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ABSTRACT:

The visible trace of online communications has given rise to research on their effect on
firm outcomes. The literature has established a link between online communication
about a product and the product’s sales and price performance. On the assumption that
financial markets understand this link, we conjecture financial markets consider the
amount of online communication, or chatter, about a firm to be an indication of the firm’s
performance in the marketplace. Our results confirm this conjecture. The relationship
between stock returns and chatter are robust to alternative specifications of the model and
to alternative measures of stock returns. We also investigate the issues of reverse
causality and omitted variable bias due to omitted sales, profits or new product launches
driving a spurious relationship between stock returns and chatter. The data are not
consistent with any of these alternative explanations for our results.

July 2009



Introduction

As recently as ten years ago, most two-way product related communication took
place in person or over the phone. Today, billions of people have product related
conversations via Internet-based media like blogs, chat rooms and on-line forums (Godes
et al. 2005). Second generation Internet sites, especially blogs and discussion forums,
have facilitated information exchange and the diffusion of user generated content. From
the perspective of consumers, product related communications are now scalable. Rather
than one-to-one or one-to-few, such communications are one-to-many, with interpersonal
communication feasible between the many participants. Interpersonal communication is
often an influential source of product information for consumers (Godes and Mayzlin
2004). Online communications are also, for the most part, observable. From the
perspective of researchers, observablity facilitates measurement of online
communications, which has enabled marketing scholars to study their effect on various
outcomes.

Anecdotal evidence suggests we should expect a link between online
communication and sales. For example, BlGresearch.com (2005) reports that
interpersonal communication (i.e., word of mouth) is the most influential source among
various media in making a purchase. A stream of research on online communication
establishes its impact on sales and prices. Godes and Mayzlin (2004) find that the
dispersion of online conversations across different television based newsgroups explains
variation in television ratings. Using web crawler technology to capture all online
mentions of a product, Shin, Hanssens and Gajula (2008) show that positive online

communication about a product is a leading indicator of retail prices. Focusing more



precisely on online reviews, Chevalier and Mayzlin (2006) and Senecal and Nantel
(2004) show that online customer book reviews are related to online sales. Liu (2006)
and Dellarocas and Zhang and Awhad (2007) demonstrate that online customer movie
reviews are related to movie revenues. Comparing reviews (both online and offline) with
the simple volume of online communications, Dhar and Chang (2007) find that the latter
IS a better predictor of sales performance than the former.

The marketing and finance literatures have also considered the link between
online and offline communications and firm stock returns. Using data from the airline
industry, Luo (2007, 2008) shows that customer complaints are related to switching by
future consumers, reducing revenue and, consequently, stock returns. Wysocki (1999)
shows that increased postings on a firm’s online stock message board are associated with
financial news about the firm. Antweiler and Frank (2004) and Tumarkin and Whitelaw
(2001) find that the volume of comments about a firm on an online stock message board
is related to the variability of that firm’s stock price. Das and Chen (2007) demonstrate
that the volume and valence of comments about stocks in an index are related to the
market price of the index.

Based on the accumulating literature, it is our hypothesis that if one looks beyond
financially-oriented stock message boards and beyond the online communications or
reviews specific to a single product to consider all of the online discussion about a firm
on the Internet, the overall volume of online communication should be related to firm
financial performance (e.g., firm revenues or firm profits). Thus, market participants
may perceive online communications as reflective of information likely to affect cash

flows, suggesting a mechanism by which online communications could impact firm stock



returns. In this paper, we investigate the value relevance of online communications. The
concept of value relevance refers to the question of whether a data series provides
explanatory power beyond that provided by standard methods of explaining stock price
movements (Mizik and Jacobson 2008).

Following Dhar and Chang (2007) we refer to overall online communications
about a firm as “chatter”. There are several reasons to expect that chatter has value
relevance. As discussed, the literature has shown online communication (including but
not limited to online reviews) is related to product performance (i.e., sales or profits).
Second, online communication is observable by the market. Investors may observe
online communications on their own. In addition, aggregate information about online
communication is available to the market via both private sources (e.g., firms such as
Mango Analytics and Visible Technologies) and public sources (e.g., websites such as
Technorati). Lastly (and importantly), the information is available at finer intervals than
firm quarterly reports. Thus, financial market participants could exploit this intra-quarter
insight into a firm’s performance.

Using a novel dataset provided to us by a technical firm, we look for a
relationship between weekly stock returns and shocks to weekly chatter. The chatter
measures provided to us cover a wide variety of topics and are classified as positive,
negative, and neutral. Our technical firm is ideally suited to exploring the relationship
between chatter and stock return. Technical products have become increasingly complex,
driving consumers to the Internet for information before a purchase (Godes et al. 2005).
Importantly, consumers also rely on the Internet for help in using technical products post-

purchase. This is especially true for new technology products (Godes et al. 2005). We



also might expect that differentiated technological products command higher margins.
Using the firm’s internal accounting data, we find significant correlation between weekly
chatter and weekly gross profit margin ( p =0.41). This suggests to the extent that they
do, investors may very well be justified in treating chatter as a signal of unobserved intra-
quarter firm performance.

To test the value relevance of chatter, we employ a model of weekly stock return
based on the capital asset pricing model. We augment the usual independent variables
in the model with dummy variables for publicly reported quarterly financial reports and
measures of unexpected shocks to weekly chatter. We estimate models that aggregate
chatter into a total measure as well as models that consider positive, negative and neutral
chatter. We find that shocks to total weekly chatter are associated with stock returns. For
the models that consider positive, negative, and neutral chatter, we find that shocks to
neutral chatter are associated with stock returns. These findings are robust to alternative
measures of stock return (e.g., cumulative abnormal returns and compounded abnormal
returns). We consider issues of reverse causality and omitted variable bias. The data do
not appear to be consistent with reverse causality. Lastly, the data do not support sales,
profits or new product launches as being omitted variables causing a spurious association
between chatter and return.

The remainder of our paper is structured as follows. In the next section, we
present and discuss some pertinent features of our chatter data. We then present the
models used to test the value relevance of the chatter data, followed by the results and a

variety of robustness checks. The final section summarizes and concludes.



Data

Our chatter data are similar to Dhar and Chang (2007) and Shin, Hanssens and
Gajula (2008). Both of these papers go beyond a single Internet forum to consider all
online mentions of a particular product on the Internet. Our chatter data were collected
by Visible Technologies, using their proprietary crawler technology that canvasses the
Internet for mentions of the firm and/or the firm’s products and/or services. The data
consist of the count of online posts on various Internet sites (posts), the count of unique
sites on which the posts appeared (sites), and the count of unique authors that generate
the posts (authors). We observe 52 weeks of data from 2007. Figure 1 presents the mix
of topics captured by the data. Management of the technical firm provided Visible with
guidelines on how to assign the comments to topics. Brand and image topics (34%) and
product topics (30%) are the most discussed. Notably, only about 1% of the topics are
categorized as financial. Consistent with the notion that much of the chatter is related to
making the company’s technologically sophisticated products functional, about 29% of
the topics relate to solving customer problems (customer service, outreach, tech support,
etc.). For the remainder of the paper, we will aggregate the data across these topics into
summary measures of posts, sites, and authors.

For each of the three categories (posts, sites, and authors) the data are classified
by a proprietary algorithm as positive, negative, or neutral. Table 1 presents some
descriptive statistics for the weekly counts. The neutral category accounts for the
majority of observations and it also exhibits the most variability across time. Table 2
presents the correlations between these variables. Within each category of positive,

negative and neutral, the counts of posts, sites and authors are highly correlated. Across



the categories of positive, negative, and neutral, we find that positive and negative data
are very highly correlated. We speculate that this may be due to the rapid responsiveness
of online media. A positive or negative comment can be met immediately with an
opposing viewpoint.

---Insert Tables 1 and 2 About Here---

It is useful to compare our data to that of Shin, Hanssens and Gajula (2008). For
the 11 digital music players included in their study, they observed an average of 140
comments a day, 57% were positive, 5 % were negative and 38% were neutral.
Considering neutral posts alone, we observe nearly 1,900 a day. Thus we see that
moving from consideration of a single product to consideration of an entire firm, the
volume of chatter increases dramatically. In addition, consistent with the idea that chatter
for our technical company is more information-related than evaluative in nature, 79% of
the total number of posts are coded as neutral while only 38% of the comments about
digital music players were neutral.

In addition to the chatter data, weekly sales and gross profit margin are provided
to us from the firm’s internal accounting records. We use these data to briefly examine
our ideas about chatter for the technical firm being correlated with either sales or gross
margin. We find no significant correlation between sales and any of the chatter
measures. However, we find positive and significant correlation between the total posts

and gross margin ( p=0.41). Finally, weekly stock price data for our technical firm,

along with industry index (NASDAQ) data are obtained from Yahoo! Finance. The

weekly risk-free rate of return, measured by the weekly return on U.S. Treasury bills, is



obtained from Kenneth French’s data library, available at his website. Due to the timing
of the 2007 New Year’s holiday, we have 51 weeks of stock return data for 2007.
Models and Results

The Relationship Between Aggregate Chatter and Stock Return

Following the stock return response modeling approach of Mizik and Jacobson
(2004), we assess whether the information contained in the aggregate chatter data is
reflective of the information set that market participants perceive as affecting future cash
flows for our firm. Consistent with Dhar and Chang (2007), we begin by considering the
total counts of posts, sites and authors (e.g., aggregating across positive, negative, and
neutral for each of the categories). Given the high correlation between total posts, total
sites, and total authors, a naive approach would be to discard two of the three measures
and focus on only one. However, this ignores potentially useful information. To make
full use of our data, we propose a confirmatory factor model to isolate the component of
chatter common to the total posts, total sites, and total author counts. Consider the
following system

Ye=XB+Em+e &~ N(07G§)
(1) z=p+Tz +Aé+o, o, ~N(0,Q)

&~N (0,05)
where t =1,...,T indexes weeks. The scalar y, is the firm’s weekly stock return less the
risk-free rate of return. The vector x, includes an intercept, the weekly market return (less

the risk-free rate), and a dummy variable for the release of publicly available quarterly

earnings reports. The vector z, is a P =3dimensional column vector of total post, site, and

author counts. The vector x is a mean vector and I"is a diagonal matrix of auto-



regressive parameters. The matrix Q is a diagonal covariance matrix. The residual
covariance of the vector auto-regression, which measures the shock to chatter, is modeled
via a factor structure. The vector Aisa Px1 factor loading vector that maps the z-vector

onto the scalar factor score &, which is the common shock to chatter. The factor score is

also common to both to the auto-regression model and the stock return model. Thus, a

test of whether or not chatter has value relevance is to test the hypothesis 7 =0. For

2

identification, o:

IS set to one, which implies the covariance matrix of the residuals is

given byAA' +Q. Lastly, since the likelihood is the same for Ax&and —(A)x—(&), we
restrict the non-zero elements of A to be greater than zero.
A simple approach to estimation of (1) is to first estimate the auto-regressive

factor model, recover estimates of the factor scores, &, and plug these estimates into the

stock return model. This two-stage estimation strategy ignores measurement error as

well as the relationship between y and & under the model. The former may bias the

estimates of z towards zero (Green 2004) while the latter may induce both bias and
inefficiency (Gilbride et al. 2005). Bayesian approaches to estimation provide a natural
way to deal with these problems. We can derive and sample from the full conditional
distributions, including &, which depends on the likelihoods for both yandz.! We
estimate equation (1) via Bayesian MCMC methods. The full conditional distributions
are included in the technical appendix. For each model, the sampler is run for a total of

15,000 iterations, keeping the last 5,000 for inference.

! An alternative frequentist approach would entail choosing model parameters to maximize the multi-
variate normal likelihood of yand z.
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For each model, we report three measures of stock return model fit. First, we

report the adjusted R? of the stock return regression, computed as

1—(1— Rz)x _r-1 ,WhereR>=1-| 22| | The scalar §/ is the posterior
T-K-1 2 t

mean of the predicted values of y,, where the mean is taken over iterations of the

sampler. The adjusted R?term includes a penalty for increasing the number of regressors

in the stock return model, given by K. Second, we conduct a posterior predictive check

of internal validity (Gelman, Meng, and Stern 1996). Let 6 be the parameters of the

stock return model, {,B, §,7z,aj} . Using the observed explanatory variables and the

posterior distribution of 8, we generate a replicated data set, y,” . The posterior

v )= p(y*

The posterior predictive distribution incorporates two kinds of uncertainty: sampling

predictive distribution of y;* is given by p(ytrep

()

uncertainty about y given ¢” and parametric uncertainty about . Using the replicated

=
data, we compute the root mean squared deviation (RMSD), %Z(y{ep -, )2 . Lastly,

t=1

we report the Deviance Information Criterion (Spiegelhalter et al. 2002). The DIC is
computed as D(@y)+ 2p, , where D(Ey): —2Iog( f (y| Ey)) is computed using the
posterior means of model parameters. The effective number of model parameters is

given by the term p, = E, [—Zlog(f (y] ey)ﬂ+2log( f (y|5y)).
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The estimation results are reported in Table 3. For comparison, we estimate a
baseline model setting 7 =0. To test the time series properties of the chatter auto-
regression, we compute the posterior mean of the difference between 1.00 and the AR(1)
parameters on the diagonal of T". The posterior probability that the difference is greater
than zero is 1 for all three coefficients, thus we conclude that the time series behavior of
chatter can be approximated by an AR(1) model. In terms of the return model, the 95%
interval of highest posterior density (HPD) for the coefficient on market return
(NASDAQ return less the risk-free rate) does not span zero. The posterior mean estimate
of 7, which measures the association between unanticipated shocks to chatter and stock
return, is positive (1.046) and the 95% HPD interval, [0.078, 1.921], does not span zero.
The adjusted R?, the posterior predictive check, and the DIC of the stock return model
improves with the inclusion of chatter. Altogether, the analysis yields strong evidence
that unanticipated shocks to online chatter are positively associated with the firm’s stock
return.

---Insert Table 3 About Here---

We consider two alternative model formulations. First, we re-estimate equation
system (1) including the Fama and French (1992) factors which capture market
capitalization and book-to-price effects. Not surprisingly, these additional factors,
designed to account for differences across firms, had no effect on our within-firm
analysis. We also estimated models with a linear, a second order, and a third order
polynomial trend in the stock return regression. In all cases, the 95% HPD intervals on
the trend coefficients span zero. Results for these two alternative model specifications,

omitted for the sake of brevity, are available from the authors upon request.
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Robustness Checks
In this section, we consider several robustness checks on the main findings
reported thus far. We first consider some alternative measures of abnormal stock return.
We then investigate reverse causality and omitted variable bias. Lastly, we consider
positive, negative and neutral chatter.
Alternative Measures of Abnormal Return
We compute two alternative measures of weekly abnormal return, the weekly

cumulative abnormal return (CAR) and the weekly compounded abnormal return (CPAR).

We compute CAR, as Y| [ﬁm} and CPAR as ﬁ [1+(;m)}_1 where 7_is the

t
m=t-5 m=t—5

posterior mean of the residual term (including the constant) from a regression of daily
return for the firm (less the risk-free rate) on the daily NASDAQ return (less the risk-free

return). CAR, and CPAR are then substituted for vy, in equation (1). For this analysis, the
vector x, contains a constant and the quarterly report dummy. The results of these

alternative specifications are reported in Table 4. Using these alternative measures of
abnormal return, we also find a positive effect of unanticipated shocks to online chatter
on stock return. Computing abnormal returns as CAR, the posterior mean estimate of ris
0.936 with the 95% HPD interval [0.138, 1.758]. Computing abnormal returns as CPAR,
the posterior mean estimate of = is 0.971 with the 95% HPD interval [0.171, 1.834].
Again, the adjusted R?, the posterior predictive check, and the DIC of the stock return
model improves with the inclusion of the chatter variable.

---Insert Table 4 About Here---
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Reverse Causality and Omitted Variable Bias

It should be noted that the stock market response modeling approach applied in
this paper does not imply causation between shocks to chatter and stock return. The
central idea behind our model is that the stock market cannot observe intra-quarter firm
performance outcomes. It can observe chatter, which may be an indicator of current firm
performance. An alternative explanation is that stock return is inducing online chatter.
The relative paucity of comments that deal with financial topics casts doubt on the face
validity of this explanation. Furthermore, a regression of total posts onto lagged posts
and stock return yields an insignificant coefficient on stock return. Previous research has
noted that in the context of the efficient markets hypothesis, instrumental variable
approaches, particularly those that use lagged variables as instruments, are problematic.
Rather than reverse causality, the problem may be more appropriately cast as an omitted
variable problem (Mizik and Jacobson 2008).
Omitted Variables Bias-Sales and Profits

It is possible that the firm’s weekly profit or sales information may reach financial
markets directly, perhaps through some signaling efforts on the part of the firm. Thus, it
is possible that shocks to weekly profit or sales may be driving both stock return and
shocks to online chatter, and our model captures a spurious relationship due to this
omitted variable. To investigate this possibility, we test whether unexpected shocks to
the weekly profit or sales explain abnormal stock return by estimating the following
system

Yi :X’:ﬁ+a)t7+gt &~ N(01O_§)

@ 2
G =¢+0bh+o, o ~N (0’0-10)

14



where y, and x, are as before and g, represents either the firm’s weekly profit contribution
or weekly sales.” The residual term o, captures the unexpected shocks to weekly profits
or sales . Since w, =0, —¢, —q, .4, the posterior distribution of the vector ¢ depends on

the data likelihoods for both y, and g,. We also test for a relationship between stock

return and unexpected shocks to profits or sales using the two alternative measures of
abnormal return, cumulative abnormal return (CAR) and the weekly compounded
abnormal return (CPAR).

The results of these analyses appear in Table 5a-5b. For ease of exposition, we
repeat the baseline models from Tables 3 and 4 in Tables 5a and 5b. In all cases, we find

the probability that the difference between 1.00 and the AR(1) parameter ¢, is greater

than zero to be 1. In all cases, we also find that both the 95% and 90% HPD for intervals

for y span zero. In addition, we find that including either shocks to profit or sales does

not improve the fit of the stock return regression. Thus, we conclude that neither the
profit nor sales information seems to be available to the market.
---Insert Tables 5a-5b About Here---

Omitted Variables Bias-New Product Launches

Similar to the effect of profit or sales data reaching the financial markets, we
investigate whether information about new product launches may be driving stock return.
Data on new product launch announcements are available from the firm’s website. We
find that new product launch announcements occurred in 23 of the weeks in our sample.

Let d, =1if a new product launch announcement occurs in week t, else d, =0. We

2 To rule out the omitted variable bias argument, it is sufficient to show that the omitted variable is not
related to stock return.
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estimate the stock return equation y, = xt',8+dtr+gt & ~N (O,af) where y, and x, are

as defined in equation (1). We also estimate the regression equations with weekly
cumulative abnormal return (CAR) and the weekly compounded abnormal return (CPAR)
as the dependent variable. The results appear in Table 6. In all cases, we find that both
the 90% and 95% HPD for intervals for z span zero. In addition, we find that including
the new product launch announcement indicator variable does not improve the fit of any
of the models.?
---Insert Table 6 About Here---

A Deeper Examination of Positive and Negative Chatter

In contrast to Dhar and Chang (2007), some previous research has documented
that positive and negative word of mouth can have differential effects on firm outcomes
(Shin, Hanssens and Gajula 2008, Luo 2007, 2008 ). As discussed and shown in Table 2,
the positive and negative dimensions of our chatter measures are highly correlated. We
examine whether reducing the dimensionality of the data via factor analysis might result
in a positive and negative factor scores that exhibit less correlation. To accommodate

this effort, we expand the z, vector in equation (1) to include the counts of posts, sites,

and authors for positive, negative and neutral dimensions, such that P =9. The model is
specified as
Yy=Xxp+Gm+e &~ N (O,Gj)

()  z=p+Tz  +A&+o, o, ~N(0,Q)
£~N(0,2)

® We also experimented with windows of differing sizes around each of the launch announcements. Some
of the announcements were in adjacent weeks, thus the windows for one announcement often overlap with
subsequent announcements. Using windows instead of a simple dummy, we find no significant effect of
announcements in any of the models.
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where Q is a diagonal covariance matrix. The model for z, is a confirmatory factor
model, with the patterned PxM matrix A mapping the vector z, onto the M =3

dimensional vector &, , which measures signed chatter, positive, negative and neutral.

The correlation matrix = measures the correlation in the latent factors. Estimation
proceeds as before, with the only complication arising from estimation of the correlation
matrix, Z , as no convenient prior exists for correlation matrices. To navigate around this
issue, we sample from the unidentified covariance matrix and margin down to the
identified parameters (Edwards and Allenby 2004).

We estimate equation (3) with weekly returns as the dependent variable in the
stock return regression, as well as with weekly cumulative and compounded abnormal
returns as the dependent variable. The results are reported in Table 7. For all three
models, the signs on positive and negative chatter parameters are positive and negative,
respectively, but both the 95% and the 90% HPD intervals span zero. For the model with
weekly returns as the dependent variable, the posterior mean estimate of the parameter on

neutral chatter, 7", is 0.919; the 90% HPD interval, [0.087, 1.785], does not span zero.

For the cumulative abnormal returns model, the posterior mean estimate of 7" is
0.990; the 95% HPD interval, [0.030, 1.962], does not span zero. For the compounded
abnormal returns model, the posterior mean estimate of 7™V is 0.993; the 95% HPD
interval, [0.039, 1.998], does not span zero. For all three models, the fit statistics are
improved by the inclusion of the chatter shocks.

---Insert Table 7 About Here---

Table 8 reports the posterior mean estimate of the correlation matrix, Z. The

correlation between £™°and &'°° is 0.81. The high correlation between &7 and &'5°
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suggests that the classic problem of multi-collinearity may be affecting our ability to
estimate the parameters on these variables in the stock return regression. To investigate
this further, we now turn our attention to a higher order factor representation of the online
chatter data.

---Insert Table 8 About Here---

We model the correlation between the positive and negative factor scores via a
higher order factor model (Yung et al. 1999). The general form of the model is as
follows
y, = X:,B+U:l7f+8t g ~N (O,Jf)
z=u+lz,  +Aé+ow, o ~N (O,Qw)

&E=¥n+v, v, ~N(0,Q) .
7N (0.0?)

(4)

Here, the correlated positive and negative chatter factor scores are modeled as arising

from a higher order, scalar factor score common to positive and negative chatter, 77, and a

residual term v, with diagonal covariance matrixQ,. The vector W =[wpos Wyee 0] Mmaps
the 77,0nto &, . Note the zero restriction, which restricts the effect of # to the positive and

negative dimensions of chatter. For identification, the variance aj issetto 1. This
implies the correlation matrix of ¢, is given by Py +Q . Given the restriction that the
diagonal elements of Py +Q equal 1, © is computed directly from the restriction

|, =diag (‘P‘P')+QU. Since the diagonal elements of Q0  must be greater than zero, this

implies the restriction1—w? >0 where i_is the m™ element of ¥ .
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The stock return is modeled as a function of the normalized residuals v, , where

*

U, . . . * . .
U,, = ——==. This normalization ensures that each element of v, has unit variance. In

tm fgum

this specification, we have isolated the orthogonal components of positive and negative

chatter. The question is whether or not any signal remains in these components. We
estimate equation (4) with weekly returns as the dependent variable in the stock return
regression, as well as with weekly cumulative and compounded abnormal returns as the

dependent variable. The results are presented in Table 9. Both the 95% and 90% HPD

POS

intervals span zero for z7°°, and 7" for all three stock return regressions. However,

the standard errors of the estimates are smaller compared to those reported in Table 8. For

each of the three regressions, 7"

is positive and the 95% HPD intervals do not span
zero. Cleaning out the common component of positive and negative chatter does seem to
reduce the noise in the data, thereby increasing model fit statistics. However, only
neutral chatter has an effect on stock return.
---Insert Table 9 About Here---
Summary and Conclusions

Previous research has shown that unexpected shocks in firm descriptors available
to the market via formal reporting mechanisms (e.g., publicly available quarterly reports)
can impact stock return. Mizik and Jacobson (2004) discuss other channels by which the
market receives information about firms. Our analysis considers one such channel, the
visible trace of online communications about a firm and its products and services. The

marketing literature has demonstrated a link between such online communications, or

chatter, and sales and prices. Given this established link between chatter and firm
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performance, the observability of chatter, and the availability of chatter on an intra-
quarter level, it is interesting to consider whether or not measures of chatter provide
added explanatory power to standard variables used to explain stock price movements. If
so, we can conclude that the market views online communications as indicative of
information perceived to affect future cash flows, or value relevant (Mizik and Jacobson
2004).

Our measures of chatter are provided to us by a technical products firm. The
measures consider all mentions of the firm, its products and services. At the firm level,
we find that shocks to total weekly chatter are associated with stock returns. In addition,
we find that this result is robust. The relationship between chatter and firm value holds
for alternative specifications of the model (e.g., the Fama-French three factor model and a
model that includes linear and nonlinear time effects) and for alternative measures of
stock return (e.g., cumulative abnormal returns and compounded abnormal returns). The
data do not support a reverse causation argument nor do they support sales, profit or new
product launches as omitted variables that might be driving both chatter and stock return.

Considering the positive, negative, and neutral components of chatter, a challenge
arises from the high correlation between positive and negative chatter. We argue that
such high correlation is a symptom of the nature of online communication, where praise
can be met swiftly with scorn, and vice-versa. We propose a higher order factor model to
isolate the orthogonal components of positive and negative chatter and still find no
significant effect of positive and negative chatter. Only shocks to neutral chatter that are

associated with stock returns.

20



With this paper we add to the literature linking online chatter and market

response. Earlier literature linked chatter about specific products to the product’s sales

or

price performance. We extend these findings by considering the total amount of chatter

about the firm and its potential relationship with stock returns. While the paper’s
findings are intriguing, future research should replicate, extend and find boundary
conditions for these results. Should one expect these results to hold for a non-technical
firm whose transactions may not trigger a flurry of online interactions? What is the
sensitivity of these findings to the larger economic environment? Should the effect
continue to hold during the market disruption we are experiencing in 2008-2009?
Finally, the Internet continues to evolve. New communication vehicles arise and some
grow explosively (e.g., Twitter). Financial markets are notoriously efficient in their
consumption of information about firm performance. Surely the use to which financial
markets put this information will evolve as the information generating process itself

evolves.
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Table 1. Descriptive Statistics, Chatter Data®

Mean Median Standard Deviation
2 Pst* 1.44 1.11 1.30
8 Sit 1.04 0.80 0.91
Aut 1.16 0.95 0.99
o Pst 2.13 1.60 1.83
'-g Sit 1.33 1.12 0.97
Aut 1.65 1.31 1.29
-) Pst 13.22 11.13 9.07
'-g Sit 7.85 8.23 4.88
Aut 10.14 9.25 6.62
a. Alldatain 1,000’s
b. POS indicates positive, NEG indicates negative, and NEU indicates neutral
c. Pstindicates posts, Sit indicates sites, and Aut indicates authors
Table 2. Correlation Matrix, Chatter Data
POS? NEG NEU
Pst"| Sit| Aut| Pst| Sit| Aut| Pst| Sit| Aut
»n Pst| 1.00
Q@ sit]| 095 | 1.00
Aut| 095 | 099" | 1.00
o/ Pst]| 0.797] 0.797] 0.80° | 1.00
L Sit] 090" | 0.94°| 0.95"| 0.91" | 1.00
Aut| 085 | 0.88 | 0.88 | 0.96 | 0.97 1.00
- Pst| 0.20| 0.09| 0.12| 0.29| 0.19| 0.25| 1.00
'-g Sit| 036| 029| 031| 041| 037| 0.40 0.99 1.09
Aut| 0.27| 020| 0.22| 036| 0.29| 0.34| 0.95 | 0.99 1.00

a. POS indicates positive, NEG indicates negative, and NEU indicates neutral
b. Pstindicates posts, Sit indicates sites, and Aut indicates authors

* indicates correlation is significant at the 0.05 level
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Table 3. Stock Return Regressions, With and Without Chatter Shocks®”

Return Regression Return Regression

without Chatter With Chatter

CONSTANT -0.543 -0.115
(1.640) (1.641)

NASDAQ 0.962" 1.0117
(0.167) (0.167)

QTR REPORT -0.882 -0.497
(1.623) (1.552)

ACHATTER® 09717
(0.465)

o, 9.271 8.679
(2.011) (1.865)

Adjusted R* 0.40 0.46
RMSD 2.76 2.60
DIC 251.88 248.44

a. Dependent variable is weekly stock return less the risk-free rate. The return is computed as
pri, — pri,_,
pri._,
b. Cell entries are posterior means and posterior standard errors (in parentheses)
c. A CHATTER is the factor score from the auto-regression in equation (1)
*** ndicates the 99% highest posterior density interval does not span zero

** indicates the 95% highest posterior density interval does not span zero
* indicates the 90% highest posterior density interval does not span zero

where pri, is the stock price at week t.



Table 4. Alternative Abnormal Return Regressions, With and Without Chatter

Shocks?®P
CAR Regression CPAR Regression
Without Without
Chatter | With Chatter Chatter | With Chatter
CONSTANT 0.682 0.652 0.683 0.652
(0.414) (0.416) (0.427) (0.416)
QTR REPORT -1.075 -0.606 -1.028 -0.606
(1.477) (1.423) (1.507) (1.423)
ACHATTER® 0.936 0.936
(0.410) (0.410)
Uf 8.050 7.731 8.381 7.467
(1.718) (1.626) (1.708) (1.573)
Adjusted R* -0.03 0.07 -0.03 0.08
RMSD 2.67 251 2.72 2.56
DIC 246.25 242.30 247.99 244.12

t
a. CAR as Z [nm] and CPAR, as ﬁ [1_,_ (;m )} _1 where 7, is the posterior mean of the
m=t-5 m=t—5

residual term (including the constant) from a regression of daily return for the firm (less the risk-free
rate) on the daily NASDAQ return (less the risk-free return).

b. Cell entries are posterior means and posterior standard errors (in parentheses)

c. A CHATTER is the factor score from the auto-regression in equation (1)

*** indicates the 99% highest posterior density interval does not span zero

** indicates the 95% highest posterior density interval does not span zero

* indicates the 90% highest posterior density interval does not span zero
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Table 5a. Stock Return Regressions, With and Without Profit Shocks®”

Dependent Variable
RET CAR CPAR
Without With | Without With | Without With
Profits Profits Profits Profits Profits Profits
CONSTANT -0.543 -0.492 0.682 0.680 0.683 0.682
(1.640) (1.645) (0.414) (0.420) (0.427) (0.437)
NASDAQ 0.962° | 0.967
(0.167) (0.168)
QTR REPORT -0.882 -0.893 -1.075 -1.019 -1.028 -1.001
(1.623) (1.585) (1.477) (1.466) (1.507) (1.498)
APROFITS® - 0.016 - 0.029 . 0.029
(0.026) (0.024) (0.024)
052 9.271 9.028 8.050 7.800 8.381 8.140
(2.011) (1.922) (1.718) (1.632) (1.708) (1.726)
Adjusted R’ 0.40 0.40 -0.03 -0.01 -0.03 -0.01
RMSD 2.76 2.74 2.67 2.61 2.72 2.67
DIC 251.88 253.01 246.25 246.13 247.99 248.11
RET is weekly stock return less the risk-free rate. The return is computed as %Where
ri is the stock price at week t. CAR as n | and CPAR as T — ) |—1 where
pri, p R, mzl:inm] R ml:tls[l+(77m )] 1

1., 1s the posterior mean of the residual term (including the constant) from a regression of daily return
for the firm (less the risk-free rate) on the daily NASDAQ return (less the risk-free return)

b. Cell entries are posterior means and posterior standard errors (in parentheses)

c.  APROFITS is the residual term from the auto-regression in equation (3).

*** indicates the 99% highest posterior density interval does not span zero

** indicates the 95% highest posterior density interval does not span zero

* indicates the 90% highest posterior density interval does not span zero
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Table 5b. Stock Return Regressions, With and Without Sales Shocks*”

Dependent Variable
RET CAR CPAR

Without With | Without With | Without With
Sales Sales Sales Sales Sales Sales
CONSTANT -0.543 -0.736 0.682 0.688 0.683 0.677
(1.640) (1.657) (0.414) (0.428) (0.427) (0.430)
NASDAQ 0.962° | 0.9447

(0.167) (0.170)
QTR REPORT -0.882 -0.648 -1.075 -0.962 -1.028 -0.984
(1.623) (1.582) (1.477) (1.475) (1.507) (1.524)
ASALES® - -0.563 - -0.266 --- -0.274
(0.644) (0.606) (0.631)
052 9.271 8.952 8.050 8.123 8.381 8.475
(2.011) (1.897) (1.718) (1.700) (1.708) (1.850)
Adjusted R* 0.40 0.40 -0.03 -0.05 -0.03 -0.05
RMSD 2.76 2.73 2.67 2.66 2.72 2.71
DIC 251.88 252.74 246.25 247.90 247.99 249.90

a. RET is weekly stock return less the risk-free rate. The return is computed as %Where
pri, is the stock price at week t. CAR as [nm} and CPAR as ﬁ [1+(,_7m )]_1 where

m=t-5 m=t-5
7_7m is the posterior mean of the residual term (including the constant) from a regression of daily return
for the firm (less the risk-free rate) on the daily NASDAQ return (less the risk-free return)
b. Cell entries are posterior means and posterior standard errors (in parentheses)

c.  ASALES is the residual term from the auto-regression in equation (3).
*** indicates the 99% highest posterior density interval does not span zero
** indicates the 95% highest posterior density interval does not span zero
* indicates the 90% highest posterior density interval does not span zero
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Table 6. Stock Return Re

gressmns With and Without New Product Launch

Announcements®
Dependent Variable
RET CAR CPAR
Without With | Without With | Without With
NPL NPL NPL NPL NPL NPL
CONSTANT -0.543 -0.282 0.682 0.811 0.683 0.808
(1.640) (1.910) (0.414) | (0.571) (0.427) | (0.587)
NASDAQ 0.962° 0.978
(0.167) | (0.180)
QTR REPORT -0.882 -0.912 -1.075 -1.021 -1.028 -1.010
(1.623) (1.650) (2.477) | (1.530) (1.507) | (1.520)
NEW PRODUCT ---
LAUNCH (NPL)
ANNOUNCEMENT® -0.274 --- -0.263 -—- -0.273
(0.912) (0.828) (0.857)
O'gz 9.271 9.667 8.050 8.460 8.381 8.763
(2.011) (2.064) (1.718) | (1.798) (1.708) | (1.858)
Adjusted R 0.40 0.39 -0.03 -0.05 -0.03 -0.05
RMSD 2.76 2.76 2.67 2.67 2.72 2.71
DIC 251.88 253.97 246.25 248.34 247.99 250.17
a. RET is weekly stock return less the risk-free rate. The return is computed as %Where
t-1
. ! - t
Il is the stock price at week t. CAR as and CPAR as = )| —1 where
pri, p R m;[nm] R m]:tls[u (7.) ]2
7_7m is the posterior mean of the residual term (including the constant) from a regression of daily return
for the firm (less the risk-free rate) on the daily NASDAQ return (less the risk-free return)
b. Cell entries are posterior means and posterior standard errors (in parentheses)

C.

*

NEW PRODUCT LAUNCH (NPL) ANNOUNCEMENT is dummy indicator
*** indicates the 99% highest posterior density interval does not span zero
** indicates the 95% highest posterior density interval does not span zero
indicates the 90% highest posterior density interval does not span zero
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Table 7. Stock Return Regressions, With and Without Signed Chatter Shocks®”

Dependent Variable

RET CAR CPAR
Without With | Without With | Without With
Chatter | Chatter | Chatter | Chatter | Chatter | Chatter
CONSTANT -0.543 0.036 0.682 0.677 0.683 0.636
(1.640) (1.690) (0.414) (0.454) (0.427) (0.453)
NASDAQ 0.962° | 1.027
(0.167) (0.173)
QTR REPORT -0.882 -0.578 -1.075 -0.685 -1.028 -0.648
(1.623) (1.603) (1.477) (1.480) (1.507) (1.487)
SIGNED
CHATTER
SHOCKS
A Positive® 0.389 0.552 0.633
(1.381) (1.070) (1.153)
A Negative -0.215 -0.462 -0.524
(1.359) (1.065) (1.143)
ANeutral —| 0919 - | 0.9907 —| 0993”7
(0.520) (0.491) (0.498)
o, 9.271| 8561| 8050| 7531| 8381| 7.694
(2.011) (2.015) (1.718) (1.703) (1.708) (1.782)
Adjusted R? 0.40 0.49 -0.03 0.12 -0.03 0.14
RMSD 2.76 2.48 2.67 2.39 2.72 2.41
DIC 251.88 248.74 246.25 243.12 247.99 243.84
a. RET is weekly stock return less the risk-free rate. The return is computed as %Where
t-1
priis the stock price at week t. CAR as [nm] and CPAR as ﬁ [1+(;m )J_l where
m=t-5 m=t—5
1., is the posterior mean of the residual term (including the constant) from a regression of daily return
for the firm (less the risk-free rate) on the daily NASDAQ return (less the risk-free return)
b. Cell entries are posterior means and posterior standard errors (in parentheses)

C.

*** indicates the 99% highest posterior density interval does not span zero
** indicates the 95% highest posterior density interval does not span zero
indicates the 90% highest posterior density interval does not span zero

*

A Positive, A Negative, and A Neutral are the factor scores from equation (4).
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Table 8. Factor Score Correlation Matrix?

gtPOS é;tN EG gtNEU

& 1.00 0.81™" 0.26"
NEG Kkk *
S 0.81 1.00 0.33
&Y 0.26" 0.33" 1.00

a. Estimated with weekly returns as the dependent variable in the stock return regression.

*** indicates the 99% highest posterior density interval does not span zero
** indicates the 95% highest posterior density interval does not span zero
* indicates the 90% highest posterior density interval does not span zero
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Table 9. Stock Return Regressions, With and Without Signed Chatter Shocks®”

Dependent Variable

RET CAR CPAR
Without With | Without With | Without With
Chatter | Chatter | Chatter | Chatter | Chatter | Chatter
CONSTANT -0.543 0.118 0.682 0.595 0.683 0.586
(1.640) (1.614) (0.414) (0.453) (0.427) (0.457)
NASDAQ 0962 | 1.035
(0.167) (0.164)
QTR REPORT -0.882 -0.585 -1.075 -0.659 -1.028 -0.597
(1.623) (1.586) (1.477) (1.482) (1.507) (1.478)
SIGNED
CHATTER
SHOCKS
A Positive® - 0.235 - 0.361 --- 0.436
(0.971) (0.918) (0.964)
A Negative - -0.001 - -0.207 --- -0.053
(0.942) (0.901) (0.925)
ANeutral | 0997 -] 0964" -—-| 0.998™
(0.486) (0.440) (0.448)
o, 9.271 7.239 8.050 6.290 8.381 6.391
(2.011) (2.195) (1.718) (2.004) (1.708) (2.158)
Adjusted R 0.40 0.63 -0.03 0.39 -0.03 0.41
RMSD 2.76 2.11 2.67 2.00 2.72 2.00
DIC 251.88 230.99 246.25 223.55 247.99 222.88
a. RET is weekly stock return less the risk-free rate. The return is computed as —p”[p;i P, where pri,

b. Cell entries are posterior means and posterior standard errors (in parentheses)

is the stock price at week t. CAR as z [Zm]

t

m=t-5

and CPAR as ﬁ [1_,_(7_7m )]_1 where 7_7m is
m=t-5

the posterior mean of the residual term (including the constant) from a regression of daily return for the
firm (less the risk-free rate) on the daily NASDAQ return (less the risk-free return)

c. The A Positive, Negative and Neutral Chatter variables are the normalized residual terms from the
higher order factor model in (5).
*** indicates the 99% coverage interval does not span zero
** indicates the 95% coverage interval does not span zero
indicates the 90% coverage interval does not span zero

*
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Figure 1. Online Chatter Categorized by Topic
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Technical Appendix

This appendix details the MCMC sampler for the model in equation (1). Let = (', n)’
and €= (&, ..., £)'. The priors for 6,02, 14, T, A, & and Q are given below. Each prior is

proper but noninformative.

(1) 6 ~ N(0, cl) with ¢ = 10

(2) o2~1G(a,, b,) witha_=2 + K and b_= 1 where K is the number of elements in &
(3) «~N(0, cl) with ¢ = 10%;

(4) 7~ N(O, c) where y is the pth diagonal element of T and ¢ = 10°;

(5) A, ~ Lognormal(0, c) where 4 is the p™" diagonal element of A and ¢ = 10°;

(6) &~ N(, 1);
(7) o, ~1G(a,, b,) where o is the p" diagonal element of Q,anda_=2andb_ =1.

The MCMC algorithm requires generating random variates from the following
conditional distributions. Lety = (y,, ..., y,), X = (X{, .., X;) and Z = (z, ..., z7)".
1. The full conditional distribution for 8|y, Z,6?, 1, T, A, & Qis

-1 -1
N[(Eu g xj [izi'yj,[luizi'XJ ]
C O' o, C o,
where )z:(X, ).

2. The full conditional distribution for 2|y, Z, 6, 1, T, A, & Q is
IG(aG +%(y— X6)'(y - X6), b, +sz

3. The full conditional distribution for |y, Z, 6, >, T, A, & Q is
1 (1 T
N —+— —z o | —+—
C o, @y =2 @y
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where z, is the p" element of z, and 7, =z, — (5,2, + A, &) and 2, = 0.

. The full conditional distribution for » |y, Z, 6, ol A, EQis

1 J ) B 1 J T -
—+— Z — Z , VA
a)p; pt-1 CopZ ptl pt C p; p,t-1

where 7, =z, — (u + 4 &) and 4 is the p" element of 4.

. The full conditional distribution for 4|y, Z, 6, o, i T, & Qis proportional to

1 -1 ,
/1— [ ZZ(Zpt A,81) }EXD{EUOQ(%)]}

p'[2

where 7, =z, — (4, + 7,2,,,)- This is a non-standard distribution so a random walk

Metropolis-Hastings algorithm is used to generate observations.

. The full conditional distribution for & |y, Z, 6, ol T, A, Qis

-1 -1
N[@Aﬂummj (Zogenarz) (it norn) }
o o, o,

where yt =Y, — %/ and Zpt =2y ('up * %va"l)'

. The full conditional distribution for o, |y, Z, 6, o2, T, A, Eis

.
IG| a, +EZZ§“ b, o
2 & 2

where z,, =z — (i + 3,2, .+ A4, &)
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