heteroskedasticity. To this end,
we use the heteroskedasticity- and autocorrelation-
consistent covariance estimator (also referred as the
Newey–West standard error; see Newey and West
1987), calculated for up to five lags. More details of
the estimation procedure and its econometrics prop-
erties can be found in Hayashi (2000, Chapter 6) and
Hamilton (1994, pp. 409–416).

Modeling Dynamics and the
Relative Contribution of Metrics
We model the dynamics in the system with the help
of the generalized impulse response function (Pesaran
and Shin 1998) based on the above VAR estimation.
We use the generalized impulse response function for
these because it is not sensitive to the causal order-
ing of the variable entering the system. We com-
pute the confidence intervals of the impulse response
functions using Monte Carlo simulations. We further
assess the relative impact of the metrics of UGC on
the stock performance using the generalized forecast
error variance decomposition techniques (Koop et al.
1996, Pesaran and Shin 1998).

Table 2 Distribution of Metrics of UGC Across the Markets

% Positive % Negative
Markets chatter chatter

Personal computer 75025 22017
Cell phone 70025 25036
PDA/smartphone 75024 22089
Data storage 65042 30075
Toys 78025 18074
Footwear 87056 10087
Average 75033 21079

Note. The percentage of positive and negative might not add to 100 because
some of the observations could not be classified either as positive or negative
chatter and are not included for further analysis of valence of chatter.
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Figure 1 Time-Series Plot of Selected Metrics of UGC
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Results
Table 2 shows the distribution of positive and nega-
tive metrics of UGC across the various markets for the
sampled time. Note that positive comments dominate
the reviews across markets. Figure 1 depicts the trend
of metrics of UGC over time aggregated to the weekly
level. Note how all metrics show an upward trend as
UGC becomes a more popular medium in the popu-
lation. Figure 2 shows the time-series plots of chatter
and stock prices (adjusted for corporate actions such
as splits and bonuses). The sampled time covers a
period when the overall stock market went up sub-
stantially and fell steeply. Moreover, each stock shows
a varying and deferring pattern in upward and down-
ward movement. Thus, there is substantial variation
in the raw data. The figure shows a moderate rela-
tionship between stock prices and chatter for all firms.
The subsequent subsections examine this relationship
systematically using the models outlined above.

We first present the tests for stationarity, unit root,
cointegration, and Granger causality. We next esti-
mate the model and derive the impulse response
functions to examine the short-term and accumulated
(long-term) relationship between UGC and stock per-
formance and the duration of the impact. We next
estimate the relative importance of the metrics of
UGC by generalized forecast error variance decom-
position. Finally, we describe a portfolio analysis and
various tests for robustness.

Tests for Stationarity and Unit Root
and Cointegration
We use the ADF test to determine whether the vari-
ables are evolving or stationary. We also examine the
variables with the KPSS test (Kwiatkowski et al. 1992)
to ensure that our results are robust to assumptions of
null hypothesis of unit root. For the returns, the pres-
ence of a unit root in the ADF test is safely rejected
(see Table 3), suggesting that the returns are stable
and stationary in the given time period. Alternatively,
the KPSS test also confirms that the absence of unit

root for stock returns as the null hypothesis for this
test cannot be rejected at 95% confidence level (here,
the null hypothesis assumes stationarity or absence of
unit root). We run these tests on the various metrics
of UGC with and without the trend to account for
growth of the online media during the time period
under consideration. The results of the ADF tests
on the levels of various metrics of UGC have val-
ues ranging from −0025 to −3026 (much less than the
range of critical values at 0.05 level of significance),
suggesting that the metrics of UGC evolve in levels.
We then ran the cointegration tests (Johansen 1995)
to see whether any combination of the UGC met-
rics and stock performance variables (returns, trading
volume, or risk) show cointegration over the given
time period (the details of the cointegration tests are
in Online Appendix C1). Because no cointegration is
observed among the variables, we take the first dif-
ferences of the metrics of UGC and run the ADF and
the KPSS tests to assess their suitability as possible
endogenous variables in the VAR model.4 The first
differences of the metrics of UGC are stationary, as
shown in Table 3.

Granger Causality Tests
We test for the presence and direction of a causal rela-
tionship between each metric of UGC and returns or
risk by conducting the Granger causality tests. In the
first set of tests, we assume the null hypothesis that
the metric of UGC (e.g., Volume of chatter) does not
“Granger cause” returns. We use five5 lags consider-
ing the Akaike information criterion and the Schwarz
Bayesian information criterion. Table 4 shows the
median p-values of the Wald test (chi-square) statistic
for Granger causality. The results suggest that some
metrics of UGC significantly Granger cause returns

4 More details on the steps of VAR framework can be found in
Dekimpe and Hanssens (2004).
5 We repeat these tests for lags up to 25 days on each of the metrics.
There was no significant temporal causation seen in these higher-
order lags.
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Figure 2 Time-Series Plot of Chatter and Stock Prices of Selected Markets (January 2005 to December 2009)
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while others do not. Volume of chatter shows a strong
impact on returns (median p = 0004, ranging from 0.02
to 0.07 across firms), followed by negative chatter
(median p = 0005 ranging from 0.03 to 0.07) and then
positive chatter. The average ratings do not Granger
cause stock market performance. The reverse feed-
back (causality) from returns to metrics of UGC is
not significant (median p-value ranging being 0.23,
ranging from 0.13 to 0.49). The instantaneous causal-
ity also emerges to be insignificant across the metrics
(median p-value of 0.29). These results confirm the
temporal causal relationship between the metrics of
UGC and stock returns.

We do similar tests for risk and trading volume.
The details of the result are in Table 4. The results
suggests that negative chatter Granger causes risk
(median p = 0005; range, 0.02 to 0.08). Other metrics

Table 3 Summary of Unit Root/Stationarity Tests of the
Endogenous Variables

ADF test KPSS test

Returns −4062 0011
Idiosyncratic risk −4048 0026
Trading volume −4042 0028
ãVolume of chatter −4079 0023
ãNegative chatter −4076 0025
ãPositive chatter −4060 0020
ãRatings −4063 0026
ãCompetitor chatter −4058 0020
ãCompetitor negative chatter −4062 0025

Notes. All the metrics of UGC are measured in first differences.
The critical value at 5% is −3044 for the ADF test and 0.463 for
the KPSS test. The details can found in Tables B1 and B2 (in
Online Appendix B).

Table 4 Summary of the Results of Granger Causality Tests

ã Negative ãPositive
ãChatter chatter chatter ãRatings

Returns 0004 0005 0013 0015
Risk 0011 0005 0018 0019
Trading volume 0003 0006 0008 0013

Notes. The estimates of the Granger causality are the median of the signifi-
cance of the joint chi-square statistics. Significant values are represented in
bold. Results by individual firms are in Table B3 in Online Appendix B.

(volume of chatter, positive chatter, or average rat-
ings) do not exhibit statistical significance. The reverse
feedback from risk to any of the metrics of UGC is
not significant (median p = 0028). We do not find any
significant change in the results of returns or risk
because of the inclusion of higher-order lags.

Short- and Long-Term Relationship
Between UGC and Stock Performance
We estimate the VAR model with the returns, risk,
trading volume, and the metrics of UGC (volume of
chatter and negative chatter) as the endogenous vari-
ables. We test the residuals of the models for some
of the assumptions of the VAR model using standard
diagnostic tests.6 The optimal lag length for the VAR
models is three, as determined by Schwarz’s Bayesian
information criterion.

6 We test the assumption of autocorrelation using the Durbin–
Watson and Lagrange multiplier tests; we test the assumption of
multivariate normality using the Jarque–Bera test. Because we do
not get significant positive results in any of these tests, we safely
conclude that the models in our analysis are robust to any of these
misspecifications.
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We show the short-term and long-term dynam-
ics between the metrics of UGC, returns, and risk
using the estimated VAR model through simulations
of the generalized impulse response function (Pesaran
and Shin 1998, Dekimpe and Hanssens 1999). The
generalized impulse response function uses the VAR
estimates to trace the effect of a unit shock (one stan-
dard deviation) in any one of the variables (a measure
of UGC) on all other variables (returns, risk, or trad-
ing volume) in the system over subsequent peri-
ods. We define the short-term impact as the effect
derived from estimates of the VAR model for the
first three time periods, the average time taken for
the effect of UGC metrics to reach their peak effect.
We define the long-term or cumulative impact as the
accumulated impact of the impulse response function
(of the metrics on UGC on metric of stock perfor-
mance) to reach its asymptote. Most of the accu-
mulated effect on stock returns reaches the long-run
(asymptotic) levels within 10 time periods. Hence, in
effect, we take the long-term (accumulated) duration
as a period of 15 days, ensuring that we have cap-
tured the total effect of UGC metrics on stock perfor-
mance. To avoid ambiguities in the representation of
the effect of returns, we follow the convention in the
finance and accounting literatures, and we express the
short-term and cumulative impact on stock returns in
basis points (one basis point is one-hundredth of a
percentage).

Table 5 presents the results, averaged across the
firms, of the short-term and accumulated impact of
the metrics of UGC on returns and risk.7 Among the
various metrics, volume of chatter has a high pos-
itive impact on returns in the short term (6.3 basis
points, p < 0001) and a similar accumulated impact
of 14.8 basis points (p < 0001). Volume of chatter also
has a significant positive influence on the trading vol-
ume with the short term and an accumulated impact
of 0.08% and 0.10% of daily turnover, respectively
(p < 0001). Although volume of chatter has a signifi-
cant impact on returns, it has no significant impact on
firm’s risk. Positive chatter does not have a significant
impact on returns, risk, or trading volume. Negative
chatter, on the other hand, influences returns nega-
tively both in the short term (−402 basis points, p <
0005) and in the long term (−804 basis points, p < 0005).
This figure is comparable with that in the study of
Tellis and Johnson (2007). In contrast to the effect on
stock returns, negative chatter increases the risk and
trading volume of the firm. These results are over and
above the effects of advertising, which is separately
accounted for in our model. This result shows that

7 The detailed results for each firm are in Online Appendix B in
Tables B4, B5, and B6 for stock returns, volatility, and trading vol-
ume, respectively. The values presented here are the median values.

Table 5 Short-Term and Accumulated Impact of UGC Metrics on
Stock Performance

ãTrading
Returns Risk volume

ãChatter
Immediate 6031 00001 00075
Accumulated 14082 00021 00110

ãRatings
Immediate 1081 00002 00045
Accumulated 2034 00009 00079

ãNegative chatter
Immediate −4021 00005 00025
Accumulated −8037 00011 00058

ãPositive chatter
Immediate 3021 00002 00038
Accumulated 6027 00006 00086

ãCompetitor chatter
Immediate −2018 00002 00023
Accumulated −5013 00010 00069

ãCompetitor negative chatter
Immediate 3016 00003 00051
Accumulated 7036 00008 00076

Notes. Estimates from the VAR model and the impulse response functions.
Only the relevant endogenous variables are shown in this table. The values
for returns are in basis points (1 basis point = one hundredth of a percent-
age). The values for risk are measured as change in stock prices, and the
trading volume is measured as percentage daily turnover. Significant val-
ues are represented in bold. The details for individual firms can be found in
Tables B4–B6 (see Online Appendix B).

the word-of-mouth effects are significantly larger than
advertising.

Although these effects seem to be small in basis
points, they have a substantial impact in terms of the
dollar value. In monetary terms, the negative rela-
tionship between chatter and returns could translate
into a substantial impact on the market capitalization
of the firms. Other factors remaining equal, a unit
shock to negative UGC could erode about $1.4 million
from the average market capitalization in the short
term and an accumulated value of $3.3 million over
the 15 days following the chatter. Surprisingly, the
influence of the ratings assigned by consumers to the
products does not seem to have any significant effect
on returns or trading volume. We also test the model
by separating the ratings as positive (greater than 3)
and negative (less than 3). The inclusion of the posi-
tive and negative ratings in the Granger causality test
or the VAR model does not change the results. This
result suggests that textual content of the reviews has
more information content than a summary measure
of rating.

Effects of Competitor UGC
Similar to the effect of own UGC on the returns,
we also assess the effect of the competitor UGC on
a firm’s UGC metrics and financial metrics (returns,
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risk, and trading volume). Increase in competitor neg-
ative chatter UGC increases the volume of chatter of
the firm. A percentage increase in competitive chatter
increases the volume of chatter of the target firm by
7% on an average (range 2%–13%). The last two rows
of Table 5 show that an increase in competitor chat-
ter has an adverse effect on the returns of the target
firm. An increase in competitive chatter decreases the
returns of a target firm by 2.2 basis points in the short
term and by 5.1 basis points cumulatively (both sig-
nificant at 0.01 levels). Competitor chatter also has an
influence on the risk of the target firm (0.2% change in
stock price in the short term and 1.0% cumulatively,
p < 0001). Similar results hold for the effect of competi-
tor chatter on the target firm’s trading volume. On the
other hand, an increase in competitor’s negative chat-
ter has a positive influence on the firm’s returns. The
firm stands to gain 3.2 basis points from changes in
competitor’s negative chatter with an accumulated
gain of 7.4 basis points. However, the negative chatter
of competitors does not seem to influence the risk or
the trading volume.

Duration of Impact
Figure 3 illustrates the results of the impulse response
function for Hewlett-Packard in the personal com-
puter market. The first panel of Figure 3 shows that
a one-unit shock in volume of chatter has an increas-
ing impact on returns, reaching a peak (wear-in) in
the second day. Returns then wear out over the next
few days to long-term equilibrium, resulting in an
accumulated value of approximately 14.8 basis points.
The impulse response of returns to negative metrics
of UGC contrasts sharply with that to volume of chat-
ter. The second and third panels of Figure 3 depict the
impact of a unit shock of negative chatter on stock
returns and volatility, respectively. Negative chatter
has a negative impact on returns immediately with
an accumulated loss of 8.4 basis points over the next
few days, whereas the negative chatter increases the
risk associated with the stock, which peaks in about
four days. The negative metrics of UGC show a strong
immediate impact on returns on the subsequent day
and decay to the equilibrium levels over the next
four days. Table 6 summarizes duration of these
effects.

Relative Importance of Metrics of UGC
We use the generalized forecast error variance decom-
position (Pesaran and Shin 1998) of returns and risk to
assess the relative importance of the various metrics
of UGC. The decomposition ascertains the extent to
which change in various metrics of UGC contributes
to the deviation of returns, risk, and trading vol-
ume from baseline expectations. We use the different
metrics of UGC (ratings, volume of chatter, negative
chatter of those of the firms, and the volume of chat-

Figure 3 Accumulated Impulse Response Functions of Key
UGC Metrics
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Notes. The vertical axis shows the returns (in basis points) in panels 1 and 2.
In panel 3, the vertical axis is the idiosyncratic risk. In all the panels, the
horizontal axis depicts the time in days. The graph shows the confidence
band (light) on either side of the response function (bold).

ter and negative chatter of the competitors) endoge-
nously with the stock performance variables in the
VAR specification described in Equation (4).

Table 7 shows the relative importance of these met-
rics in determining the stock returns, risk, and trad-
ing volume. The results show volume of chatter to be
the most important metric that influences the stock
performance, followed by negative chatter. Whereas
chatter explains 6.5% of variance of returns and 5.6%
of the variance of trading volume, negative chat-
ter explains 4.7% of variance of returns and 4.6%
of variance of change in trading volume.8 Competi-
tor’s UGC explains 0.83%, with competitor’s chatter

8 The total variation has been normalized and the remaining vari-
ation in returns, risk, or trading volume is contributed by the his-
torical values of the respective stock performance variable.
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Table 6 Duration of the Short and Accumulated Impact

ãNegative ãPositive ãCompetitor
ãChatter chatter chatter ãCompetitor negative chatter

Wear-in Wear-out Wear-in Wear-out Wear-in Wear-out Wear-in Wear-out Wear-in Wear-out

Returns 2 3 2 5 1 2 2 1 1 2
Risk 1 5 4 7 1 3 1 2 1 2
Trading volume 3 5 1 4 2 2 2 3 1 3

Notes. From the generalized impulse response function. All values are depicted in mean time (in days).

Table 7 Variance in Stock Performance Explained by the Metrics
of UGC

Return Risk Trading volume

ãChatter 6054 3065 5064
ãRatings 003 0024 1013
ãNegative chatter 4065 4056 2053
ãPositive chatter 0056 0079 0074
ãCompetitor chatter 0045 0027 0035
ãCompetitor negative chatter 0038 0064 0021

Notes. From generalized forecast error variance decomposition. All figures
are in percentages. The table depicts the normalized percentage contributions
by metrics of UGC for the first period only. The other contributions by the
variables own past values or by other stock performance variables are not
shown.

contributing 0.45% and competitor’s negative chatter
contributing 0.38% of variance. Similar results hold
for the influence of chatter on risk, where negative
chatter accounts for the largest variation (4.56%) in
risk among all the UGC metrics. We could safely con-
clude that the firm’s risk increases because of the
increase in negative information and uncertainty of
future stock market performance.

Consistent with prior results, the effect of chatter
persists for about six days (see Figure 4). After an
immediate influence on returns, the contribution of
volume of chatter and negative chatter to the vari-
ance of the stock returns diminishes rapidly after four
days. Similar results hold good for the influence of
chatter on trading volume. Negative chatter shows
a similar influence on returns over time, although
the percentage of variance explained is not as much
as that of volume of chatter. However, the influence
of negative chatter on risk is strong and persists for
about six days.

Impact of Control Variables
The impact of chatter on stock market perfor-
mance holds after controlling for several exogenous
variables: advertising, new product announcements,
media citations, and analysts’ forecasts. We next
describe the impact of these control variables.

Advertising has a significant positive influence
on chatter. A 1% increase in advertising expendi-
ture increases volume of chatter by 0.09 (p = 0005),
averaged across the firms. These figures translate

into an advertising elasticity of 0.09. These estimates
of advertising elasticity are slightly lower than the
average advertising elasticity of 0.1 in the literature
(Sethuraman et al. 2011, Tellis 2004). Although adver-
tising has a strong influence on the volume of chatter,
it does not have a statistically significant effect on the
positive chatter or ratings of the firms. The elasticity
is higher for firms in market categories such as data
storage products, footwear, and toys than for firms in
other categories. This difference could occur because
of the greater brand differentiation in the latter cate-
gories, especially footwear and toys. Advertising has
a negative impact on the negative metrics. For every
percent increase in advertising, the negative chatter
decreases by 0.064.

New product announcements have a positive
impact on chatter in certain product categories such
as cell phones and computers. However, this relation-
ship is not statistically significant for product cate-
gories such as toys and footwear. This result may be
because online consumers are more responsive to dig-
ital products than to other products. The elasticities
of all the metrics are shown in Table 8.

Media citations and analyst forecasts do not influ-
ence any of the UGC metrics. The results of the effect
of metrics of UGC on the stock performance hold
good even after these factors are accounted for in our
model.

Analysis Over Time
We repeat the analysis over rolling windows of
time to investigate whether the phenomenon changes
over time. We use a rolling window of two years
starting from June 2005 till December 2009, repeat-
edly reestimating Equation (4). Table B8 (see Online
Appendix B) summarizes the results for the three
UGC metrics, which were significant in the prior
analysis. We find that, on average, the magnitude of
the effect seems to be decreasing to a small extent
over time for all the metrics (both in the short term
and in long term). The size of the effect is much
more pronounced for the accumulated response than
for the short-term response. The immediate response
to volume of chatter decreases over time, from 6.85
basis points (in the period 2005–2007) to 6.4 basis
points (in the period 2007–2009). This amounts to an
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Figure 4 Explained Variance of Returns by Metrics of UGC
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Notes. From the accumulated generalized forecast error variance decomposition. The figure depicts the normalized percentage contributions by metrics of
UGC for each time period. The contributions from all the variables at each time point sums to 100%. The rest of the contributions to the variance are by the
past returns, risk, and trading volume (not shown here to retain the readability of the graph).

average decrease of 3.1% for the short-term response
and an accumulated decrease of 8.8% over time to
the change in volume of chatter. Similarly, we find
that the immediate response to negative chatter aver-
ages a 2.5% decrease over the years and the accu-
mulated response decreases by an average of 12.1%.
These results may imply increasing market efficiency
as investors increasingly become aware and process
UGC. However, we must be cautious in interpretation
because this analysis over time is done over a period
of only three years.

Robustness Tests
We carry out several tests to ascertain the robustness
of the above results.

Analysis Using Panel Time Series. Alternatively,
we also model the relation between the metrics of

Table 8 Influence of Other Marketing Variables on UGC Metrics

New product Media
Advertising announcements citations

ãChatter 0009 0003 0004
ãRatings 0001 0001 0002
ãNegative chatter −0006 0004 0003
ãPositive chatter 0002 0002 0001
ãCompetitor chatter 0001 0003 0007
ãCompetitor negative chatter 0001 0005 0005

Notes. Estimates of elasticities of the marketing mix variables from the
VAR model. Significant values are represented in bold.

UGC and stock performance as a dynamic system of
simultaneous equations using the panel vector auto
regressive model (e.g., Horváth et al. 2005, Pauwels
and Srinivasan 2004) to account for possible hetero-
geneity among firms and find out the joint signif-
icance of the effects. To run a pooled model, we
have to first ensure that the different firms could be
pooled (the overview of the test for pooling is Online
Appendix C3, and the complete details are in Baltagi
2008, pp. 57–63). After ensuring that the model can
be pooled across firms, we specify the relationship
among the metrics of UGC and stock market perfor-
mance as

Yi1 t =

p
∑

n=1

ânYi1 t−n +êXi1 t +Vit + eit1 (5)

where i = 81121 0 0 0 1159 is the firm index, t ∈

8T01T11T21 0 0 0 1 T 9 is the time period index, and v
accounts for firm-specific effects. The rest of the
definitions of variables remain the same as in
Equation (3). We further assume that the errors are
orthogonal to the lagged values of the endogenous
variables as well as the control variables and that
E4eit � Yit−11 0 0 0 1Yit5 = 0. As in the model in Equa-
tion (3), the variables enter the panel VAR model in
first differences because of the stationarity properties
of the time series (details are in Online Appendix C2).
Note that the time dimension is much larger than the
number of cross sections. Hence, because of the large
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time-series asymptotic properties, we could circum-
vent the estimation problems typical in analysis of
dynamic panels (e.g., Holtz-Eakin et al. 1988, Pesaran
and Shin 1995). We estimate the model simultane-
ously in Equation (5) using feasible generalized least
squares (FGLS) with the Newey–West standard error
(Newey and West 1997), controlling for any temporal
heteroskedasticity and autocorrelation in the errors.
As in the unpooled model, we estimate the impulse
response functions and derive the short-term and
cumulative (long-term) effects. We estimate the latter
model up to five lags. The results of the pooled model
are summarized in Table B7 (in Online Appendix B).
The results of the pooled model are consistent with
the original results. This confirms that our original
findings are robust to market- or firm-specific hetero-
geneity and are not sensitive to the specification of the
model in Equation (3). We also estimate the system
using only the abnormal returns, the results of which
are summarized in Online Appendix C4.

Alternative Metrics of UGC. We use alternative
means of measuring the valence of the reviews to
check the sensitivity of the model to the measure-
ment of valence using the text classification algo-
rithms. Instead of classifying the review as positive or
negative (which was done earlier based on the naïve
Bayesian and support vector machine algorithms),
we now count the total number of positive or neg-
ative words and phrases across all the reviews of a
given brand in a given day, which we label posi-
tive expressions or negative expressions, respectively.
We use a dictionary-based frequency count of posi-
tive and negative terms for a given product. The effect
of positive expressions is not statistically significant,
whereas the negative expressions have a significant
effect on the stock performance metrics (details in
Online Appendix Tables B3 and B4). These results are
consistent with the earlier analysis of the valence ana-
lyzed using the text classification method, and hence
we could safely conclude that the results are not sen-
sitive to alternate measures of the valence.

Portfolio Analysis. We carry out a portfolio anal-
ysis to check the robustness of the VAR analysis
and ascertain investment opportunities in the results.
Specifically, we try to address the following ques-
tion: Do the asymmetric returns between negative
and positive chatter hold when we try to use these
metrics for investments? We use the calendar port-
folio method (Jaffe 1974, Mandelker 1974) to answer
this question. Calendar portfolio estimates the risk-
adjusted returns across all the firms experiencing a
similar event. In this approach, we form positive or
negative portfolios by including all the firms experi-
encing positive or negative chatter, respectively, in a

Table 9 Results of the Calendar-Time Portfolio Analysis

Average
number
of firms � MKT SMB HML MOM R2

Positive
portfolio

5 0006 0048 0031 0043 0015 0082
Negative

portfolio
6 −0017 2036 0002 −0021 0072 0079

Notes. Estimated as the abnormal returns to portfolio from the four-factor
model. Bold statistics imply statistical significance. � is the value of the
abnormal returns for the portfolio, and MKT, SMB, HML, and MOM refer to
the market, size, book-to-market, and momentum factors, respectively.

given day and track the returns to these portfolios.
Specifically, we include a firm in the positive (or neg-
ative) portfolio if the volume of positive (or negative)
chatter for the firm in a given day is greater than
50% of the overall volume of chatter. The composi-
tion of each of the portfolios changes daily as firms
are added or deleted, depending on the valence of the
chatter in a given day. We estimate the returns on the
portfolio using the Fama–French three-factor model
with Carhart momentum:

Ri1t−Rf 1t = �i+�i1MKT 4RMKT 1t−Rf 1t5+�i1SMBSMBt

+�i1HMLHMLt+�i1MOMMOMt+ei1t (6)

e ∼ N401�250

The estimates of � in Equation (6) give us the returns
of the portfolio over and above that predicted by
the four factors included in the model. The results
(in Table 9) corroborate the asymmetry of the results
reported earlier in the estimates of the VAR models
and the impulse response function. The returns of the
negative portfolio emerge as negative and are statisti-
cally significant. This result contrasts with that for the
positive portfolio, which has an � that is not statisti-
cally significant. The overall gains using this strategy
with an initial investment of a hundred million dol-
lars yields an average annual profit of $7.9 million
over the four years in our sample.

Discussion
UGC has been rapidly growing in the last few years.
This study sought to ascertain whether UGC is related
to stock market returns; if so, which metric of UGC is
the most important; and what are the dynamics of this
relationship. This section summarizes the main find-
ings from the study, lists the contributions, discusses
key issues, draws implications, and lists limitations.
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Summary
The main findings of this study are the following:

• Volume of chatter has a significant positive lead
effect on returns of a few days. Granger causality
tests suggest that UGC predicts returns and trading
volume, but not vice versa. The impact of UGC on
returns prevails even after controlling for analysts’
forecasts, media citations, advertising, and new prod-
uct announcements.

• Of all metrics of UGC, volume of chatter has the
strongest relationship with returns in the short term
and long term (cumulatively). Numerical ratings do
not have any significant impact on returns.

• Positive and negative metrics of UGC have an
asymmetric impact on returns. Negative metrics have
a stronger influence on returns than do positive met-
rics. In absolute terms, the erosion of value by nega-
tive UGC is greater than the accrual of value because
of positive UGC. Whereas negative UGC has a signif-
icant negative effect on returns with a short wear-in
and long wear-out, positive UGC has a nonsignificant
effect on returns.

• The volume of chatter and negative chatter is
found to positively influence the trading volume in
both the short term and the long term.

• Competitor chatter is found to negatively influ-
ence a firm’s stock returns while having a positive
influence in the risk and trading volume.

• Off-line television advertising increases the vol-
ume of chatter while decreasing negative chatter.

• Idiosyncratic risk increases significantly with
negative information in UGC. Idiosyncratic risk is not
influenced by other metrics of UGC.

Contributions
This study makes several contributions. First, it is the
first study to show that UGC is related to the stock
market performance of the firm. Second, it is the first
study to show which of four metrics—volume of chat-
ter, ratings, positive valence, or negative valence—are
important. Third, this study makes a methodological
contribution by demonstrating techniques to aggre-
gate and derive these dimensions from UGC. Fourth,
it is the first study to examine the dynamics of the
relationship between the various metrics of UGC and
stock market performance (returns, risk, and trading
volume) using VAR. Fifth, although studies suggest
the adverse impact of negative word of mouth on
returns (e.g., Luo 2009), no study has shown conclu-
sively a comparison between positive and negative
metrics.

Issues
The results raise the following three issues: Why does
UGC predict returns? What do the dynamics of the
relationship mean? Why is the effect asymmetric?

Why Does UGC Predict Returns? Because of the
lack of perfect information, investors depend on site
visits, reports from industry analysts, company press
releases, experts’ reviews in media, and regular sales
and earnings announcements. The first four of these
channels are sporadic and infrequent, whereas the
latter two are presented in monthly or quarterly inter-
vals. Thus, UGC represents new information, other-
wise unavailable to investors, who may rely on this
information. So, UGC may predict returns.

What Do the Dynamics Mean? We find that UGC
leads returns by a few days. This leading effect could
be attributed to a variety of economic and behavioral
reasons. First, the extraction of information from UGC
requires sophisticated methods, as demonstrated in
this paper. Traders may not yet have easy recourse
to these methods. Second, the gains from same-day
trades may currently fall below the costs of processing
the UGC immediately. Third, diffusion of knowledge
about firms is known to be relatively slow, more so
when it occurs through the distributed databases of
consumer reviews in disparate websites (e.g., Lo and
MacKinlay 1988). For these reasons, UGC may lead
returns.

Why Is the Effect Asymmetric? We find that neg-
ative metrics are more strongly related to UGC than
positive metrics. This could occur for three reasons.
First, negative information is less diagnostic than posi-
tive information. Therefore, investors find the negative
information more useful than positive information.
Also, they may want to know the worst about the
brand rather than the best. Second, investors may
be loss averse. That is, the damage from negative
information weighs more heavily than the gain from
positive information. Third, positive information may
be well known to investors from advertising and press
releases. For these reasons, negative metrics may have
a stronger impact on returns than positive metrics do.

Implications
This study has three implications for investing, strat-
egy, and policy.

First, because UGC predicts returns, it contains
valuable information about a firm’s performance over
and above that contained in standard sources of infor-
mation. Thus, marketing managers should monitor
UGC as a part of their marketing research.

Second, our results suggest that marketing man-
agers should focus on negative chatter more than
positive chatter or average ratings. Textual analysis
of negative chatter could signal potential problems or
discontent among consumers that deserve serious and
immediate attention. Taking corrective action could
avert any long-term damage to shareholder value.
Our simulation indicates that unmitigated negative
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chatter can lead to an overall loss in brand value of
$3.3 million over two weeks.

Third, because off-line television advertising
increases the volume of chatter while decreasing
negative chatter, firms can use it to favorably influ-
ence chatter. Such a use would require managing the
content of advertising to appropriately influence the
issues raised in negative chatter.

Fourth, this study highlights the importance of
informational content of UGC to investors and other
stakeholders. Portfolio analysis indicates that buying
and selling stocks based on the valence of chatter can
lead to an average gain of $27 million over one year,
even for only 6 markets and 15 brands.

Limitations and Future Research
This study suffers from several limitations that could
be the focus of future research. First, some of the steps
in analyzing UGC are time consuming and compu-
tationally intensive. For implementation in manage-
rial settings, practitioners would have to scale up and
implement efficient computational procedures, espe-
cially in real-time monitoring of UGC. Second, to keep
the research manageable, we had to restrict our sam-
ple to 1,112 days and 5 metrics over the 15 firms in
6 markets. It would be worthwhile to assess the gener-
alizability of the results. We restrict our study to only
two forms of UGC—product reviews and product rat-
ings. We do this because of the high signal-to-noise
ratio in ratings and reviews relative to these other
sources of UGC. Assessing the impact of UGC on
stock market performance at a daily level could have
its limitations, such as nonsynchronous trading (Lo
and MacKinlay 1988). That could help in assessing the
impact on a finer level (e.g., at an hourly level or even
a higher frequency). Third, we are unable to get sales
data at the daily level. It would be insightful to get
such data and analyze the direct path through which
UGC affects stock market performance of firms.

Electronic Companion
An electronic companion to this paper is available as part of
the online version that can be found at http://mktsci.journal
.informs.org/.
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