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Brand Buzz in the Echoverse
Social media sites have created a reverberating “echoverse” for brand communication, forming complex feedback
loops (“echoes”) between the “universe” of corporate communications, news media, and user-generated social
media. To understand these feedback loops, the authors process longitudinal, unstructured data using computational
linguistics techniques and analyze them using econometric methods. By assembling one of the most comprehensive
data sets in the brand communications literature with corporate communications, news stories, social media, and
business outcomes, the authors document the echoverse (i.e., feedback loops between all of these sources).
Furthermore, the echoverse has changed as online word of mouth has become prevalent. Over time, online word of
mouth has fallen into a negativity spiral, with negative messages leading to greater volume, and firms are adjusting
their communications strategies in response. The nature of brand communications has been transformed by online
technology as corporate communications move increasingly from one to many (e.g., advertising) to one to one (e.g.,
Twitter) while consumer word of mouth moves from one to one (e.g., conversations) to one to many (e.g., social
media). The results indicate that companies benefit from using social media (e.g., Twitter) for personalized customer
responses, although there is still a role for traditional brand communications (e.g., press releases, advertising). The
evolving echoverse requires managers to rethink brand communication strategies, with online communications
becoming increasingly central.
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The explosive growth of social media has dramati-
cally altered the brand communications environment.
Traditional brand communications vehicles such as

advertising, press releases, and news stories have been
joined by online word of mouth (WOM; e.g., Twitter,
Facebook), which amplifies WOM’s influence. Firms also
have joined the online WOM arena through channels such
as corporate Twitter accounts, Facebook pages, and even
Snapchat channels in an effort to understand the nature of
the modern brand communications environment, learn what

drives business outcomes, and discover what strategies
work best (Cespedes 2015).

We view this new environment as a reverberating
“echoverse” in which consumer-generated brand buzz plays
a key role. The term “echoverse” is a conjunction of “echo”
and “universe.” The term “verse” signals that managers must
be aware that brand attention can flare up across a “universe”
of “actors”: news media, consumers, and firms. The “echo”
portion reflects complex feedback loops between each pair
of actors. Thus, we define the echoverse as the entire com-
munications environment in which a brand/firm operates,
with actors contributing and being influenced by each other’s
actions. Firms as actors can contribute to the echoverse in
several ways, such as advertising and press releases. Con-
sumers contribute through online WOM, attitudes, and
behaviors. We refer to this next “level” as “sources” to
distinguish them from “actors,” because they are the sources
from which we observe actors’ communications. We use
“components” to refer to communications generated by the
sources. For example, in the case of the actor of the firm, there
is one source, the firm itself, and several components aligned
with it: Twitter volume and valence, press release volume and
valence, and advertising spending.

Although firms experience the echoverse in practice, and
both theoretical and empirical evidence supports the exis-
tence of different parts of it, it has yet to be conceptualized
and empirically demonstrated as a holistic system of rever-
berating relationships. Given the dramatic changes to the
modern communications environment with the growth of the
Internet (Keller 2009), along with evidence that firms differ
significantly in their abilities to adjust their communications
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practices to effectively incorporate social media (Swayne
2015), exploring variation in firms’ experiences helps reveal
performance implications of different strategies for managing
their contributions to, and monitoring the discourse in, the
echoverse. Thus, we aim to theoretically conceptualize and
empirically demonstrate the nature of this system and. in
doing so, address five main questions:

RQ1: What is the strength of the echoverse? That is, to what
extent do communications from each source affect the
other sources?

RQ2: What is the nature of the echoverse? That is, what is the
direction of the impact between echoverse components
(i.e., positive or negative)?

RQ3: Are there asymmetries in the echoverse? That is, is the
direction of influence between some sources (e.g., con-
sumer WOM, traditional media news stories) more one-
way than two-way?

RQ4: How has the echoverse changed over time? That is, as
social media use has grown, have relationships between
the echoverse sources changed over time, with some
becoming more significant and some less?

RQ5: How do the response dynamics to the various commu-
nications components in the echoverse differ across
companies? That is, do some firms experience stronger
responses to their use of certain communications com-
ponents than others?

Answers to these questions will help inform managers’
communications strategies in today’s communications envi-
ronment, including which of their contributions are likely to
have the greatest impact on responses by other actors, and to
which sources and components they should pay particular
attention in anticipating impacts on key firm outcomes. By
answering these questions, we aim to fill gaps left by existing
theories that have been used to explain relationships among
particular sets of components rather than offering an over-
arching conceptual framework.

We built an extensive longitudinal database of brand
communications data in the U.S. financial services industry.
This industry has experienced dramatic brand-related events
in the last decade and continues to see declining images
among leading firms (Adams 2014). Focusing on the four
leading U.S. banks, we use text mining and computational
linguistics to measure the volume and valence of traditional
media news stories, online WOM, and firm communications.
We use time series modeling to relate these communications
to both consumer sentiment and business outcomes. We use
quantified measures to address each research question.

We document feedback loops in which the different
components, including firm communications, news media,
consumer WOM, and consumer sentiment, echo each other
and feed back on themselves.We show for our sample of firms
that the echoverse has changed over time and reveal the
particular impact of online WOM. We reveal that although
one-to-many firm communication (i.e., advertising and press
releases) still has a role in the modern online context, one-to-
one communication (i.e., direct customer responses via social
media) can be very effective. By contrast, customer com-
munication has trended in the opposite way, with social media
enabling one-to-many communication.We find large variation

in the value of firms’ communications. Exploring effective
versus ineffective firms, we find that high-volume, consistent,
moderately toned Twitter strategies can help manage online
WOM, consumer sentiment, and firm outcomes.1

Marketers have traditionally focused on influencing con-
sumer sentiment and firm performance through advertising
and other communications. However, social media offers
marketers, consumers, and other parties in the brand commu-
nication environment (e.g., the news media) a greater voice to
influence the discourse. On the one hand, having an alternative
that enables a one-on-one dialog can facilitate greater influence.
On the other hand, social media may increase complexity for
managing brand strategies. Marketers increasingly must use
resources to monitor contributions by and exchanges among
various sources and decide whether and how to modify their
actions to influence other echoverse components, including
business outcomes.

Existing Studies on Components of
the Echoverse

Many studies have investigated how traditional brand com-
munications such as advertising and promotions influence
consumer sentiment (Ahluwalia, Burnkrant, and Unnava
2000; Ahluwalia, Unnava, and Burnkrant 2001) or behavior
(Reimer, Rutz, and Pauwels 2014; Trusov, Bucklin, and
Pauwels 2009). Others have studied advertising’s influence
on stock performance and/or risk (Joshi and Hanssens 2009,
2010), sales (Cleeren, Van Heerde, and Dekimpe 2013; Van
Heerde, Helsen, and Dekimpe 2007), or brand performance
(Dinner, Van Heerde, and Neslin 2014; Van Heerde, Helsen,
and Dekimpe 2007).

A meta-analysis by Sethuraman, Tellis, and Briesch
(2011) offers inconclusive support for advertising’s impact
on firm performance, with more than 40% of the long-term
advertising elasticities in 402 studies falling between 0 and
.1. Using field experiments, Lewis and Rao (2015) also find
fairly weak advertising effectiveness. Neither their study
nor a meta-analysis by Assmus, Farley, and Lehmann (1984)
included other echoverse components. A broader analysis
may yield insight into how advertising relates to other
communications in the modern social media context.

The finding that advertising (a sponsored form of com-
munication) does not have strong effects does not imply
that all communication effects are weak. In a recent meta-
analysis, online WOM was shown to have an elasticity of
.24 (You, Vadakkepatt, and Joshi 2015), which is more than
twice the average advertising elasticity of .11 (Sethuraman,
Tellis, and Briesch 2011). This implies that in today’s
communication environment, firms must take into account
not only their own advertising effects but also other com-
munication tools at their disposal (e.g., press releases, social
media) as well as online WOM, traditional media, and
consumer sentiment.

1For firm communication, we use “moderate” for lower-valence
messages and “positive” for higher-valence messages because firms
are rarely truly negative in their own communications. For media
and online WOM, we use “negative” and “positive.”
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Studies linking advertising with other echoverse com-
ponents have yielded mixed results. Whereas Feng and
Papatla (2011) find a link between advertising and online
WOM volume, both Carter (2006) and Cleeren, Van Heerde,
and Dekimpe (2013) report a nonsignificant relationship
between advertising and news media. Trusov, Bucklin, and
Pauwels (2009) includemedia volume and promotional event
activity in a model predicting new sign-ups for a social
networking site. However, they do not test the link between
them and do not examine the effect of social media, but rather
the effect of WOM e-mail referrals on the sign-up process
for a social network. In addition, Tirunillai and Tellis (2012)
include advertising spending and media citations as controls.

There is a growing body of literature on the role of
consumer WOM and firm online communications. Tirunillai
and Tellis (2012) explore the impact of advertising on online
WOM. Although the meta-analysis of You, Vadakkepatt, and
Joshi (2015) includes both of these components, it does not
explore the link between them. Finally, Homburg, Ehm, and
Artz (2015) andKumar et al. (2013) examine firm socialmedia
use’s impact on consumer sentiment or behavior (spreading
WOM). Numerous studies have focused on the relationship
between online WOM and consumer sentiment (Moe and
Schweidel 2012; Stephen and Toubia 2010) or behavior
(Sweeney, Soutar, and Mazzarol 2014). Research has also
explored performance impacts of onlineWOM (Chevalier and
Mayzlin 2006; Godes and Mayzlin 2009) and how owned and
earned media, including social media, affect sales (Stephen
and Galak 2012). Other researchers have studied influences
on WOM volume and/or valence, such as what makes online
WOM go viral (Berger and Milkman 2012).

Our study builds on two previous studies that notably
advanced knowledge in this domain. First, Stephen and Galak
(2012) include traditional news media, social media, and firm-
generated media in exploring how traditional and social earned
media affect sales. We build on this study by including (1) the
influence of nonsocial paid advertising, arguably the most
important traditional brand communication, (2) both valence
and volume of online brand communications, and (3) consumer
sentiment. Next, Trusov, Bucklin, and Pauwels (2009) link
member acquisition for a social networking site to firm mar-
keting throughWOM referrals and firm-sponsored promotional
events.We build on this study by including (1) both valence and
volume of WOM, (2) firm social media communications, (3)
firm press releases, and (4) consumer sentiment.

Contribution
Although major headway has been made in understanding
some relationships among components in the brand com-
munication environment, this study is unique in three notable
ways. First, it is the first to assess how a rather comprehen-
sive set of components can influence each other. Second, we
include both volume and valence for traditional media, social
media WOM, and firm-sponsored WOM. Capturing both
volume and valence is important because both have been
shown empirically to influence other echoverse components
(see Table 1). In addition, firms can control the volume and
valence of their communications and monitor and control

their responses to both aspects of others’ contributions. We
recognize that content of communications is important, but it
is better explored using studies of finer granularity, whereas
we aim to take a more systemic view. Third, we demonstrate
feedback loops for each path. Understanding feedback loops
is vital because each action by echoverse actors is intended to
evoke a response by at least one other component. Firms issue
press releases to gain news coverage, the media attempts to
create social media buzz with news articles, and so on.

Table 1 summarizes relevant research, highlighting
our contribution. We identify the components each study
addresses—traditional media news stories (volume and
valence), advertising, firm social media volume and valence,
press release volumeandvalence, onlineWOMbyothers (volume
and valence), consumer sentiment, and firm performance.

Conceptual Framework
We theorize the concept of the echoverse (see Figure 1). This
concept extends the notion of the “megaphone effect” described
by McQuarrie, Miller, and Phillips (2013) as individuals
acquiring mass audiences by posting content online. Echoverse
actors can grab the “megaphone” and attract attention, influ-
encing individual echoverse components. This results in a
reverberating system, unlike the case in which communications
have impact in isolation. Research has offered evidence that this
system consists of three key interconnected actors: the firm, the
media, and the marketplace (consumers). Actors contribute in
numerous ways. Consumers contribute through online WOM,
their attitudes (captured through consumer sentiment), and so
on, and firms contribute through advertising, press releases, and
so on. Thus, there are five “sources” of actions: firms, news
media, online WOM, consumer sentiment, and business out-
comes, shown in the five boxes in Figure 1. There are 11
components associated with the five sources: firm advertising
spending, firm social media (e.g., Twitter) volume and valence,
press release volume and valence, consumer sentiment, con-
sumer online WOM volume and valence, traditional media
news stories’ volume and valence, and business outcomes.
Next,we offer evidence regarding links between the sources as it
aligns with our research questions.

Strength and Nature of the Echoverse
(RQ1 and RQ2)

The brand crisis literature supports the relationship between
firm communications and traditional news media. The com-
munications literature also offers evidence that firm communi-
cations can influence news (An, Gower, and Cho 2011). Support
for the firm communications–consumer sentiment link has also
been found in research demonstrating the influence of firm
responses to negative events on brand perceptions (Ahluwalia,
Burnkrant, and Unnava 2000). The market orientation literature,
drawing on the premise that firms leverage customer information
to make marketing mix decisions, provides support for the
impact of consumer sentiment on firm actions.

The traditional media’s link to online WOM has received
surprisingly little coverage in the literature. An exception is
a study by Berger and Milkman (2012). The traditional
media–consumer perceptions link is explored in research on
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how news influences consumer perception (Ahluwalia,
Burnkrant, and Unnava 2000; Ahluwalia, Unnava, and
Burnkrant 2001). Research has also shown firm communi-
cations’ impact on performance through consumer sentiment
(Bart, Stephen, and Sarvary 2014; Vakratsas and Ambler
1999; Zarantonello, Jedidi, and Schmitt 2013). Finally, Wang,
Zhang, andMing (2009) argue that advertising adds intangible
firm value through its influence on consumer mindsets and
behavior. Our study is also unique in exploring the impact of
firm performance on other echoverse components.

Asymmetries in the Echoverse (RQ3)

We also aim to understand whether influences among
echoverse sources are symmetrical or whether they can be
asymmetrical, and we aim to identify how managers should
prioritize their firms’ contributions. Detecting the dynamics
in the echoverse should facilitate such decisions. In line with
the megaphone concept (McQuarrie, Miller, and Phillips 2013),
if one actor systematically controls the discourse, asymmetries
may result. We explore the nature of such asymmetries.

Changes in the Echoverse over Time (RQ4)

We also aim to understand changes in the echoverse over
time, particularly in light of the influence of social media
on brand communications. McQuarrie, Miller, and Phillips
(2013, p. 153) view the Internet as providing “new forms
of consumer behavior.” We similarly expect social media to
provide new forms of activities among all sources in the
echoverse. For example, there is evidence of the changing
role of news media such that consumers increasingly look to
social media sites such as Twitter for content they previously
would have obtained through traditional media (Barthel et al.
2015). Similarly, the market research firm Forrester estimated

that by 2016, advertisers would spend as much on interactive
marketing over the Internet as they did on television in 2011
(VanBoskirk, Spivey-Overby, and Takvorian 2011). Thus,
with changes in how actors can leverage echoverse com-
ponents to influence one another, we explore changes in the
overall dynamics across echoverse relationships.

Company Differences in Managing the
Echoverse (RQ5)

There is evidence that firms may differ in their ability to
manage the echoverse. Studies on brand crises have found
that firm communications can vary in effectiveness on the
basis of factors such as the message used (Cleeren, Van
Heerde, and Dekimpe 2013), price (Van Heerde, Helsen, and
Dekimpe 2007), and brand equity (Dawar and Pillutla
2000). The communications literature has also shown varying
effectiveness of press releases (Choi and Park 2011).
Anecdotally, the varying ability of firms to manage social
media “firestorms” supports such differences. For example,
the firm ING-Diba was able to quiet an onslaught of con-
sumer dissatisfaction on its Facebook page, emerging with an
even stronger image (Pfeffer, Zorbach, and Carley 2014),
whereas the firm Kryptonite was unable to quiet such a
firestorm. Of interest is the nature of these differences, which
remains an empirical question, and how firms can manage
echoverse relationships. Next, we discuss our method for
testing our conceptual framework.

Method
Data and Sources

We test our conceptual framework in the financial services
industry. We focus on the four top U.S. financial service

FIGURE 1
The Echoverse

Online Word of

Firm Communications

Mouth

Business Outcomes

Consumer SentimentTraditional Media
News Stories

Twitter posts
(volume and valence)

Press releases
(volume and valence)

Advertising
Twitter posts

(volume and valence)

(volume and valence)

Buzz valence

Customer deposits

Notes: The echoverse has three actors: firms, consumers, and news media. We distinguish between 5 echoverse sources (in boldface) and 11
echoverse components.
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firms—Bank of America, Citibank, JPMorgan Chase, and
Wells Fargo—and study the period 2007 to 2013. This period
in banking was particularly tumultuous. Legislative changes,
the competitive landscape, the mortgage and global financial
crises, and rapid growth of social media conspired to create
a taxing environment for brand communications and for
managing firm performance. Thus, our findings are partic-
ularly relevant for marketers facing an increasingly complex
brand communications environment. Next, we describe the
data used to represent each echoverse component.

Traditional media news stories. Using Factiva (Dow
Jones), we captured news articles mentioning any of the four
banks during our study’s time period. Factiva includes the
world’s top media outlets, including offline publications and
web sites. Because articles are frequently duplicated, we
limited our universe of articles to those published by one or
more of the top 25 media outlets based on average circulation
across our time frame, obtained from the SRDS database
(KantarMedia). Circulation figures enabled us to assess reach
for each article. Our analysis includes the 14 outlets acces-
sible through Factiva in the top 25; the remaining 11 were
unavailable due to Factiva academic licensing restrictions.2
Web Appendix A provides a list of publications.

We classified 65,261 articles in line with the banks
mentioned, which enables us to count articles for multiple
different banks when more than one is mentioned. We ran the
resulting text through the Linguistic Inquiry andWord Count
(LIWC; Pennebaker and Francis 1996) software to extract
quantitative data about the underlying text. The LIWC
software reads files word by word, matching each word
against a dictionary of words that are defined for different
types, such as positive and negative emotional, money-
related, and anger words. It outputs 80 distinct measures
varying from general descriptors (e.g., total word count) to
linguistic elements (e.g., auxiliary verbs) to psychological
constructs (e.g., cognitive words). We focus on the valence
and volume of news articles. We obtained the percentage
of positive and negative words using LIWC, then weighted
articles by outlets’ weekly circulation to obtain a weighted
percentage of positive and negative words (e.g., 3.1% and
1.1%, respectively). Subtracting weighted negative word
percentages from the weighted positive word percentages
(e.g., 3.1% – 1.1% = 2%) yields weekly valence scores.

Online WOM. Twitter data are a particularly useful
proxy for social media. In contrast with Facebook, which
contains more personal conversation, or blogs, which tend to
be written by full-time commentators on an industry, Twitter
tends to focus on information sharing and communications
directly between consumers about firms (Kwak, Lee, and
Moon 2010). In addition, because the default for Twitter is
that all tweets are public, they are more likely to have a
broadcast-like effect on consumer decisions than Facebook
discussions, where the default is private. Finally, Twitter data

are publicly available for a limited time, and historical data
can be purchased. Thus, studies using Twitter data are rep-
licable, unlike those using other, more proprietary forms of
social media data.We captured onlineWOM activity for each
bank with tweets mentioning at least one of the focal firms
over the study’s time period.

We purchased raw tweets from Gnip (now owned by
Twitter). We provided Gnip with a list of phrases to pull
tweets matching those terms for the study’s time period
(a total of 18,577,733 tweets). Web Appendix B lists the
phrases. We aggregated these data into weekly counts either
from or about each bank, enabling us to track whether tweets
were firm created or created by others. We used a standard
Twitter sentiment analysis tool (Go, Huang, and Bhayani
2009) to score each tweet as positive or negative on a scale
of -1.0 through +1.0. We then averaged positive and neg-
ative tweet values separately over each week. For example,
there may have been 800 positive tweets with an average
valence of +.6 and 200 negative tweets with an average
valence of -.3. We then weighted these values by the number
of positive and negative tweets to obtain a weekly Twitter
valence score for that bank that week. In the example, the
valence score would be (800 · .6 + 200 · -.3)/1,000 = .42.
Thus, we obtain four Twitter-based measures: (public) online
WOM volume and valence and firm Twitter volume and
valence.

Consumer sentiment. We assess consumer sentiment
with an attitudinal index, the BrandIndex database (YouGov).
Using this database, we captured weekly reporting of the
BrandIndex overall buzz metric, calculated as the per-
centage of respondents who heard or saw something
positive or negative about a brand in the past two weeks.
The net score is between -100% (all respondents report
negative buzz) and +100% (all respondents report positive
buzz).

Firm communications. We captured firms’ participation
in social media through tweets originating from firm-
sponsored Twitter accounts, as described previously. Next,
from firm websites we compiled press releases issued
between 2007 and 2013 and aggregated them by week. A
total of 5,376 press releases were converted into plain text
files from Word using the opendocx Python module (https://
pypi.python.org/pypi/docx). Dates were automatically pulled
from documents through regular expression matching using
Python code. We then processed these data through LIWC
in a similar fashion as for news articles, using positive and
negative emotion percentages to create valence scores by
subtracting negative word percentages from positive word
percentages. To assess advertising spending, we used the Ad
$pender database (Kantar Media), which reports monthly
firm-level advertising spending.

Business outcomes. Because of the consumer’s key role
in the echoverse, we choose a performance metric that closely
represents customer behavior. A key outcome used in bank
marketing return on investment models is the level of
deposits held; it is linked very closely with customer behavior
and less influenced by factors such as firm income adjust-
ments from write-offs, lawsuits, and so on. In addition, “core

2As a robustness check, we also used an alternative set using only
the accessible publications from the top 10. The correlation of model
variables (news article volume and valence) with the alternative set
variables was .97–1.00.
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deposit growth drives net interest income growth, and net interest
income growth drives earnings growth” (BernsteinResearch
2014, p. 1). As such, deposits are a key indicator of future
performance. UsingBloomberg, we captured business outcomes
through quarterly levels of deposits held by each of the focal
firms. We used linear interpolation to obtain weekly values for

customer deposits to align them with the observation frequency
of the other variables.

Model-free evidence for the echoverse.. Before dis-
cussing the econometric model, we show time series charts
illustrating some of the echoverse dynamics. Figure 2
shows for Bank of America how three metrics evolved

FIGURE 2
Model-Free Evidence of the Echoverse

A: Volume of Online WOM on Bank of America

B: Volume of News Articles on Bank of America 

C: Consumer Sentiment on Bank of America
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over our study’s time span: onlineWOM volume (Figure 2,
Panel A), news article volume (Figure 2, Panel B), and
consumer sentiment (Figure 2, Panel C). Figure 2 indicates
that several events affected the banking industry (e.g., the
2008 global financial crisis), and Bank of America in
particular (e.g., the 2011 debit card fee debacle). Figure 2
shows how spikes in online WOM volume echo in news
volumes and drops in consumer sentiment, and vice versa.
To disentangle these effects and determine their strength
and duration, we need an econometric model, discussed
next.

Econometric Modeling

In this subsection, we present the model for the rela-
tionships among the echoverse variables. We use models
in the vector autoregressive (VAR) tradition because they
enable us to treat all variables as endogenous, consistent
with the nature of the echoverse. Almost all variables are
(near) continuous, so they can be modeled adequately
with a VAR model. The press release volume variable
has a more discrete distribution (with most values between
0 and 10). However, its residuals are near normally dis-
tributed, so we do not need a discrete distribution such as
Poisson.

Unit root tests. In a first step, we test whether variables
in the echoverse are stationary or evolving. We use the
augmented Dickey–Fuller panel data unit root, stacking each
variable across the four banks while allowing for different
unit root processes across banks. For customer deposits, the
test indicates a unit root (we cannot reject the null of a unit
root), so it needs to enter the VAR model in first differences.
For the other variables, the test rejects the null of a unit root
(p < .05), so these variables enter the model in levels.

VAR-X model. To study the interrelationships between
the echoverse variables, we use a VAR-X model that
allows for instantaneous (same period) or lagged (later
periods) effects between endogenous variables. We in-
clude control variables, denoted by the “X” in VAR-X.
We estimate two versions of the model: (1) a panel data
VAR-X model with homogeneous response parameters
across firms (with fixed effects for firms for level differ-
ences) and (2) separate VAR-X models per firm with
heterogeneous response parameters. The panel data VAR-
X enables us to obtain general conclusions about the
echoverse, whereas firm-specific VAR-X models show
differences between banks.3 The panel VAR-X model is
specified as follows:

(1)
2
6666666666666666666664

NewsArticleVolumeb,t
NewsArticleValenceb,t
Consumer Sentimentb,t
VolumeOnlineWoMb,t

ValenceOnlineWoMb,t

CompanyTwitter Volumeb,t
CompanyTwitter Valenceb,t
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Press ReleaseValenceb,t
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2
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e1,b,t
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e8,b,t
e9,b,t
e10,b,t
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3
7777777777777777777775

;

where b = 1,…, B (= 4) banks and t = 1, ..., T (= 343) weekly
observations, from July 2007 to December 2013 (total of
1,372 observations). Table 2 defines the vector of endoge-
nous variables.

3In earlier analyses, we estimated a panel data VAR (PVAR)
model using hierarchical Bayes to accommodate response
parameter heterogeneity (e.g., Chakravarty and Grewal 2011).
Results for the hyperparameters were very similar to classical
PVAR model results. We decided against a Bayesian PVAR
model because the number of cross-sections is rather limited (four
banks), making it difficult to estimate the parameter heterogeneity
distribution reliably.
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Firm fixed effects ðDbÞ. In Equation 1, a1;0, …, a11;0 are
the intercepts and Db are bank dummies: Db = 1 for bank b
and 0 otherwise; the Bth bank serves as a reference category.
These bank fixed effects account for any time-invariant bank
factor. This means that in terms of identification, the model
uses within-bank over-time variation to estimate the param-
eters. Because we have a long time series (6.5 years of weekly
data), this poses no problems.

Effects between endogenous variables. Equation 1 cap-
tures the contemporaneous effect between variables through
the error term ebt = ðe1bt,…, e11btÞ9 ~ Nð0, VÞ, where V is a
full (11 · 11) covariance matrix. The lagged effects (up to
lag L) are captured by lagged endogenous variable on the
right-hand side of Equation 1. Their effects are captured by
fi,j,l for the effect of variable j on variable i with lag l. In line
with the Schwarz Bayesian information criterion, a lag of
L = 1 is optimal (Table 3).

Cross-bank effects ðCmbtÞ. In Equation 1, Cmbt captures
cross-bank effects parsimoniously by including five variables
for competitor actions averaged across the three nonfocal
banks: C1bt = competitor Twitter volume; C2bt = competitor
Twitter valence; C3bt = competitor press release volume;
C4bt = competitor press release valence; and C5bt = com-
petitor advertising.4

Time-varying control variables ðEptÞ. The echoverse
components are also likely to be affected by time-varying
external shocks that are common across firms. In the con-
text of consumer banking, we consider three key types of
industry-wide shocks that drive consumer attitudes and
behavior: consumer confidence levels, unemployment rates,
and personal saving rates. If consumers feel more confident
about the economy, they are likely to make different saving
and investment decisions (e.g., choose more risky assets than
bank deposits) than when they are more downbeat. If the

unemployment rate increases, more consumers face shortfalls
in income levels and may have to draw from their bank
deposits. The higher the personal savings rate, the more
attractive bank deposits are for consumers, ceteris paribus. To
account for these observable shocks, Equation 1 includes
E1t = consumer confidence levels and E2t = unemployment
rate (both in first difference because they have unit roots), and
E3t = personal savings rate. Equation 1 also contains E4t, a
dummy that is 1 forWells Fargo in the quarter in whichWells
Fargo took over Wachovia (and 0 otherwise), which caused
an increase in its customer deposits. Finally, Equation 1
includes E5t, a time trend to account for general trends (e.g.,
online WOM growing over time). Web Appendix C shows
the sources and descriptive statistics for the control variables.

An alternative way to account for industry-wide shocks is
time fixed effects (a dummy per time period). We decided to
include five time-varying control variables instead of using
time fixed effects because the key shocks to this industry are
readily observable and the control-variable approach is much
more parsimonious than time fixed effects (T fixed time
effects would absorb T - 1 = 342 d.f.). The argument is also
that these control variables compensate for the time fixed
effects if a shock is given at a time period. In other words,
while a fixed effect would account for all of the unobserved
shocks, the time-varying control variables account for all of
those unobserved shocks that are usually expected.

Separate VAR-X models. The separate VAR-X models
per bank use the same set of variables. The difference with
Equation 1 is that all parameters are now bank-specific: c1m,b,
d1p,b, fi,j,l,b, and Vb. For each of the banks, we use 343 weekly
observations.We find that a lag length of 1 is optimal for each
of the banks (Table 3). We estimate all models in EViews.

Results
Granger Causality Tests

Before reporting the VAR-X results, we first discuss the
outcomes of Granger causality tests between variables. There
are 11 variables in the echoverse. Therefore, there are 11 · 10
possible bivariate effects of one variable on another. Out of
these 110 possible effects, 55 (50%) show significant Granger

TABLE 3
Schwarz Criteria to Test the Optimal Lag Length in the VAR-X Models

Lag
Panel Data VAR-X Model
Pooled Across Banks

VAR-X Model for Bank
of America

VAR-XModel for
Chase

VAR-X Model for
Citibank

VAR-X Model for
Wells Fargo

0 87.71 89.38 83.16 81.35 80.83
1 82.22* 84.98* 79.56* 77.53* 78.48*
2 82.46 86.45 80.76 78.94 80.01
3 82.86 88.10 82.49 80.52 81.63
4 83.34 89.83 84.17 82.13 83.23
5 83.80 91.21 85.80 83.67 84.91
6 84.32 92.82 87.36 85.14 86.56
7 84.83 94.32 89.08 86.65 88.08
8 85.37 95.81 90.57 88.18 89.58

Notes: The bold number with the asterisk (*) is the optimal lag length corresponding to the lowest Schwarz criterion (= Bayesian information criterion).

4A much less parsimonious alternative approach would be to
stack all competitors in one long vector of endogenous variables.
This would enlarge the state space considerably and potentially
make the model intractable. In our setting, with 11 endogenous
variables and four competitors, we would go from having an 11-
variate endogenous variable to a 44-variate endogenous variable,
with a corresponding 44 · 44 set of dynamic effect parameters fi,j,l.
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causality (p < .1) using a panel Granger test with a lag of 1.
Each of the 11 variables is Granger-caused by at least one
other variable, and on average each variable is Granger-
caused by five other variables. For a more complete under-
standing of the echoverse, we need a multivariate analysis
provided by VAR-X models.

We first discuss the results for the panel VAR-X Model 1
that informs us about the overall echoverse for the repre-
sentative firm. Next, we report how the echoverse has
changed over time. Then, we examine the difference between
banks based on the VAR-X models per bank. Finally, we
extend the analysis by including multiple sources of online
WOM.

Model Fit

Table 4 (second column) summarizes panel VAR-XModel 1
fit. The R-squares show reasonable model fit, with more
explanatory power for volume variables than for valence
variables. Detailed parameter estimates (including for control
variables) are available in Web Appendix C. Web Appendix
D reports a holdout analysis for the panel VAR-X model.

What Is the Strength of the Echoverse (RQ1)?

We summarize effects between the endogenous variables
through generalized impulse response functions (IRFs),
showing the full dynamic impact of a standard deviation
shock in one variable on others (Pesaran and Shin 1998). We
obtain 121 IRFs for the response of 11 endogenous variables
to shocks, applied in turn, to each variable. The IRFs show
mean responses and 90% confidence intervals for the rep-
resentative bank. The effect of one variable on another is
significant if there is at least one period in the IRF with a
significant effect (two-sided tests, at p < .1).

To measure the strength of the echoverse, we note that
it incorporates contributions from five sources: firms, online
WOM, news media, consumer sentiment, and customer
deposits (Figure 1). Thus, there are, in principle, 5 · 5 = 25
arrows between sources representing the effects of each
source on every other source (20 in total), or the effect of each
on itself (5 in total). Within each of the 25 possible arrows,

we use the IRFs to assess whether there is a statistically
significant effect either contemporaneously or with a lag.

Figure 3 reports the results. We find that for 22 out of all
25 arrows (or for 17 out of 20 between-source arrows), there
is at least one statistically significant effect. Thus, there is
clear statistical evidence for the echoverse. In particular, there
is a clear and symmetric echo between traditional media
stories and online WOM, with 100% significant effects both
ways. Firm communications influence the traditional media
(50% significant), consumer sentiment (40% significant),
onlineWOM (30% significant), and business outcomes (60%
significant).

What Is the Nature of the Echoverse (RQ2)?

To measure the nature of the echoverse, we consider the sign
(positive or negative) of one component’s effect on another
within the set of significant IRFs. Table 5 summarizes these
findings. We focus on the most prominent patterns and
illustrate these with corresponding IRFs.

Bad news spiral. A key observation in our context is
that bad news spreads fast and wide. In line with findings
regarding negative experiences being shared to a greater
degree than positive experiences (Anderson 1998), negative
messages (as opposed to positive messages) spread quickly
both within a medium (e.g., traditional news media) and
across media (e.g., from the news media to onlineWOM). To
illustrate this pattern, Figure 4, Panel A, shows how a negative
shock in valence of news articles leads to an increase in online
WOM.5 More online WOM leads to a drop in consumer
sentiment (Figure 4, Panel B), which in turn increases the
number of news articles (Figure 4, Panel C). More negative
online WOM also leads to more news articles (Figure 4, Panel
D). Importantly for firms, all of this matters because more

TABLE 4
Model Fit: R-Squares

Model

Panel Data VAR-X Model
Pooled Across Banks

VAR-X Model for
Bank of America

VAR-X Model
for Chase

VAR-X Model
for Citibank

VAR-X Model
for Wells Fargo

Consumer sentiment .74 .71 .74 .32 .30
Advertising spend .92 .84 .93 .89 .86
Volume of press releases .17 .14 .16 .15 .23
Valence of press releases .11 .07 .09 .08 .09
Volume of company tweets .91 .96 .85 .85 .38
Valence of company tweets .86 .38 .16 .11 .38
Volume of online WOM .73 .72 .84 .69 .84
Valence of online WOM .61 .41 .75 .31 .26
Volume of news articles .37 .34 .36 .37 .23
Valence of news articles .09 .13 .10 .11 .14
D customer deposits .88 .87 .88 .87 .99

5As a point of clarification, this effect is obtained using a model
that is symmetric. If the valence of news was in the opposite
direction, the effect would be of the same magnitude, but with the
opposite sign. Thus, a positive shock in news article valence leads
to a decrease in onlineWOM. The same principle applies to the other
effects in Figure 4.
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negative consumer sentiment leads to lower customer deposits
(Figure 4, Panel E), as does an increase in the volume of online
WOM (Figure 4, Panel F).

Firm’s impact on the echoverse. What can firms do
about a spiral of negative news? Our analysis provides
several suggestions. First, company tweets can calm things
down. An active Twitter strategy pays off because the volume
of company tweets is successful in driving down both the
volume of online WOM (Figure 5, Panel A) and the
number of news articles (Figure 5, Panel B). It also lifts
consumer sentiment (Figure 5, Panel C). Having an active
Twitter strategy to counter firestorms that develop online or in
the newsmedia seems an effective approach to essentially deprive
the fire of oxygen.

A second finding is that press releases can be surprisingly
effective. When we started this research, we were agnostic
about the effectiveness of press releases, as this is a variable
that rarely appears in the marketing literature (see Table 1).
Notably, more positive press releases can lift the tone of
online WOM (Figure 5, Panel D). A more upbeat press
release tone is picked up in the valence of public tweets. This
can be explained by the fact that press releases are available to
the public through Twitter and other online portals (Swallow
2010). We also find that more press releases, especially more
positive press releases (Figure 5, Panel E), are effective in
lifting customer deposits.

A third key takeaway is that advertising bypasses the
echoverse. Advertising does not significantly affect traditional

media, onlineWOM, or consumer sentiment. It does, however,
positively affect customer deposits (Figure 5, Panel F). This
finding is in line with the notion that advertising is typically
not meant to counter short-term matters being discussed
online or in the media, but rather to influence consumers’
long-term perceptions and preferences. Advertising gives
consumers positive reasons to choose a firm, which leads to
positive business outcomes.

Are There Asymmetries in the Echoverse (RQ3)?

To assess asymmetries, we consider whether one echoverse
source has a higher percentage of significant effects on
another source (A affecting B) than the other way around (B
affecting A). Figure 3 shows that one key asymmetry is that
firm communications respond more to online WOM (50%
significant) than to consumer sentiment (20% significant).
This result is in line with the notion that firms increasingly
attend to onlineWOM rather thanmore classical, survey-based
consumer sentiment. Another key asymmetry is the finding
that consumer sentiment responds to online WOM (50%
significant), but online WOM does not respond to consumer
sentiment (0% significant). This finding is in line with the
opinion leadership role of the Twittersphere: as it leads the
way, the general population (polled to measure consumer
sentiment) changes their minds. Finally, online WOM drives
business outcomes (50% significant), but the reverse path is
not present (0% significant). Thus, consumer chatter matters
for business outcomes but tends to ignore these outcomes.

FIGURE 3
The Calibrated Echoverse: Arrow Width Reflects the Percentage of Significant Effects
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TABLE 5
Nature of the Significant Effects in the Echoverse

Response by

Shock in
Traditional Media

Stories Online WOM
Firm

Communications
Consumer
Sentiment

Customer
Deposits

Traditional
media stories

• Positive
carryover effects

• More news
articles lead to
more online WOM
and to more
negative online
WOM

• More positive news leads
to more advertising

• More
news
articles
lead to a
drop in
consumer
sentiment

• More negative
news articles lead
to more news
articles

• More negative
news articles lead
to more online
WOM (Figure 4,
Panel A) and to
more negative
online WOM

• More news articles lead to
more press releases

• More news articles lead to
fewer company tweets
and more moderate
company tweets

Online WOM • More onlineWOM
leads to more
news articles and
to more negative
news articles

• Positive carryover
effects

• More online WOM leads
to more advertising

• More
online
WOM
leads to a
drop in
consumer
sentiment
(Figure 4,
Panel B)

• More online
WOM leads to
lower
customer deposits
(Figure 4, Panel F)

• More negative
online WOM
leads to more
news articles (see
Figure 4, Panel D)
and to more
negative news
articles

• More onlineWoM leads to
more, and more
moderate, press releases

• More negative online
WOM leads to more
moderate press releases

• More online WOM and
more negative online
WoM lead to more
positive company tweets

Firm
communications

• More company
tweets lead to
fewer news
articles (Figure 5,
Panel B) and to
more negative
news articles

• More company
tweets lead to less
online WOM
(Figure 5, Panel
A)

• Positive carryover effects • More
company
tweets
lead to a
lift in
consumer
sentiment
(Figure 5,
Panel C)

• More press
releases lead to
higher customer
deposits

• More moderate
company tweets
lead to more
news articles

• More press
releases lead to
more online WOM

• More moderate company
tweets lead to more
company tweets, and vice
versa

• More
positive
company
tweets
lead to a
lift in
consumer
sentiment

• More positive
press releases lead
to higher customer
deposits (Figure 5,
Panel E)

• More press
releases lead to
more news
articles and to
more positive
news articles

• More positive
press releases
lead to more
positive online
WOM (Figure 5,
Panel D)

• More positive press
releases lead to more
advertising

• More advertising
leads to higher
customer deposits
(Figure 5, Panel F)

• More positive press
releases lead to more
press releases, and vice
versa

• More advertising leads to
more positive company
tweets

• More advertising leads to
fewer andmore moderate
press releases

Consumer
sentiment

• More negative
consumer
sentiment leads
to more news
articles (Figure 4,
Panel C)

• More negative consumer
sentiment leads to more
moderate company
tweets

• Positive
carryover
effects

• More negative
consumer
sentiment leads to
lower customer
deposits (Figure 4,
Panel E)
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How Has the Echoverse Changed over Time (RQ4)?

Given the rapid growth in Twitter usage since its inception
in 2006, its role in the echoverse may have changed over
our study’s time period. To explore this possibility, we
run a moving-window analysis of the panel VAR-X model,
shifting a four-year window by half a year at a time. That is,
we estimate the model separately for six moving windows:
(1) mid-2007 through mid-2011, (2) the beginning of 2008
through the end of 2011, (3) mid-2008 through mid-2012,

(4) the beginning of 2009 through the end of 2012, (5) mid-
2009 through mid-2013, and (6) the beginning of 2010
through the end of 2013. The moving windows yield enough
observations to estimate the model reliably and are short
enough to enable us to spot echoverse changes over time.

Table 6 shows which echoverse effects change mean-
ingfully over time. We define “meaningfully” as being signifi-
cant in at least two of the first three windows and insignificant in
the final three windows, or vice versa; alternatively, it refers

TABLE 5
Continued

Response by

Shock in
Traditional Media

Stories Online WOM
Firm

Communications
Consumer
Sentiment

Customer
Deposits

Customer
deposits

• Higher customer
deposits lead to
lead to more
positive news
articles

• Higher customer deposits
lead to lead to more press
releases

• Higher
customer
deposits
lead to a
lift in
consumer
sentiment

• Positive carryover
effects

Notes: These effects are significant at the 10% level (two-sided tests) in the panel VAR-X model. For company communication, we use the label
“moderate” for a lower-valence message and “positive” for a higher-valence message, because firms are hardly ever truly negative in their
own communications. For media and online WOM, we use the labels “negative” and “positive.”

FIGURE 4
Bad News Spreads Fast and Wide in the Echoverse (Full Time Period)
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C: More Negative Consumer Sentiment
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D: More Negative WOM Leads to
More News Articles 
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E: More Negative Consumer Sentiment
Leads to Lower Customer Deposits 
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F: More Online WOM Leads to Lower
Customer Deposits 
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Notes: The solid line is the mean effect. The dashed lines show 90% confidence intervals.
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to the sign of the effect changing from significant positive to
significant negative, or vice versa (with at least two sign
changes). To avoid clutter, Table 6 does not show intrafirm
responses (e.g., press releases to advertising; these results are
available on request).

One key conclusion from our results is that the nature of
online WOM has completely reversed. In the early days of
Twitter (first three windows), there was a “positivity spiral”: a
positive impact of online WOM valence on online WOM
volume, and vice versa. More positive messages led to more
messages, leading to more positive messages, and so on.
More recently (most recent three windows), this event turns
into a “negativity spiral”: the impact of online WOM valence
on volume (and vice versa) turns negative. More negative
messages lead to more volume, which leads to a more
negative tone, and so on. This result is in line with Anderson’s
(1998) finding of a greater likelihood of sharing negative
experiences and anecdotal evidence of the greater impact of
negative versus positive social media (Diamond 2015). We
also find that traditional media are increasingly in a negativity
spiral: more negative news increasingly leads to more news
articles.

Another major change is that classical consumer sentiment
has lost impact on online WOM and on customer deposits over
time. The latter finding is illustrated in Figure 6: whereas in the
first time window there is a positive effect of consumer

sentiment on customer deposits (Figure 6, Panel A), the
effect turns insignificant in the most recent time window
(Figure 6, Panel B).

Table 6 also shows that firms have changed their strat-
egies over time. They are increasingly countering negative
consumer sentiment with more positive press releases.
Similarly, they increasingly use more positive tweets when
confronted with a surge of online WOM, especially nega-
tive WOM. However, in terms of volume of tweets, firms
increasingly hold back when there is a surge in online WOM
about the firm or a spike in news coverage.

Notably,firmTwitter strategy increasingly affects business
outcomes.Whereas the volume of firm tweets has no effect on
deposits in the first time window (Figure 6, Panel C), it starts
to have an impact in the final period (Figure 6, Panel D).
Although the effect is significant for only one time window
(the final one), it is promising to see that an online commu-
nication strategy is starting to pay off. We also find that a more
moderate-in-tone (vs. overly positive) Twitter strategy starts to
have an impact in the most recent time window (Table 6).

Are There Company Differences in the Echoverse
(RQ5)?

We next turn to differences between banks based on firm-
specific VAR-X models estimated across the full time

FIGURE 5
The Impact of Firm Actions on the Echoverse (Full Time Period)
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Notes: The solid line is the mean effect. The dashed lines show 90% confidence intervals.
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TABLE 6
Changes in the Echoverse over Time

Dependent
Variable

Independent
Variable

First 3
Moving
Windows

Final 3
Moving
Windows Interpretation

Effect on Number of News Articles
Media stories Advertising + (2/3 sig.) No (0/3 sig.) Firms are less able to obtain more news

coverage through advertising.
Valence of company
tweets

- (2/3 sig.) No (0/3 sig.) Company tweets have lost their newsworthiness
over time.

Valence of news
articles

No (0/3 sig.) - (3/3 sig.) News coverage is increasingly in a negativity
spiral.

Effect on Valence of News Articles
Advertising No (0/3 sig.) - (2/3 sig.) Firms are to attract less favorable news

coverage through advertising.
Effect on Volume of Online WOM
Online WOM Consumer sentiment - (2/3 sig.) No (0/3 sig.) Online WOM is becoming more independent

from consumer sentiment.
Valence of press
releases

- (2/3 sig.) No (0/3 sig.) Online WOM is becoming more independent
from press releases.

Volume of company
tweets

+ (3/3 sig.) - (1/3 sig.) Companies can increasingly pacify onlineWOM
through more tweets.

Valence of online
WOM

+ (2/3 sig.) - (3/3 sig.) There is a turnaround in online WOM, from a
positivity spiral to a negativity spiral.

Effect on Valence of Online WOM
Volume of company
tweets

- (3/3 sig.) + (2/3 sig.) Companies can increasingly lift the tone of
online WOM through more tweets and more
positive tweets.Valence of company

tweets
No (0/3 sig.) + (2/3 sig.)

Volume online WOM + (2/3 sig.) - (3/3 sig.) There is a turnaround in online WOM, from a
positivity spiral to a negativity spiral.

Effect on Advertising
Firm communications Consumer sentiment + (2/3 sig.) No (0/3 sig.) Firms no longer use advertising to respond to

positive consumer sentiment.
Effect on Number of Press Releases

Customer deposits + (2/3 sig.) No (0/3 sig.) Firms no longer issuemore press releaseswhen
customer deposits are up.

Effect on Valence of Press Releases
Consumer sentiment No (3/3 sig.) - (2/3 sig.) Firms increasingly counter negative consumer

sentiment throughmore positive press releases.
Effect on Number of Company Tweets

Consumer sentiment - (1/3 sig.) + (2/3 sig.) Companies increasingly use Twitter to ridewave
of positive consumer sentiment.

Volume online WOM + (2/3 sig.) - (1/3 sig.) Firms hold back in using Twitter when there is a
lot of online WOM.

Volume of news
articles

+ (1/3 sig.) - (3/3 sig.) Firms hold back in using Twitter when there is a
lot of news coverage.

Effect on Valence of Company Tweets
Volume online WOM - (2/3 sig.) + (2/3 sig.) Companies increasingly counter higher

volumes of online WOM with more positive
tweets.

Valence online WOM No (0/3 sig.) - (2/3 sig.) Companies increasingly counter negative online
WOM with more positive tweets.

Volume of news
articles

- (3/3 sig.) + (1/3 sig.) Firms increasingly issue more positive tweets
when news coverage surges.

Effect on Dependent Variable: Consumer Sentiment
Sentiment Volume of press

releases
+ (3/3 sig.) No (0/3 sig.) Press releases are losing their power to

influence consumer sentiment.
Valence of press
releases

+ (2/3 sig.) - (2/3 sig.) Positive press releases no longer lift consumer
sentiment.
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period. We conducted a nested-model F-test that shows
that the homogeneity of firm-level coefficients needs to be
rejected (F(61, 1,269) = 3.26, p < .001). Table 4 shows model
fit for the firm-specific models, and detailed parameter

estimates appear in Web Appendix D. For each bank, we
obtain 121 IRFs showing the response of 11 echoverse
variables to shocks, applied in turn to each variable. Drawing
on IRFs for each bank, Table 7 formulates proposed actions

TABLE 6
Continued

Dependent
Variable

Independent
Variable

First 3
Moving
Windows

Final 3
Moving
Windows Interpretation

Effect on Dependent Variable: Change in Customer Depositsa
Deposits Consumer sentiment + (3/3 sig.) No (0/3 sig.) Classical consumer sentiment is no longer a

driver of business outcomes (Figure 6, Panels
A and B).

Number of company
tweets

No (0/3 sig.) + (1/3 sig.) A high-volume Twitter strategy starts to lift
business outcomes (Figure 6, Panels C and D).

Valence of company
tweets

No (0/3 sig.) - (1/3 sig.) A moderate-in-tone Twitter strategy stats to lift
business outcomes.

Valence of news
articles

No (0/3 sig.) + (1/3 sig.) A positive tone in news articles starts to drive
business outcomes.

aBecause of the importance of this outcome variable for Customer Deposits, we also include changes that happen in at least one window for this
dependent variable.
Notes: This table compares the first threemovingwindows of four years (mid-2007 throughmid-2011, the beginning of 2008 through the end of 2011,

and mid-2008 through mid-2012) with the final three windows (the beginning of 2009 through the end of 2012, mid-2009 through mid-2013,
and the beginning of 2010 through the end of 2013). Effects are only included in the table if they change meaningfully over time.

FIGURE 6
Change over Time in the Impact of Consumer Sentiment and Company Twitter Volume on Customer Deposits
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D: The Volume of Company Tweets Starts 
to Affect Customer Deposits
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to handle crisis situations, defined as a surge in negative
online WOM or negative news coverage and/or a drop in
consumer sentiment. The goal is to lift the mood (valence)
in online WOM, news coverage, consumer sentiment, and,
ultimately, customer deposits. Table 7 documents how
some firms are better at managing the echoverse than
others.

We find remarkable contrast in the effectiveness of
Twitter strategies across banks, particularly between Bank of
America and Wells Fargo. Bank of America is the only bank
that is able to drive down the volume of online WOM by
increasing the number of its own tweets (Figure 7, Panel A),
whereas Wells Fargo is not (Figure 7, Panel B). Likewise, the
same strategy pays off for Bank of America (and also Chase)
in driving down media coverage (Figure 7, Panel C), whereas
it does not pay off for Wells Fargo. Bank of America can lift
customer deposits through more company tweets (Figure 7,
Panel E), whereas this result does not hold for Wells Fargo
(Figure 7, Panel F) or the other banks.

So what is the difference in Twitter strategy between
Bank and America and Wells Fargo? To explore this, we
conduct a follow-up analysis of tweets. As Table 1 shows,
Bank of America averages far more weekly tweets (272)
than Wells Fargo (52). However, the average valence of
Bank of America’s tweets (.16) is far lower than Wells
Fargo’s (.65). Thus, Bank of America’s tweets are, on
average, much less positive in tone than Wells Fargo’s.
Notably, the standard deviation in firm Twitter valence for
Bank of America (.20) is barely half that for Wells Fargo
(.42). We infer that Bank of America has a higher volume
of tweets, which are more consistent (lower standard
deviation) and more moderate in tone than Wells Fargo’s.
This high-volume, consistent, and reasonably toned Twitter
strategy apparently strikes a chord with consumers, tem-
pers online WOM, and enhances customer deposits. Wells
Fargo’s strategy of issuing (too-) positive tweets may ring
hollow to consumers, thus lacking impact or even back-
firing. Consistent with this inference, Table 7 shows that
for Wells Fargo, more moderate tweets may help contain
online WOM volume and lift consumer sentiment and
news valence.

Further evidence for different Twitter strategies can be
found by examining the distribution of tweets across firm-
sponsored Twitter accounts. Table 8 shows the number of
tweets across accounts used primarily for customer service
versus accounts related to news, information, and promotion
across the four banks. Tweets were also scanned for indi-
vidual Twitter usernames. We tallied total mentions (tweets
containing a username), replies (username at the beginning
of a tweet), or retweets (containing any form of the letters
“RT” at the beginning). As Table 8 shows, Bank of America
uses Twitter for customer service more than the other banks,
with more than 90% of its tweets originating from customer
service accounts versus 60%–70% for the other firms. In
addition, tweets from customer service accounts across all
banks are more likely to be in the form of mentions or
replies. Chase and Citibank are more likely than the others to
use promotional Twitter accounts, and Chase is most likely
to engage in one-on-one promotional communications

through Twitter (26.55% of replies from promotional
accounts).

Differences in banks’ Twitter strategies were also de-
scribed in a report by Sparkcentral, a customer experience
software developer (Vu 2012). The report notes that, as of
2012, Bank of America’s customer service responses “are
wildly higher than any other bank” and that the firm has a
policy of answering most of its complaints, whereas the
other banks tend to largely ignore complaints and “let
people vent.” Responding to complaints would arguably
yield less positive tweet valence than using Twitter for
promotional purposes. Importantly, responding to indivi-
duals versus broadcasting messages seems to distinguish the
banks’ Twitter strategies.

Robustness Check: Other Forms of Online WOM

So far, the analysis has focused on one major source for
online WOM: Twitter. Although Twitter has become a key
facilitator for consumers’ raves and rants, it is not the only
source of online WOM, and additional WOM channels
might also be analyzed (Schweidel and Moe 2014). As
a robustness check, we gathered additional data from
BrandWatch (www.brandwatch.com), a social media intelli-
gence firm, through an academic license. Unfortunately, we
were unable to obtain data that matched our previous data
exactly. The BrandWatch data set was from July 2010 to
August 2015 and covered only two firms (Wells Fargo and
Bank of America) because of access limits. We processed
the BrandWatch data into seven new time series describing
firm mentions on various channels (Twitter, Facebook,
blogs, image, video, reviews, and forums; www.brandwatch.
com/sources). Valences of almost all of these signals were
positively correlated with one another. There were some
differences in correlations of the volume of the data, but
Facebook and Twitter are positively correlated with each other
for both banks. The correlation within 11 out of 12 bank-years
is positive for both banks between blog and Twitter volume.
Because both valence and volume time series are fairly highly
correlated across social media, and other social media sites are
problematic in terms of availability, we chose to keep our model
simple and focus on Twitter as a social media data source.

Discussion

Summary of Findings

RQ1 and RQ2: What is the strength and nature of the
echoverse? From a study of four leading banks, our findings
clearly support the existence of the echoverse. Traditional
media news stories, online WOM, and firm communications
all reverberate and echo one another (and themselves).
Negative news travels fast and wide between consumers
(onlineWOM) and the news media. Consumer sentiment and
online WOM significantly affect customer deposits, the latter
confirming the centrality of online WOM in driving business
outcomes. During the study’s time period, social media
use increased markedly. Twitter use increased from
approximately 5,000 tweets per day in 2007 to more than
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300,000 per day in 2008, to more than 500 million tweets per
day in 2013 (http://www.internetlivestats.com/twitter-statistics/
#trend). Firm communications (e.g., Twitter, press releases) also
affect online WOM and news media, whereas advertising
bypasses the echoverse to influence customer deposits directly.

RQ3: Are there asymmetries in the echoverse? There
are some strong asymmetries in the echoverse. One is that
consumer sentiment follows online WOM, but not the other
way around, confirming the opinion leadership role of online
WOM. Moreover, online WOM drives business outcomes,

but not the other way around. Finally, firms respond more to
online WOM than to traditional consumer sentiment.

RQ4: How has the echoverse changed over time? Our
results show that the echoverse is changing as online WOM
proliferates. Online WOM has plunged into a negativity
spiral, with negative news receiving greater impact on WOM
volume over time, and traditional newsmedia have fallen into
the same negativity spiral. Traditional consumer sentiment
measures have less impact on performance. Firms have
changed their communication strategies over time and are

TABLE 7
Are Some Firms Managing the Echoverse Better Than Other Firms?

Bank of America Chase Citibank Wells Fargo

Managing Online WOM
How to drive down volume of
online WOM?

• More company tweets
(Figure 7, Panel A)

• Fewer company
tweets

• Fewer company
tweets

• More moderate
company tweets

• More moderate
company tweets

• More positive
company tweets

• Fewer press
releases

• Fewer press
releases

• More positive
press releases

How to lift tone of online
WOM?

• More moderate company
tweets

• Fewer company
tweets

• Fewer company
tweets

• More positive press
releases

• More moderate
company tweets

• More press
releases

• More positive
press releases

• Decrease
advertisinga

Managing Media Coverage
How to drive drown volume
of media coverage?

• More company tweets
(Figure 7, Panel C)

• More company
tweets

• More positive
company tweets

• Fewer press
releases

• More press releases • Fewer press
releases

• Fewer press
releases

• More moderate
press releases

• Decrease
advertising

How to lift tone of media
coverage?

• Fewer company tweets • Decrease
advertising

• Fewer company
tweets

• Fewer company
tweets• Increase advertising

• Decrease
advertisinga

• More moderate
company tweets

Managing Consumer
Sentiment
How to lift consumer
sentiment?

• More company tweets • More company
tweets

• More company
tweets

• More moderate
company tweets• More positive company

tweets • Fewer press
releases

• More moderate
press releases• More press releases

• Increase
advertising

Managing Business
Outcomes
How to lift customer
deposits?

• More company tweets
(Figure 7, Panel E)

• More press
releases

• More positive press
releases

• More press releases • More positive press
releases

• Increase
advertising• More positive press

releases
• Increase advertising

aThis is a counterintuitive effect of advertising by Citibank. A possible reason is that Citibank has a somewhat different businessmodel than the other
banks, with much heavier (advertising) focus on credit card offerings as opposed to checking or other deposit accounts. Thus, its advertising
messages may have less of an impact on overall attitudes toward the company than enterprise-level messages often used by the other firms.
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FIGURE 7
Differential Impacts of the Twitter Strategies of Bank of America and Wells Fargo

A: Bank of America: The Volume of Company
Tweets Drives Down Volume of Online WOM  

B: Wells Fargo: The Volume of Company Tweets
Fails to Drive Down Volume of Online WOM 

C: Bank of America: The Volume of Company
Tweets Drives Down Volume of News Articles 

D: Wells Fargo: The Volume of Company Tweets
Fails to Drive Down Volume of News Articles  

E: Bank of America: The Volume of Company
Tweets Lifts Customer Deposits 

F: Wells Fargo: The Volume of Company Tweets
Fail to Drive Customer Deposits 
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Notes: The solid line is the mean effect. The dashed lines show 90% confidence intervals.
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increasingly able to drive firm outcomes through social media
strategies.

RQ5: How do the response dynamics to the various
communications sources in the echoverse differ across
companies? Our findings show different levels of effec-
tiveness in managing the echoverse across companies. For
example, Bank of America has a relatively effective Twitter
strategy compared with Wells Fargo. As noted previously,
Wells Fargo tends to use Twitter as a positive “broadcast”
medium, rather than responding to individual customers. This
strategy may not resonate with consumers. In contrast, Bank
of America tends to use Twitter as a vehicle for personalized
responses to customers, matching this much higher volume of
Twitter use with a more moderate tone in terms of content.

Theoretical Contributions

This study expands on the echo chamber idea widely
postulated in the popular business press. It builds the con-
ceptual framework of a reverberating echoverse, in which all
brand communications vehicles echo all others (and them-
selves). Consumer sentiment and business outcomes are
theorized to link to the brand communications vehicles in the
echoverse. Whereas previous research has tended to focus on
isolated aspects of the echoverse (e.g., online WOM, press
releases, advertising, firm Twitter posts, traditional media
news stories), we consider all of these sources to be one
system and then theorize and measure their feedback loops.

Our results contribute to existing theoretical perspectives
on the reverberation of messages among components of the
brand communication environment and extend the notion
of the megaphone (McQuarrie, Miller, and Phillips 2013)
to illustrate how each echoverse actor can grab attention.
McQuarrie, Miller, and Phillips (2013) suggest that social

capital can be built more effectively by repeated and re-
sponsive social media messages as with Bank of America’s
Twitter strategy.

Our finding that both online WOM and traditional media
news stories have reversed in terms of their effects on each
other (showing a positivity bias early in our study’s time
frame and then plunging into a negativity spiral) potentially
extends findings regarding the negativity effect, or tendency
of consumers to focus on negative information because
consider it more diagnostic (Ahluwalia, Burnkrant, and
Unnava 2000). Curiously, this result supports Berger and
Milkman’s (2012) finding that consumers are more likely to
share positive content on social media during earlier windows
and then reverse in later windows. Our use of a seven-year
window may expose limits in the ability of previous research
to reveal a longer-term dynamic consistent with the view of
social identity theory that, when content is related to a salient
social categorization, consumers accentuate similarities
between themselves and in-group others (Duck, Hogg, and
Terry 1999), which may sway what they share on social
media. Although Berger and Milkman (2012) argue that
consumers will share content they believe reflects positively
on them, their findings can be viewed as consistent with social
identity theory because consumers may perceive positive
content as consistent with in-group others’ views. As con-
sumers see more negative content, they may perceive that
views of in-group others have becomemore negative and that
sharing negative content would reflect positively on them.

Our finding that consumer sentiment loses its impact on
customer deposits over time, and that advertising bypasses
the echoverse, expands understanding of how advertising
affects performance.Wang, Zhang, andMing (2009) argue that
advertising affects performance through its role in the brand
value chain (i.e., it helps create, reinforce, and accumulate

TABLE 8
Percentage of Tweets Across Different Bank-Sponsored Accounts

Total (All Accounts) % from Customer Service Accounts % from Promotional Accounts

Bank of America
Total 103,111 91.40 8.59
Mentions 94,790 98.33 1.67
Replies 87,707 98.99 1.01
Retweets 1,111 65.44 33.66

Chase
Total 6,366 61.98 38.03
Mentions 6,109 62.56 37.44
Replies 4,813 73.45 26.55
Retweets 733 4.09 99.59

Citibank
Total 9,245 59.18 40.82
Mentions 8,090 66.09 33.91
Replies 3,429 95.60 4.40
Retweets 2,618 31.05 68.95

Wells Fargo
Total 20,133 67.91 32.09
Mentions 14,713 89.15 10.85
Replies 11,627 97.45 2.55
Retweets 483 14.49 85.51
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brand knowledge, the foundation of consumer-based brand
equity; Keller 1993). This may explain our finding that
advertising affects customer deposits in the long run
(Figure 5, Panel F) but not consumer sentiment. Although
we did not measure brand equity and are unable to test this
relationship, our results appear consistent with advertising’s
influence on performance outside of the influence of the
echoverse, contributing to brand equity, which has a more
stable impact on consumer behavior.

Managerial Contributions

This study offers insights about howmarketing managers can
have a greater impact on the echoverse and, ultimately, on
firm performance. Our findings also have important im-
plications for how managers make sense of the evolving
communications environment in which they operate. We
discuss implications both outside and under firms’ control, as
demonstrated in our sample.

Factors outside firms’ control:

1.Within the consumer–consumer dyad, the media–media
dyad, and the consumer–media dyad, negative news has
stronger reverberations than positive news in terms of driving
up volumes. Higher volumes, in turn, tend to lead to a more
negative tone, or a negativity spiral. This means that scandals
and crises tend to self-propel across the echoverse. This is a
fact of life for firms, but fortunately our research offers tips on
how to counter this, as we explain next.

2. Traditional consumer sentiment measures may be growing
less predictive of business outcomes as online WOM has
become more influential. The rapid growth of predictive
analytics offers evidence that many firms are shifting their
focus at least in part to monitoring social media WOM. The
business intelligence industry, including predictive analytics,
is expected to grow to as high as $136 billion by 2020 (Robb
2012). This result suggests that this growing investment in
“social listening” may be warranted (Aarons-Mele 2015).

Factors under firms’ control:

1. Confirming popular perception, online WOM has become a
critical component of the echoverse, whereas traditional
measures of consumer sentiment have become less important.
This shows that online WOM marketing strategies are now
central to driving business outcomes.

2. A personalized Twitter strategy, focused on responding to
individual customers, may be more effective than a
“broadcast” Twitter strategy that essentially uses social media
as a promotional medium. A high-volume, moderate-tone
Twitter strategy is able to calm both online WOM and tra-
ditional media by reducing the volume of messages about the
firm. A recent Forrester study found that advertising spending
accounts for 83% of marketers’ social media budgets (Elliott
et al. 2015); however, another study also found that only 4%
of marketing managers report seeing substantial returns on
their companies’ current social media investments (McKinsey
2014). Given the stakes for firms investing significantly in
social media advertising, our results thus offer help in guiding
those efforts for potentially greater returns.

3. Press releases can be surprisingly effective: they not only
enhance the tone of online WOM but even drive business
outcomes. This finding may be of particular interest to
marketers given the perception that other marketing activities
are more valuable. For example, by one estimate, marketers
typically invest up to 30 times more in advertising than in

public relations activities such as issuing press releases
(Galant 2012).

4. On aggregate, advertising does not affect the news media,
online WOM, or consumer sentiment, but it does directly
influence business outcomes. This result offers supporting
evidence to marketers needing to justify maintaining
investments in advertising, especially given the continued
growth in total U.S. advertising spending (eMarketer 2014),
while marketing is increasingly expected to demonstrate its
contribution to the bottom line.

In summary, our findings suggest that brand communica-
tions strategies should consider the whole echoverse to include
both online and traditional offline elements. Online WOM is
gaining importance over time, so relatively more emphasis
should be given to online communications as social media sites
continue to grow. At the same time, traditional public relations
activities have a new role to play in driving online WOM,
whereas traditional advertising offers a means to move business
outcomes by bypassing the Twittersphere and news coverage.

Limitations and Directions for Further Research

Despite this study’s expansiveness, it has some limitations
in its scope and granularity as well as the rapidly evolving
WOM context. This study quantitatively investigated only
one industry: financial services. Further research could assess
whether our results hold in other industries. Next, our study is
limited in the specific data used to represent the echoverse
components (i.e., Twitter as the sole indicator of social
mediaWOM and consumer deposits as the sole performance
indicator). There are other channels used by firms, con-
sumers, and the media not captured here. In addition, our
analysis relied on fairly broad measures such as volume and
valence. Future studies might address more granular aspects
of brand communications, breaking them into specific topics
and dimensions. One challenge is that if we were to add
variables for content, the vector of endogenous variables
would expand considerably, compromising the ability to
estimate VAR models and IRFs. Online WOM vehicles are
also still very young, and the online environment is evolving
rapidly. We already identified changes in the echoverse over
seven years. As the echoverse evolves, new insights can be
drawn, with the promise of informing not only magnitude of
channel use but also content of communications.

Further research should study in more depth how the
echoverses of competitors interact with each other. This ex-
tension will also lead to a sizable increase in the vector of
endogenous variables, which may mean that other models
than VARs need to be used. Finally, another potential limi-
tation is our use of YouGov’s BrandIndex metric, which may
be influenced by news and other factors outside of firms’
control to a greater extent than traditional brand health metrics.
This may explain the lack of relationship between advertising
and consumer sentiment. Future studies could include more
traditional metrics, such as brand attitudes or satisfaction.

Conclusions

We conclude that a reverberating echoverse exists. That is,
traditional media news stories, online WOM, and firm
communications all echo one another. This echoverse is
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changing as online WOM assumes greater importance. Thus,
firms must manage the echoverse to get the desired business
outcomes, which increasingly implies effectively managing
online WOM (public and firm). Traditional consumer
sentiment measures may be declining in relevance as
online WOM becomes more important. As consumer brand

communications increasingly move from one to one (e.g.,
conversations) to one to many (e.g., social media), communi-
cations should shift emphasis from one to many (e.g.,
advertising) to one to one (e.g., personalized tweets),
making online marketing increasingly a brand commu-
nications centerpiece.

REFERENCES
Aarons-Mele, Morra (2015), “How Much Does Customer Social

MediaAngst ReallyMatter?”HarvardBusiness Review, (April 3),
(accessed March 1, 2016), [available at https://hbr.org/2015/04/
how-much-does-customer-social-media-angst-really-matter].

Adams, Susan (2014), ““TheWorld’s Most Reputable Companies,”
Forbes, (April 8), (accessed March 1, 2016), [available at http://
www.forbes.com/sites/susanadams/2014/04/08/the-worlds-most-
reputable-companies/#6789fe8158c6].

Ahluwalia, Rohini, Robert E. Burnkrant, and H. Rao Unnava (2000),
“ConsumerResponse toNegative Publicity: TheModeratingRole of
Commitment,” Journal of Marketing Research, 37 (May), 203–14.

———, H. Rao Unnava, and Robert E. Burnkrant (2001), “The
Moderating Role of Commitment on the Spillover Effect of
Marketing Communications,” Journal of Marketing Research,
38 (November), 458–70.

An, Seon-Kyoung,KarlaK.Gower, andSeungHoCho (2011), “Level
of Crisis Responsibility and Crisis Response Strategies of the
Media,” Journal of Communication Management, 15 (1), 70–83.

Anderson, Eugene W (1998), “Customer Satisfaction and Word of
Mouth,” Journal of Service Research, 1 (1), 5–17.

Assmus, Gert, John U. Farley, and Donald R. Lehmann (1984),
“How Advertising Affects Sales: Meta-Analysis of Econometric
Results,” Journal of Marketing Research, 21(February), 65–74.

Bart, Yakov, Andrew T. Stephen, and Miklos Sarvary (2014),
“Which Products Are Best Suited to Mobile Advertising? A
Field Study of Mobile Display Advertising Effects on Consumer
Attitudes and Intentions,” Journal of Marketing Research,
51 (June), 270–85.

Barthel, Michael, Elisa Shearer, Jeffrey Gottfried, and AmyMitchell
(2015), “The Evolving Role of News on Twitter and Facebook,”
research report, Pew Research Center, (July 14), (accessed
March 1, 2016), [available at http://www.journalism.org/2015/
07/14/the-evolving-role-of-news-on-twitter-and-facebook/].

Berger, Jonah and Katherine L. Milkman (2012), “What Makes Online
ContentViral?” Journal ofMarketingResearch, 49 (April), 192–205.

BernsteinResearch (2014),Black Book: U.S. Banks:Who’ll Get Fatter
When Deposits Matter? New York: Sanford C. Bernstein & Co.

Carter, Suzanne M. (2006), “The Interaction of Top Management
Group, Stakeholder, and Situational Factors on Certain Cor-
porate Reputation Management Activities,” Journal of Man-
agement Studies, 43 (5), 1145–76.

Cespedes, Frank V. (2015), “Is Social Media Actually Helping Your
Company’s Bottom Line?” Harvard Business Review, (March 3),
(accessedMarch 1, 2016), [available at https://hbr.org/2015/03/is-
social-media-actually-helping-your-companys-bottom-line].

Chakravarty, Anindita and Rajdeep Grewal (2011), “The Stock
Market in theDriver’s Seat! Implications forR&DandMarketing,”
Management Science, 57 (9), 1594–609.

Chevalier, Judith A. and Dina Mayzlin (2006), “The Effect of Word
ofMouth on Sales: Online BookReviews,” Journal ofMarketing
Research, 43 (August), 345–54.

Choi, Jinbong and Sanghee Park (2011), “Influence of Advertising
on Acceptance of Press Releases,” Public Relations Review,
37 (1), 106–08.

Cleeren, Kathleen, Harald J. van Heerde, and Marnik G. Dekimpe
(2013), “Rising from the Ashes: HowBrands and Categories Can
Overcome Product-Harm Crises,” Journal of Marketing,
77 (March), 58–77.

Dawar, Niraj andMadanM. Pillutla (2000), “Impact of Product-Harm
Crises on Brand Equity: The Moderating Role of Consumer
Expectations,” Journal of Marketing Research, 37 (May), 215–26.

Diamond, Michael L. (2015), “Viral Power: Negative Social Media
Bad for Business,” USA Today, (January 10), (accessed March
1, 2016), [available at http://www.usatoday.com/story/money/
business/2015/01/10/viral-power-negative-social-media-bad-for-
business/21570851/].

Dinner, Isaac M., Harald J. van Heerde, and Scott A. Neslin (2014),
“Driving Online and Offline Sales: The Cross-Channel Effects of
Traditional, Online Display, and Paid Search Advertising,”
Journal of Marketing Research, 51 (October), 527–45.

Duck, Julie M., Michael A. Hogg, and Deborah J. Terry (1999),
“Social Identity and Perceptions of Media Persuasion: Are We
Always Less Influenced Than Others?” Journal of Applied
Social Psychology, 29 (9), 1879–99.

Elliott, Nate, Richard Joyce, Luca S. Paderni, Wei-ming Egelman,
and Laura Glazer (2015), “It’s Time to Separate “Social” from
“Media”: Why Marketers Must Hand Social Ad Budgets to
Media Buyers,” research report, Forrester, (August 6), (accessed
March 1, 2016), [available at https://www.forrester.com/report/
Its+Time+To+Separate+Social+From+Media/-/E-RES125901].

eMarketer (2014), “Total US Ad Spending to See Largest Increase
Since 2004,” (July 2), (accessed March 1, 2016), [available at
http://www.emarketer.com/Article/Total-US-Ad-Spending-See-
Largest-Increase-Since-2004/1010982].

Feng, Jie and Purushottam Papatla (2011), “Advertising: Stimulant
or Suppressant of Online Word of Mouth?” Journal of Inter-
active Marketing, 25 (2), 75–84.

Frison, Steffi, Marnik G. Dekimpe, Christophe Croux, and Peter De
Maeyer (2014), “Billboard and Cinema Advertising: Missed
Opportunity or Spoiled Arms?,” International Journal of
Research in Marketing, 31 (4), 425–33.

Galant, Gregory (2012), “Why Public Relations Gets No Respect,”
Fortune, (November 15), (accessed March 1, 2016), [available
at http://fortune.com/2012/11/15/why-public-relations-gets-no-
respect/].

Gijsenberg, Maarten J. (2014), “Going for Gold: Investigating the
(Non) Sense of Increased Advertising Around Major Sports
Events,” International Journal of Research in Marketing, 31 (1),
2–15.

Go, Alec, Richa Bhayani, and Lei Huang (2009), “Twitter Sentiment
Classification Using Distant Supervision,” technical report,
Stanford University.

Godes, David and Dina Mayzlin (2009), “Firm-Created Word-of-
Mouth Communication: Evidence from a Field Test,”Marketing
Science, 28 (4), 721–39.

Homburg, Christian, Laura Ehm, andMartinArtz (2015), “Measuring
and Managing Consumer Sentiment in an Online Community

Brand Buzz in the Echoverse / 23

https://hbr.org/2015/04/how-much-does-customer-social-media-angst-really-matter
https://hbr.org/2015/04/how-much-does-customer-social-media-angst-really-matter
http://www.forbes.com/sites/susanadams/2014/04/08/the-worlds-most-reputable-companies/#6789fe8158c6
http://www.forbes.com/sites/susanadams/2014/04/08/the-worlds-most-reputable-companies/#6789fe8158c6
http://www.forbes.com/sites/susanadams/2014/04/08/the-worlds-most-reputable-companies/#6789fe8158c6
http://www.journalism.org/2015/07/14/the-evolving-role-of-news-on-twitter-and-facebook/
http://www.journalism.org/2015/07/14/the-evolving-role-of-news-on-twitter-and-facebook/
https://hbr.org/2015/03/is-social-media-actually-helping-your-companys-bottom-line
https://hbr.org/2015/03/is-social-media-actually-helping-your-companys-bottom-line
http://www.usatoday.com/story/money/business/2015/01/10/viral-power-negative-social-media-bad-for-business/21570851/
http://www.usatoday.com/story/money/business/2015/01/10/viral-power-negative-social-media-bad-for-business/21570851/
http://www.usatoday.com/story/money/business/2015/01/10/viral-power-negative-social-media-bad-for-business/21570851/
https://www.forrester.com/report/Its+Time+To+Separate+Social+From+Media/-/E-RES125901
https://www.forrester.com/report/Its+Time+To+Separate+Social+From+Media/-/E-RES125901
https://www.forrester.com/report/Its+Time+To+Separate+Social+From+Media/-/E-RES125901
https://www.forrester.com/report/Its+Time+To+Separate+Social+From+Media/-/E-RES125901
https://www.forrester.com/report/Its+Time+To+Separate+Social+From+Media/-/E-RES125901
https://www.forrester.com/report/Its+Time+To+Separate+Social+From+Media/-/E-RES125901
https://www.forrester.com/report/Its+Time+To+Separate+Social+From+Media/-/E-RES125901
https://www.forrester.com/report/Its+Time+To+Separate+Social+From+Media/-/E-RES125901
http://www.emarketer.com/Article/Total-US-Ad-Spending-See-Largest-Increase-Since-2004/1010982
http://www.emarketer.com/Article/Total-US-Ad-Spending-See-Largest-Increase-Since-2004/1010982
http://fortune.com/2012/11/15/why-public-relations-gets-no-respect/
http://fortune.com/2012/11/15/why-public-relations-gets-no-respect/


Environment,” Journal of Marketing Research, 52 (October),
629–41.

Joshi, Amit M. and Dominique M. Hanssens (2009), “Movie
Advertising and the Stock Market Valuation of Studios: A Case
of “Great Expectations?”,” Marketing Science, 28 (2), 239–50.

——— and ——— (2010), “The Direct and Indirect Effects of
Advertising Spending on Firm Value,” Journal of Marketing,
74 (January), 20–33.

Keller, Kevin Lane (1993), “Conceptualizing, Measuring, and
Managing Customer-Based Brand Equity,” Journal of Mar-
keting, 57 (January), 1–22.

——— (2009), “Building Strong Brands in a Modern Marketing
Communications Environment,” Journal of Marketing Com-
munications, 15 (2/3), 139–55.

Kumar, V., Vikram Bhaskaran, Rohan Mirchandani, and Milap
Shah (2013), “Practice Prize Winner—Creating a Measurable
Social Media Marketing Strategy: Increasing the Value and ROI
of Intangibles and Tangibles for Hokey Pokey,” Marketing
Science, 32 (2), 194–212.

Kwak, H., C. Lee, and S. Moon (2010), “What Is Twitter, a Social
Network or a News Media?” in Proceedings of the 19th Inter-
national Conference onWorldWideWeb AMS, (accessedMarch 1,
2016), [available at http://an.kaist.ac.kr/traces/WWW2010.html].

Lewis, Randall A. and Justin M. Rao (2015), “The Unfavorable
Economics of Measuring the Returns to Advertising,” Quarterly
Journal of Economics, 130 (4), 1941–73.

McKinsey & Company (2014), “The Digital Tipping Point:
McKinsey Global Survey Results,” (accessed March 1, 2016),
[available at http://www.mckinsey.com/business-functions/
business-technology/our-insights/the-digital-tipping-point-mckinsey-
global-survey-results].

McQuarrie, Edward F., Jessica Miller, and Barbara J. Phillips
(2013), “The Megaphone Effect: Taste and Audience in Fashion
Blogging,” Journal of Consumer Research, 40 (1), 136–58.

Moe, Wendy W. and David A. Schweidel (2012), “Online Product
Opinions: Incidence, Evaluation, and Evolution,” Marketing
Science, 31 (3), 372–86.

Pennebaker, James W. and Martha E. Francis (1996), “Cognitive,
Emotional, and Language Processes in Disclosure,” Cognition
and Emotion, 10 (6), 601–26.

Pesaran, H. Hashem and Yongcheol Shin (1998), “Generalized
Impulse Response Analysis in Linear Multivariate Models,”
Economics Letters, 58 (1), 17–29.

Pfeffer, Jürgen, T. Zorbach, and K.M. Carley (2014), “Under-
standing Online Firestorms: Negative Word-of-Mouth
Dynamics in Social Media Networks,” Journal of Marketing
Communications, 20 (1/2), 117–28.

Reimer, Kerstin, Oliver J. Rutz, and Koen Pauwels (2014), “How
Online Consumer Segments Differ in Long-Term Marketing
Effectiveness,” Journal of Interactive Marketing, 28 (4), 271–84.

Robb, Drew (2012), “Gartner Taps Predictive Analytics as Next Big
Business Intelligence Trend,”Enterprise Apps Today, (April 17),
(accessed March 1, 2016), [available at http://www.enter-
priseappstoday.com/business-intelligence/gartner-taps-predictive-
analytics-as-next-big-business-intelligence-trend.html].

Schweidel, David A. and Wendy W. Moe (2014), “Listening In on
Social Media: A Joint Model of Sentiment and Venue Format
Choice,” Journal of Marketing Research, 51 (August), 387–402.

Sethuraman, Raj, Gerard J. Tellis, and Richard A. Briesch (2011),
“How Well Does Advertising Work? Generalizations from

Meta-analysis of Brand Advertising Elasticities,” Journal of
Marketing Research, 48 (June), 457–71.

Spotts, Harlan E., Marc G.Weinberger, andMichelle F. Weinberger
(2014), “Publicity and Advertising: What Matters Most for
Sales?” European Journal of Marketing, 48 (11/12), 1986–2008.

Sridhar, Shrihari, Sriram Narayanan, and Raji Srinivasan (2014),
“Dynamic Relationships Among R&D, Advertising, Inventory
and Firm Performance,” Journal of the Academy of Marketing
Science, 42 (3), 277–90.

Stephen, Andrew T. and Jeff Galak (2012), “The Effects of Tra-
ditional and Social Earned Media on Sales: A Study of a
Microlending Marketplace,” Journal of Marketing Research,
49 (October), 624–39.

——— and Olivier Toubia (2010), “Deriving Value from Social
Commerce Networks,” Journal of Marketing Research,
47 (April), 215–28.

Swallow, Erica (2010), “The Future of Public Relations and Social
Media,” Mashable, (August 16), (accessed March 1, 2016),
[available at http://mashable.com/2010/08/16/pr-social-media-
future/#Sg.fvMGdfqqN].

Swayne, Matt (2015), “Most Admired Companies Have Room for
Social Media Improvement,” (June 11), (accessed March 1, 2016),
[available at http://news.psu.edu/story/360486/2015/06/11/research/
most-admired-companies-have-room-social-media-improvement].

Sweeney, Jill, Geoff Soutar, and Tim Mazzarol (2014), “Factors
Enhancing Word-of-Mouth Influence: Positive and Negative
Service-Related Messages,” European Journal of Marketing,
48 (1/2), 336–59.

Tirunillai, Seshadri and Gerard J. Tellis (2012), “Does Chatter
Really Matter? Dynamics of User-Generated Content and Stock
Performance,” Marketing Science, 31 (2), 198–215.

Trusov, Michael, Randolph E. Bucklin, and Koen Pauwels (2009),
“Effects of Word-of-Mouth Versus Traditional Marketing:
Findings from an Internet Social Networking Site,” Journal of
Marketing, 73 (September), 90–102.

Vakratsas, Demetrios and Tim Ambler (1999), “How Advertising
Works: What Do We Really Know?” Journal of Marketing,
63 (January), 26–43.

Van Heerde, Harald, Kristiaan Helsen, and Marnik G. Dekimpe
(2007), “The Impact of a Product-Harm Crisis on Marketing
Effectiveness,” Marketing Science, 26 (2), 230–45.

VanBoskirk, Shar, Christine Spivey-Overby, and Sarah Takvorian
(2011), “US Interactive Marketing Forecast, 2011 To 2016,”
research report, Forrester, (accessed March 1, 2016), [available at
http://www.bcama.com/documents/Forrester_interactive_marketing_
forecast_2011_to_2016.pdf].

Vu, Sophie (2012), “Cashing in on Social Customer Service? Top 4
US Banks Compared!” (accessed June 9, 2015), [available at
http://www.sparkcentral.com/cashing-in-on-social-customer-
service-top-4-us-banks-compared/%5D.

Wang, Fang, Xiao-Ping Zhang, and Ouyang Ming (2009), “Does
Advertising Create Sustained Firm Value? The Capitalization of
Brand Intangible,” Journal of the Academy of Marketing Sci-
ence, 37 (2), 130–43.

You, Ya, Gautham G. Vadakkepatt, and Amit M. Joshi (2015), “A
Meta-Analysis of Electronic Word-of-Mouth Elasticity,” Jour-
nal of Marketing, 79 (March), 19–39.

Zarantonello, Lia, Kamel Jedidi, and Bernd H. Schmitt (2013),
“Functional and Experiential Routes to Persuasion: An Analysis
of Advertising in Emerging Versus Developed Markets,”
International Journal of Research in Marketing, 30 (1), 46–56.

24 / Journal of Marketing, May 2016

http://an.kaist.ac.kr/traces/WWW2010.html
http://www.mckinsey.com/business-functions/business-technology/our-insights/the-digital-tipping-point-mckinsey-global-survey-results
http://www.mckinsey.com/business-functions/business-technology/our-insights/the-digital-tipping-point-mckinsey-global-survey-results
http://www.mckinsey.com/business-functions/business-technology/our-insights/the-digital-tipping-point-mckinsey-global-survey-results
http://www.enterpriseappstoday.com/business-intelligence/gartner-taps-predictive-analytics-as-next-big-business-intelligence-trend.html
http://www.enterpriseappstoday.com/business-intelligence/gartner-taps-predictive-analytics-as-next-big-business-intelligence-trend.html
http://www.enterpriseappstoday.com/business-intelligence/gartner-taps-predictive-analytics-as-next-big-business-intelligence-trend.html
http://mashable.com/2010/08/16/pr-social-media-future/#Sg.fvMGdfqqN
http://mashable.com/2010/08/16/pr-social-media-future/#Sg.fvMGdfqqN
http://news.psu.edu/story/360486/2015/06/11/research/most-admired-companies-have-room-social-media-improvement
http://news.psu.edu/story/360486/2015/06/11/research/most-admired-companies-have-room-social-media-improvement
http://www.bcama.com/documents/Forrester_interactive_marketing_forecast_2011_to_2016.pdf
http://www.bcama.com/documents/Forrester_interactive_marketing_forecast_2011_to_2016.pdf
http://www.sparkcentral.com/cashing-in-on-social-customer-service-top-4-us-banks-compared/%5D
http://www.sparkcentral.com/cashing-in-on-social-customer-service-top-4-us-banks-compared/%5D


1 
 

WEB APPENDIX 
 

Brand Buzz in the Echoverse 
 

Kelly Hewett, William Rand, Roland T. Rust, & Harald J. van Heerde 
 
 

Online Appendix A:  News Publications 
 

Atlanta Journal and Constitution New York Times  

Boston Globe Orange County Register 

Denver Post Philadelphia Inquirer 

Las Vegas Review Tampa Bay Times 

Minneapolis Star Tribune USA Today 

New York Daily News Wall Street Journal 

New York Post Washington Post 

 
  



2 
 

Online Appendix B: GNIP PowerTrack Rules 
Bank of America: 
$BAC  
@BofA_News 
@BofA_Help 
@BofA_Careers 
@BofA_Community 
@BofA_Tips 
@bankofamerica 
@MerrillLynch 
BAC (bank OR banking) 
BOA (bank OR banking) 
“Bank of America” 
BofA 
Bankamericard 
BankameriDeals 
Ken Lewis (CEO OR BAC OR BOA) 
Moynihan (Brian OR CEO OR BAC OR BOA) 
(BAC OR BOA) loan 
(BAC OR BOA) ATM 
(BAC OR BOA) branch 
(BAC OR BOA) mortgage 
(BAC OR BOA) debit 
(BAC OR BOA) (card OR credit) 
BAC (checking OR check) 
BOA account  
(BAC OR BOA) savings 
 

Chase: 
$JPM 
@jpmorgan 
@ChaseSupport 
@Chase 
JPMorgan 
“JP Morgan” 
“J P Morgan” 
“JP Chase” 
“J P Chase” 
 (Chase OR JPMorgan OR Morgan) (bank OR banking) 
Dimon (Chase OR JPMorgan OR Morgan OR CEO OR 
Jamie) 
(Chase OR JPMorgan OR Morgan) loan 
(Chase OR JPMorgan OR Morgan) ATM  
(Chase OR JPMorgan OR Morgan) branch  
(Chase OR JPMorgan OR Morgan) mortgage 
(Chase OR JPMorgan OR Morgan) (debit OR check) 
Sapphire (card OR credit OR Chase OR JPMorgan OR 
Morgan) 
Slate (card OR credit OR Chase OR JPMorgan OR 
Morgan) 
Freedom (card OR credit OR Chase OR JPMorgan OR 
Morgan) 
(Chase OR JPMorgan OR Morgan) (card OR credit) 
(Chase OR JPMorgan OR Morgan) (checking OR 
account OR savings) 
 

Wells Fargo: 
$WFC 
@WellsFargo 
@Ask_WellsFargo 
@WellsFargoJobs 
@WellsFargoBank 
“Wells Fargo” 
contains:Wells (bank OR banking) 
contains:Wells mortgage 
contains:Wells loan 
contains:Wells ATM 
contains:Wells branch 
contains:Wells (credit OR card) 
contains:Wells (debit OR check)  
contains:Wells (checking OR account OR 
savings) 
Stumpf (contains:Wells OR CEO) 
 
 

Citibank: 
$C  
@Citibank 
@Citi 
@AskCiti 
Citibank 
Citybank 
(Citybank OR contains:Citi) (bank OR banking) 
(Citybank OR contains:Citi) (credit OR card) 
(Citybank OR contains:Citi) (debit  OR check) 
(Citybank OR contains:Citi) Simplicity 
(Citybank OR contains:Citi) Diamond 
(Citybank OR contains:Citi) mortgage 
(Citybank OR contains:Citi) (checking OR account OR 
savings) 
(Citybank OR contains:Citi) loan 
(Citybank OR contains:Citi) ATM 
(Citybank OR contains:Citi) branch 
Corbat (CEO OR contains:Citi OR Citybank) 
Pandit (Vikram OR CEO OR contains:Citi OR Citybank) 
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Online Appendix C: Control Variable Operationalizations and Descriptive Statistics 
 Mean 

(Standard Deviation) 
 

Variable Operationalization Source Bank of 
America Chase Citi Wells 

Fargo 
Competitor 
Company Twitter 
Volume 

Aggregate number of tweets per week 
by the three competitor banks 
combined 

Twitter 90.97 
(124.2) 

348.99 
(380.5) 

337.85 
(377.04) 

311.29 
(354.41) 

Competitor 
Company Twitter 
Valence 

Average valence of tweets per week 
across the three competitor banks 

Twitter 0.82 
(0.06) 

0.63 
(0.08) 

0.63 
(0.08) 

0.59 
(0.08) 

Competitor Press 
Release Volume 

Aggregate number of press releases per 
week by the three competitor banks 
combined 

Bank websites 
(archives) 

9.66 
(4.28) 

10.59 
(4.57) 

10.36 
(4.55) 

11.38 
(4.92) 

Competitor 
Press Release 
Valence 

Average valence of press releases per 
week across the three competitor banks 

Bank websites 
(archives) 

2.28 
(0.85) 

2.85 
(0.86) 

2.67 
(0.80) 

2.98 
(0.87) 

Competitor 
Advertising Spend 

Aggregate advertising expenditures (in 
$1000) across all media per week by 
the three competitor banks combined 

Ad$pender  8,714.6 
(3,086.4) 

11,881.7 
(4,523.8) 

10,588.4 
(3204.2) 

12,604.7 
(4,516.8) 

Consumer 
Confidence 

Indicator of the overall health of the 
economy as determined by consumer 
opinion 

University of 
Michigan Surveys 
of Consumers 

71.8 
(7.9) 

Unemployment rate Seasonally adjusted percentage of the 
population over the age of 16 who are 
unemployed 

U.S. Bureau of 
Labor Statistics 

7.9% 
(1.6%) 

Personal Savings 
Rate 

Ratio of personal income saved to 
personal net disposable income during 
a particular week 

U.S. Bureau of 
Economic 
Analysis 

4.3% 
(1.3%) 

Trend Counter from 1 in the first week of the 
data to 343 in the final week 

- 172.0 
(99.2) 

Dummy for Takeover 
of Wachovia by 
Wells Fargo 

Equals 1 in quarter 4 of 2008, 0 else Wikipedia 0.04 
(0.19) 

All data are weekly (N=343 weeks). 
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Online Appendix D: Parameter Estimates 

Table A1: Results Panel Data VAR Model: Parameter Estimates, S.E.s, t-values Are Stacked 

Sample (adjusted): 6/14/2007 1/02/2014         

 Included observations: 1372 after adjustments         

 Endogenous Variables 

Independent 
variables 

Consumer 
sentiment 

 
Advertising 
Spend ($) 

Press 
release 
volume 

Press 
release 
valence 

Company 
Twitter 
volume 

Company 
Twitter 
valence 

Social 
Media 
WoM 

volume 

Social 
Media 
WoM 

valence 

News 
media 

volume 

News 
media 

valence 

 
Customer 
deposits 

            

Consumer 
sentiment (lag) 

0.640 2.490 0.003 0.001 -0.097 0.001 -11.001 0.000 -0.115 0.000 12.877 

 0.021 2.560 0.008 0.005 0.205 0.000 20.576 0.000 0.020 0.001 5.025 

 30.094 0.973 0.339 0.215 -0.474 1.858 -0.535 -2.377 -5.748 0.053 2.562 

            

Advertising (lag) 0.000 0.927 0.000 0.000 0.000 0.000 -0.006 0.000 0.000 0.000 0.045 

 0.000 0.010 0.000 0.000 0.001 0.000 0.082 0.000 0.000 0.000 0.020 

 1.012 91.083 -2.639 -1.431 0.000 2.396 -0.071 -0.595 -0.130 -0.917 2.233 

            

Press release 
volume (lag) 

0.071 4.174 0.107 0.043 -0.623 0.001 -131.359 0.000 -0.084 0.007 3.666 

 0.076 9.117 0.027 0.017 0.729 0.001 73.289 0.001 0.072 0.004 17.900 

 0.937 0.458 3.994 2.572 -0.855 1.009 -1.792 0.720 -1.177 1.790 0.205 

            

Press release 
valence (lag) 

0.218 35.651 0.044 -0.015 0.140 0.001 -157.474 0.000 -0.002 0.003 81.468 

 0.126 15.170 0.045 0.028 1.212 0.002 121.937 0.001 0.119 0.007 29.782 

 1.728 2.350 0.986 -0.531 0.115 0.559 -1.291 -0.265 -0.019 0.534 2.736 

            

Company Twitter 
volume (lag) 

0.001 0.080 0.000 0.000 0.882 0.000 -3.263 0.000 -0.008 0.000 0.126 

 0.001 0.164 0.000 0.000 0.013 0.000 1.319 0.000 0.001 0.000 0.322 

 1.024 0.487 -1.005 -0.098 67.253 1.950 -2.474 -0.660 -5.997 -2.341 0.392 

            

Company Twitter 
valence (lag) 

1.573 -254.586 -0.576 -0.320 18.258 0.365 215.016 -0.017 -2.299 -0.019 -348.681 

 1.388 166.966 0.492 0.304 13.343 0.025 1342.120 0.012 1.310 0.072 327.794 

 1.133 -1.525 -1.171 -1.053 1.368 14.415 0.160 -1.453 -1.755 -0.261 -1.064 

            

Social Media 
WoM volume (lag) 

0.000 0.006 0.000 0.000 0.000 0.000 0.539 0.000 0.000 0.000 -0.009 

 0.000 0.003 0.000 0.000 0.000 0.000 0.024 0.000 0.000 0.000 0.006 

 -0.576 1.915 -2.131 -1.999 -1.429 1.858 22.637 0.158 2.608 -4.641 -1.615 

            

Social Media 
WoM valence (lag) 

-2.185 229.000 -1.570 0.306 -5.985 -0.141 1772.140 0.197 -2.385 -0.265 -795.163 

 3.164 380.639 1.122 0.693 30.419 0.058 3059.690 0.027 2.987 0.164 747.288 

 -0.691 0.602 -1.399 0.441 -0.197 -2.437 0.579 7.362 -0.798 -1.620 -1.064 

            

News media 
volume (lag) 

-0.175 2.330 0.007 0.005 -0.513 -0.001 -29.973 -0.001 0.287 0.001 4.597 
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 0.030 3.571 0.011 0.007 0.285 0.001 28.706 0.000 0.028 0.002 7.011 

 -5.885 0.653 0.691 0.738 -1.797 -1.654 -1.044 -3.235 10.252 0.719 0.656 

            

News media 
valence (lag) 

0.098 124.473 -0.141 -0.046 -14.030 -0.008 -1583.247 0.004 -0.561 0.148 11.415 

 0.524 63.101 0.186 0.115 5.043 0.010 507.225 0.004 0.495 0.027 123.883 

 0.186 1.973 -0.758 -0.398 -2.782 -0.804 -3.121 0.920 -1.132 5.437 0.092 

            

Customer deposits 
(lag) 

0.000 0.008 0.000 0.000 0.000 0.000 -0.051 0.000 0.000 0.000 0.756 

 0.000 0.007 0.000 0.000 0.001 0.000 0.056 0.000 0.000 0.000 0.014 

 1.717 1.108 -0.351 0.777 -0.015 -0.616 -0.909 1.391 1.096 1.598 55.248 

Exogenous 
variabeles 

           

Constant -1.425 41.384 1.860 1.562 -15.980 0.662 -6590.738 0.481 1.729 0.635 205.415 

 2.907 349.735 1.031 0.637 27.949 0.053 2811.280 0.025 2.745 0.150 686.616 

 -0.490 0.118 1.805 2.452 -0.572 12.503 -2.344 19.549 0.630 4.222 0.299 

            

Bank of America 
dummy 

-5.802 87.818 2.030 0.925 39.306 -0.467 2790.720 -0.054 1.867 0.101 -53.854 

 1.389 167.167 0.493 0.304 13.359 0.025 1343.740 0.012 1.312 0.072 328.190 

 -4.176 0.525 4.120 3.037 2.942 -18.427 2.077 -4.552 1.423 1.411 -0.164 

            

Chase dummy -0.087 -37.859 0.974 0.416 3.639 -0.071 2693.557 0.034 2.798 -0.028 267.389 

 0.565 67.975 0.200 0.124 5.432 0.010 546.406 0.005 0.533 0.029 133.452 

 -0.153 -0.557 4.860 3.361 0.670 -6.898 4.930 7.110 5.246 -0.952 2.004 

            

Citi dummy -4.094 55.199 1.452 1.077 5.976 -0.054 3469.343 0.055 2.946 0.069 77.724 

 0.684 82.253 0.242 0.150 6.573 0.012 661.173 0.006 0.646 0.035 161.483 

 -5.989 0.671 5.990 7.190 0.909 -4.338 5.247 9.512 4.563 1.956 0.481 

            

Competitor 
advertising 

0.000 0.005 0.000 0.000 0.000 0.000 0.022 0.000 0.000 0.000 0.030 

 0.000 0.006 0.000 0.000 0.000 0.000 0.047 0.000 0.000 0.000 0.011 

 -2.422 0.886 2.962 0.331 -0.295 -0.179 0.464 -1.526 0.140 -1.638 2.616 

            

Competitor press 
release volume 

0.005 7.531 0.123 0.016 -0.271 -0.001 114.385 0.000 0.125 0.001 7.666 

 0.038 4.611 0.014 0.008 0.368 0.001 37.062 0.000 0.036 0.002 9.052 

 0.141 1.633 9.085 1.907 -0.735 -0.718 3.086 0.734 3.448 0.517 0.847 

            

Competitor press 
release valence 

-0.194 -13.506 0.058 0.190 2.855 -0.002 346.945 0.001 0.195 0.014 22.842 

 0.203 24.477 0.072 0.045 1.956 0.004 196.749 0.002 0.192 0.011 48.053 

 -0.956 -0.552 0.799 4.259 1.460 -0.512 1.763 0.347 1.014 1.300 0.475 

            

Competitor 
company Twitter 
volume 

0.005 -0.004 0.000 0.000 -0.029 0.000 -0.583 0.000 -0.004 0.000 0.353 

 0.001 0.122 0.000 0.000 0.010 0.000 0.984 0.000 0.001 0.000 0.240 

 4.539 -0.031 -0.433 -0.046 -2.944 -2.220 -0.592 0.429 -4.420 -0.481 1.470 
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Competitor 
company Twitter 
valence 

7.098 -22.455 -0.471 -0.158 -0.401 -0.015 5041.618 -0.022 0.796 -0.079 239.911 

 2.433 292.730 0.863 0.533 23.394 0.044 2353.050 0.021 2.297 0.126 574.701 

 2.918 -0.077 -0.546 -0.296 -0.017 -0.327 2.143 -1.072 0.347 -0.628 0.417 

            

Wachovia take-
over dummy 

0.263 -370.178 0.515 0.176 11.454 0.036 3923.752 0.009 0.304 -0.082 9711.844 

 2.452 294.989 0.869 0.537 23.574 0.045 2371.210 0.021 2.315 0.127 579.134 

 0.107 -1.255 0.593 0.327 0.486 0.804 1.655 0.435 0.132 -0.643 16.770 

            

Consumer 
confidence 

0.045 -28.105 -0.020 0.014 0.104 0.000 38.286 0.001 -0.055 0.000 9.107 

 0.079 9.466 0.028 0.017 0.756 0.001 76.091 0.001 0.074 0.004 18.584 

 0.571 -2.969 -0.722 0.803 0.137 0.192 0.503 0.804 -0.738 -0.015 0.490 

            

Unemployment -2.308 13.298 0.686 0.165 -20.536 -0.035 -1044.657 -0.001 0.553 -0.158 -169.620 

 1.815 218.317 0.643 0.398 17.447 0.033 1754.900 0.015 1.713 0.094 428.610 

 -1.272 0.061 1.066 0.414 -1.177 -1.059 -0.595 -0.095 0.323 -1.688 -0.396 

            

Personal savings 0.033 -16.092 -0.041 -0.031 -1.515 -0.003 -521.984 0.001 0.462 -0.009 -43.835 

 0.150 18.066 0.053 0.033 1.444 0.003 145.222 0.001 0.142 0.008 35.469 

 0.219 -0.891 -0.769 -0.929 -1.049 -1.002 -3.594 0.654 3.259 -1.168 -1.236 

            

Time trend -0.015 -0.315 0.003 0.001 0.205 0.000 39.947 0.000 0.017 0.001 -0.406 

 0.005 0.566 0.002 0.001 0.045 0.000 4.548 0.000 0.004 0.000 1.111 

 -3.118 -0.558 1.771 1.240 4.541 2.215 8.783 8.524 3.784 3.270 -0.366 

            

 R-squared 
0.74 0.92 0.17 0.11 0.91 0.86 0.73 0.61 0.37 0.09 0.88 

 Adj. R-squared 
0.73 0.92 0.15 0.09 0.91 0.86 0.73 0.60 0.36 0.07 0.88 

 Sum sq. resids 
5.05E+04 7.31E+08 6.35E+03 2.42E+03 4.67E+06 1.68E+01 4.72E+10 3.62E+00 4.50E+04 1.35E+02 2.82E+09 

 S.E. equation 
6.12 736.53 2.17 1.34 58.86 0.11 5920.47 0.05 5.78 0.32 1445.99 

 F-statistic 
158.00 620.90 11.16 6.76 575.59 349.23 153.68 87.37 33.34 5.33 413.19 

 Log likelihood 
-4419.99 -10992.05 -2997.52 -2337.32 -7525.29 1074.94 -13851.59 2126.18 -4341.25 -357.24 -11917.60 

 Akaike AIC 
6.48 16.06 4.41 3.44 11.01 -1.53 20.23 -3.06 6.36 0.56 17.41 

 Schwarz SC 
6.57 16.16 4.50 3.54 11.10 -1.44 20.32 -2.97 6.46 0.65 17.50 

 Mean dependent 
-7.72 3649.12 3.50 2.79 90.76 0.67 10388.51 0.65 9.81 0.57 1477.43 

 S.D. dependent 
11.85 2535.61 2.36 1.41 195.73 0.30 11346.13 0.08 7.23 0.33 4144.61 

 Determinant resid covariance (dof adj.) 3.99E+21       

 Determinant resid covariance 3.26E+21       

 Log likelihood -55396.48       

 Akaike information criterion 81.15       

 Schwarz criterion 82.20       
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Table A2: Results VAR Model for Bank of America: Parameter Estimates, S.E.s, t-values Are Stacked 

Sample (adjusted): 6/14/2007 1/02/2014        

 Included observations: 343 after adjustments        

 Endogenous Variables 

Independent 
variables 

Consumer 
sentiment 

 
Advertising 
Spend ($) 

Press 
release 
volume 

Press 
release 
valence 

Company 
Twitter 
volume 

Company 
Twitter 
valence 

Social 
Media 
WoM 

volume 

Social 
Media 
WoM 

valence 

News 
media 

volume 

News 
media 

valence 

 
Customer 
deposits 

            

Consumer 
sentiment (lag) 

0.583 2.440 0.022 0.005 0.764 0.003 -98.177 0.000 -0.062 0.002 6.515 

 0.046 7.036 0.016 0.008 0.425 0.001 36.504 0.000 0.046 0.002 5.205 

 12.633 0.347 1.339 0.645 1.798 3.635 -2.689 -0.932 -1.332 1.161 1.252 

            

Advertising (lag) 0.000 0.878 0.000 0.000 0.000 0.000 -0.026 0.000 0.000 0.000 0.006 

 0.000 0.025 0.000 0.000 0.002 0.000 0.131 0.000 0.000 0.000 0.019 

 0.063 34.900 -1.434 -2.025 -0.183 1.285 -0.202 0.742 -0.938 1.017 0.317 

            

Press release 
volume (lag) 

0.227 14.691 0.053 0.004 -1.554 0.001 -126.411 -0.001 -0.271 0.005 28.117 

 0.152 23.228 0.054 0.027 1.402 0.003 120.521 0.001 0.153 0.006 17.184 

 1.486 0.632 0.989 0.135 -1.108 0.240 -1.049 -1.401 -1.776 0.752 1.636 

            

Press release 
valence (lag) 

-0.047 83.922 0.019 -0.002 -2.666 0.005 -25.914 -0.001 0.154 -0.018 110.114 

 0.323 49.167 0.114 0.056 2.968 0.007 255.106 0.002 0.323 0.014 36.373 

 -0.146 1.707 0.170 -0.030 -0.898 0.749 -0.102 -0.240 0.477 -1.326 3.027 

            

Company Twitter 
volume (lag) 

0.008 0.477 0.000 0.000 0.843 0.000 -4.000 0.000 -0.015 0.000 0.436 

 0.003 0.474 0.001 0.001 0.029 0.000 2.457 0.000 0.003 0.000 0.350 

 2.705 1.008 -0.363 -0.072 29.490 -2.278 -1.628 1.393 -4.744 -2.834 1.245 

            

Company Twitter 
valence (lag) 

7.602 -226.931 0.264 0.165 -55.414 0.341 990.445 -0.012 -3.413 -0.156 53.308 

 2.623 399.650 0.925 0.456 24.128 0.053 2073.620 0.018 2.625 0.112 295.658 

 2.899 -0.568 0.286 0.362 -2.297 6.405 0.478 -0.653 -1.300 -1.402 0.180 

            

Social Media 
WoM volume (lag) 

0.000 0.015 0.000 0.000 -0.001 0.000 0.398 0.000 0.000 0.000 -0.004 

 0.000 0.010 0.000 0.000 0.001 0.000 0.054 0.000 0.000 0.000 0.008 

 -3.043 1.431 0.792 -0.370 -1.954 1.241 7.409 1.879 1.102 -2.264 -0.530 

            

Social Media 
WoM valence (lag) 

1.072 132.424 -3.985 -1.364 -33.145 -0.302 591.160 -0.060 10.365 -0.138 420.362 

 7.959 1212.930 2.808 1.384 73.227 0.162 6293.390 0.055 7.968 0.339 897.316 

 0.135 0.109 -1.419 -0.986 -0.453 -1.867 0.094 -1.090 1.301 -0.408 0.468 

            

News media 
volume (lag) 

-0.119 9.920 -0.026 0.005 -0.731 -0.001 -66.761 0.000 0.238 0.003 3.380 

 0.056 8.458 0.020 0.010 0.511 0.001 43.883 0.000 0.056 0.002 6.257 

 -2.149 1.173 -1.326 0.516 -1.432 -1.045 -1.521 -1.241 4.289 1.114 0.540 



8 
 

            

News media 
valence (lag) 

0.289 407.535 -0.627 0.244 -12.134 -0.043 -1302.593 0.016 0.135 0.157 -50.760 

 1.310 199.665 0.462 0.228 12.054 0.027 1035.980 0.009 1.312 0.056 147.711 

 0.221 2.041 -1.357 1.073 -1.007 -1.621 -1.257 1.765 0.103 2.825 -0.344 

            

Customer deposits 
(lag) 

0.000 0.050 0.000 0.000 0.001 0.000 0.112 0.000 0.000 0.000 0.907 

 0.000 0.033 0.000 0.000 0.002 0.000 0.169 0.000 0.000 0.000 0.024 

 1.922 1.542 -0.260 -0.223 0.463 0.419 0.662 -0.531 1.441 0.400 37.561 

Exogenous 
variables 

           

Constant -6.461 -122.283 3.528 4.180 -14.821 0.102 -11389.390 0.541 -8.189 1.059 -814.933 

 7.762 1182.830 2.738 1.349 71.410 0.158 6137.230 0.054 7.770 0.330 875.051 

 -0.832 -0.103 1.288 3.097 -0.208 0.650 -1.856 10.020 -1.054 3.207 -0.931 

            

Competitor 
advertising 

0.000 0.050 0.000 0.000 -0.001 0.000 0.174 0.000 0.000 0.000 0.012 

 0.000 0.024 0.000 0.000 0.001 0.000 0.125 0.000 0.000 0.000 0.018 

 -0.826 2.049 0.525 0.965 -0.503 -1.108 1.386 0.273 0.371 -1.284 0.693 

            

Competitor press 
release volume 

0.026 21.061 0.187 -0.005 -0.527 -0.001 58.368 0.000 0.211 -0.003 21.128 

 0.100 15.238 0.035 0.017 0.920 0.002 79.064 0.001 0.100 0.004 11.273 

 0.258 1.382 5.290 -0.264 -0.573 -0.550 0.738 -0.643 2.109 -0.717 1.874 

            

Competitor press 
release valence 

-0.321 -105.082 0.110 0.276 11.099 0.003 467.185 -0.002 0.696 0.005 7.663 

 0.481 73.360 0.170 0.084 4.429 0.010 380.632 0.003 0.482 0.020 54.271 

 -0.667 -1.432 0.650 3.292 2.506 0.311 1.227 -0.450 1.444 0.250 0.141 

            

Competitor 
company Twitter 
volume 

0.002 0.492 -0.001 0.000 0.086 0.000 2.465 0.000 -0.003 0.000 -0.237 

 0.005 0.686 0.002 0.001 0.041 0.000 3.561 0.000 0.005 0.000 0.508 

 0.448 0.716 -0.861 0.004 2.076 1.219 0.692 -0.782 -0.631 -1.304 -0.467 

            

Competitor 
company Twitter 
valence 

3.600 -126.508 2.335 -1.395 64.185 0.237 11920.490 -0.007 3.143 -0.332 90.757 

 7.379 1124.400 2.603 1.283 67.883 0.150 5834.060 0.051 7.386 0.314 831.825 

 0.488 -0.113 0.897 -1.087 0.946 1.580 2.043 -0.131 0.426 -1.057 0.109 

            

Consumer 
confidence 

0.019 -36.927 0.040 0.045 1.500 0.005 39.016 -0.001 0.160 -0.008 50.119 

 0.186 28.413 0.066 0.032 1.715 0.004 147.421 0.001 0.187 0.008 21.020 

 0.105 -1.300 0.601 1.376 0.875 1.202 0.265 -0.528 0.857 -0.995 2.384 

            

Unemployment -2.844 -618.134 0.443 0.571 -56.760 -0.097 -4511.868 0.027 -3.512 0.010 -223.047 

 4.223 643.522 1.490 0.734 38.851 0.086 3338.970 0.029 4.227 0.180 476.072 

 -0.674 -0.961 0.297 0.778 -1.461 -1.134 -1.351 0.930 -0.831 0.054 -0.469 
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Personal savings 0.102 -7.114 0.021 0.002 -4.695 -0.006 -463.349 0.004 0.642 -0.042 13.798 

 0.358 54.518 0.126 0.062 3.291 0.007 282.871 0.002 0.358 0.015 40.332 

 0.284 -0.130 0.168 0.025 -1.427 -0.847 -1.638 1.706 1.792 -2.757 0.342 

            

Time trend -0.027 -2.667 0.000 0.001 0.519 0.001 44.833 0.000 0.033 0.002 -1.431 

 0.012 1.889 0.004 0.002 0.114 0.000 9.802 0.000 0.012 0.001 1.398 

 -2.199 -1.411 0.011 0.506 4.553 3.192 4.574 3.176 2.678 3.646 -1.024 

            

 R-squared 
0.71 0.84 0.14 0.07 0.96 0.38 0.72 0.41 0.34 0.13 0.87 

 Adj. R-squared 0.69 0.83 0.09 0.01 0.96 0.34 0.70 0.37 0.30 0.08 0.86 
 Sum sq. resids 16163.81 3.75E+08 2.01E+03 4.89E+02 1.37E+06 6.68E+00 1.01E+10 7.82E-01 1.62E+04 2.92E+01 2.05E+08 
 S.E. equation 7.09 1079.68 2.50 1.23 65.18 0.14 5602.01 0.05 7.09 0.30 798.74 
 F-statistic 38.61 87.23 2.64 1.17 375.81 9.73 40.68 11.14 8.44 2.48 110.51 
 Log likelihood 

-1147.45 -2871.52 -790.09 -547.36 -1908.64 188.87 -3436.25 556.71 -1147.82 -64.45 -2768.14 
 Akaike AIC 

6.81 16.87 4.73 3.31 11.25 -0.98 20.16 -3.12 6.82 0.50 16.26 
 Schwarz SC 

7.05 17.10 4.96 3.55 11.49 -0.74 20.39 -2.89 7.05 0.73 16.50 
 Mean dependent 

-16.43 5881.90 4.34 3.13 272.07 0.21 10722.83 0.58 11.80 0.64 1231.76 
 S.D. dependent 

12.67 2654.03 2.62 1.24 312.05 0.18 10208.14 0.06 8.50 0.31 2173.43 
            

 Determinant resid covariance 
(dof adj.) 

8.300E+21         

 Determinant resid covariance 4.140E+21         

 Log likelihood -13890.190         

 Akaike information criterion 82.339         

 Schwarz criterion 84.924         
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Table A3: Results VAR Model for Chase: Parameter Estimates, S.E.s, t-values Are Stacked 

Sample (adjusted): 6/14/2007 1/02/2014        

 Included observations: 343 after adjustments        

 Endogenous variables 

Independent 
variables 

Consume
r 

sentiment 

 
Advertising 
Spend ($) 

Press 
release 
volume 

Press 
release 
valence 

Company 
Twitter 
volume 

Company 
Twitter 
valence 

Social 
Media 
WoM 

volume 

Social 
Media 
WoM 

valence 

News 
media 

volume 

News 
media 

valence 

 
Customer 
deposits 

            

Consumer 
sentiment (lag) 

0.259 -2.739 0.001 -0.002 0.160 -0.001 85.469 0.000 0.060 -0.001 41.094 

 0.054 4.324 0.022 0.014 0.116 0.001 85.991 0.001 0.054 0.003 18.151 

 4.784 -0.634 0.024 -0.175 1.381 -0.685 0.994 -0.279 1.125 -0.183 2.264 

            

Advertising (lag) 0.000 0.929 0.000 0.000 -0.001 0.000 -0.233 0.000 0.000 0.000 0.108 

 0.000 0.022 0.000 0.000 0.001 0.000 0.441 0.000 0.000 0.000 0.093 

 -0.155 41.882 -0.223 0.071 -1.976 0.560 -0.528 0.227 -1.098 -2.069 1.158 

            

Press release 
volume (lag) 

0.171 23.098 0.119 0.091 0.069 0.003 -38.800 0.002 -0.044 0.009 -41.395 

 0.139 11.138 0.056 0.037 0.299 0.003 221.516 0.001 0.139 0.008 46.758 

 1.226 2.074 2.120 2.484 0.230 0.890 -0.175 1.461 -0.318 1.064 -0.885 

            

Press release 
valence (lag) 

0.308 -8.525 0.044 0.016 -0.823 0.001 279.971 -0.001 -0.064 -0.001 207.701 

 0.217 17.365 0.088 0.057 0.466 0.005 345.350 0.002 0.216 0.013 72.898 

 1.415 -0.491 0.499 0.287 -1.765 0.295 0.811 -0.244 -0.296 -0.097 2.849 

            

Company Twitter 
volume (lag) 

0.044 -0.115 -0.004 -0.002 0.804 0.001 48.227 0.000 -0.043 0.000 0.670 

 0.018 1.403 0.007 0.005 0.038 0.000 27.905 0.000 0.017 0.001 5.890 

 2.517 -0.082 -0.547 -0.473 21.327 2.995 1.728 -1.751 -2.492 0.434 0.114 

            

Company Twitter 
valence (lag) 

-2.763 -531.175 -1.566 -0.804 8.080 0.031 344.077 -0.012 0.977 -0.013 -96.562 

 2.640 210.906 1.065 0.695 5.663 0.056 4194.510 0.026 2.623 0.157 885.392 

 -1.047 -2.519 -1.470 -1.157 1.427 0.567 0.082 -0.444 0.373 -0.086 -0.109 

            

Social Media WoM 
volume (lag) 

0.000 -0.002 0.000 0.000 0.000 0.000 0.574 0.000 0.000 0.000 0.001 

 0.000 0.003 0.000 0.000 0.000 0.000 0.058 0.000 0.000 0.000 0.012 

 -2.069 -0.549 -0.887 -0.195 -1.367 1.042 9.842 0.152 5.645 -1.539 0.106 

            

Social Media WoM 
valence (lag) 

0.335 56.349 -0.314 1.094 -0.354 -0.133 -746.566 0.122 -8.750 -0.011 -692.354 

 5.675 453.323 2.290 1.494 12.173 0.119 9015.720 0.056 5.637 0.338 1903.070 

 0.059 0.124 -0.137 0.733 -0.029 -1.115 -0.083 2.174 -1.552 -0.033 -0.364 

            

News media volume 
(lag) 

-0.086 4.110 -0.015 -0.008 0.074 -0.001 -356.544 0.000 0.115 -0.002 3.498 

 0.062 4.933 0.025 0.016 0.132 0.001 98.109 0.001 0.061 0.004 20.709 

 -1.388 0.833 -0.613 -0.519 0.558 -0.860 -3.634 -0.114 1.869 -0.502 0.169 
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News media 
valence (lag) 

0.084 7.575 -0.312 -0.245 -2.830 -0.013 -3115.817 0.017 -0.946 0.130 -252.949 

 0.967 77.273 0.390 0.255 2.075 0.020 1536.800 0.010 0.961 0.058 324.394 

 0.087 0.098 -0.801 -0.960 -1.364 -0.648 -2.027 1.726 -0.985 2.260 -0.780 

            

Customer deposits 
(lag) 

0.000 -0.005 0.000 0.000 0.000 0.000 -0.050 0.000 0.000 0.000 0.911 

 0.000 0.005 0.000 0.000 0.000 0.000 0.107 0.000 0.000 0.000 0.023 

 2.874 -0.902 -1.014 -0.650 -0.226 -0.561 -0.463 0.027 0.611 1.106 40.318 

Exogenous 
variables 

           

Constant -1.704 597.796 1.684 2.499 3.912 0.869 -4224.075 0.551 3.680 0.706 1058.646 

 5.134 410.091 2.071 1.351 11.012 0.108 8155.910 0.051 5.100 0.306 1721.580 

 -0.332 1.458 0.813 1.850 0.355 8.051 -0.518 10.828 0.722 2.311 0.615 

            

Competitor 
advertising 

0.000 -0.001 0.000 0.000 0.000 0.000 -0.005 0.000 0.000 0.000 -0.030 

 0.000 0.006 0.000 0.000 0.000 0.000 0.119 0.000 0.000 0.000 0.025 

 -1.798 -0.150 2.339 0.709 0.486 0.560 -0.045 -1.480 0.021 -1.528 -1.178 

            

Competitor press 
release volume 

0.003 -5.565 0.135 0.022 -0.077 -0.002 379.660 0.000 0.255 0.001 3.396 

 0.066 5.250 0.027 0.017 0.141 0.001 104.408 0.001 0.065 0.004 22.039 

 0.049 -1.060 5.092 1.269 -0.544 -1.166 3.636 -0.256 3.911 0.308 0.154 

            

Competitor press 
release valence 

-0.526 -5.908 0.058 0.110 0.448 -0.005 320.965 0.007 0.172 0.016 -78.440 

 0.340 27.135 0.137 0.089 0.729 0.007 539.653 0.003 0.337 0.020 113.912 

 -1.547 -0.218 0.422 1.234 0.615 -0.739 0.595 2.058 0.510 0.781 -0.689 

            

Competitor 
company Twitter 
volume 

0.004 -0.159 0.000 0.000 0.006 0.000 -3.808 0.000 -0.005 0.000 0.702 

 0.002 0.136 0.001 0.000 0.004 0.000 2.711 0.000 0.002 0.000 0.572 

 2.453 -1.169 -0.270 0.055 1.677 -3.018 -1.405 1.875 -2.901 -0.581 1.226 

            

Competitor 
company Twitter 
valence 

11.109 113.256 1.212 -0.133 -9.217 -0.020 4651.089 0.019 3.000 -0.029 -527.069 

 4.013 320.523 1.619 1.056 8.607 0.084 6374.580 0.040 3.986 0.239 1345.570 

 2.769 0.353 0.748 -0.126 -1.071 -0.238 0.730 0.469 0.753 -0.122 -0.392 

            

Consumer 
confidence 

-0.062 -10.467 -0.049 0.001 0.076 0.000 15.377 0.000 -0.114 -0.009 188.677 

 0.132 10.576 0.053 0.035 0.284 0.003 210.340 0.001 0.132 0.008 44.399 

 -0.466 -0.990 -0.916 0.024 0.269 -0.021 0.073 0.126 -0.865 -1.119 4.250 

            

Unemployment -3.911 247.977 0.381 -0.928 -4.717 -0.010 -3478.794 0.005 -1.025 -0.328 -990.822 

 3.113 248.639 1.256 0.819 6.676 0.065 4944.950 0.031 3.092 0.185 1043.800 

 -1.257 0.997 0.303 -1.133 -0.706 -0.159 -0.704 0.154 -0.331 -1.770 -0.949 
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Personal savings -0.112 -33.529 -0.021 -0.107 -0.454 -0.002 -229.658 -0.005 0.735 -0.021 17.299 

 0.261 20.862 0.105 0.069 0.560 0.005 414.907 0.003 0.259 0.016 87.580 

 -0.428 -1.607 -0.200 -1.557 -0.810 -0.415 -0.554 -2.121 2.834 -1.366 0.198 

            

Time trend -0.018 0.607 0.001 -0.001 0.028 0.000 51.189 0.000 0.022 0.000 -2.073 

 0.008 0.605 0.003 0.002 0.016 0.000 12.039 0.000 0.008 0.000 2.541 

 -2.319 1.003 0.413 -0.734 1.700 1.025 4.252 2.832 2.921 0.105 -0.816 

            

 R-squared 
0.32 0.89 0.15 0.08 0.85 0.11 0.69 0.31 0.37 0.11 0.87 

 Adj. R-squared 0.28 0.88 0.09 0.03 0.84 0.05 0.67 0.27 0.33 0.05 0.86 
 Sum sq. resids 8571.64 5.47E+07 1.40E+03 5.94E+02 3.94E+04 3.79E+00 2.16E+10 8.43E-01 8.46E+03 3.04E+01 9.64E+08 
 S.E. equation 5.16 412.13 2.08 1.36 11.07 0.11 8196.53 0.05 5.13 0.31 1730.15 
 F-statistic 7.49 126.04 2.74 1.46 88.07 1.94 35.40 7.36 9.52 1.97 103.34 
 Log likelihood 

-1038.67 -2541.18 -727.33 -580.78 -1300.41 286.06 -3566.79 543.77 -1036.37 -71.05 -3033.26 
 Akaike AIC 

6.18 14.94 4.36 3.51 7.71 -1.55 20.92 -3.05 6.17 0.54 17.81 
 Schwarz SC 

6.41 15.17 4.60 3.74 7.94 -1.31 21.16 -2.81 6.40 0.77 18.04 
 Mean dependent 

-1.61 2714.76 3.41 2.63 14.04 0.78 11753.52 0.68 10.24 0.50 1871.03 
 S.D. dependent 

6.06 1188.23 2.19 1.38 27.31 0.11 14225.02 0.06 6.27 0.32 4572.58 
            

 Determinant resid covariance (dof adj.) 3.800E+19      

 Determinant resid covariance 1.900E+19      

 Log likelihood -12966.450      

 Akaike information criterion 76.953      

 Schwarz criterion 79.538      
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Table A3: Results VAR Model for Citi: Parameter Estimates, S.E.s, t-values Are Stacked 

Sample (adjusted): 6/14/2007 1/02/2014        

 Included observations: 343 after adjustments        

 Endogenous Variables 

Independent 
variables 

Consumer 
sentiment 

 
Advertising 
Spend ($) 

Press 
release 
volume 

Press 
release 
valence 

Company 
Twitter 
volume 

Company 
Twitter 
valence 

Social 
Media 
WoM 

volume 

Social 
Media 
WoM 

valence 

News 
media 

volume 

News 
media 

valence 

 
Customer 
deposits 

            

Consumer 
sentiment (lag) 

0.643 6.123 0.003 0.001 0.184 0.000 91.195 -0.001 -0.196 -0.001 -1.549 

 0.043 5.334 0.016 0.010 0.076 0.001 36.858 0.000 0.042 0.002 4.344 

 14.960 1.148 0.213 0.084 2.419 -0.153 2.474 -4.485 -4.700 -0.377 -0.357 

            

Advertising (lag) 0.000 0.944 0.000 0.000 0.001 0.000 0.059 0.000 0.000 0.000 0.005 

 0.000 0.019 0.000 0.000 0.000 0.000 0.129 0.000 0.000 0.000 0.015 

 -1.031 50.427 -2.589 -1.123 3.267 3.434 0.460 -2.736 1.844 -2.366 0.331 

            

Press release 
volume (lag) 

-0.175 -13.980 0.024 0.023 0.172 0.001 -295.698 0.003 -0.084 0.010 5.289 

 0.149 18.495 0.057 0.036 0.263 0.002 127.789 0.001 0.144 0.008 15.060 

 -1.177 -0.756 0.423 0.655 0.653 0.322 -2.314 3.155 -0.579 1.285 0.351 

            

Press release 
valence (lag) 

0.366 22.333 -0.099 -0.158 0.127 -0.003 -486.157 -0.002 -0.107 -0.002 45.587 

 0.233 28.863 0.089 0.056 0.411 0.003 199.430 0.002 0.225 0.012 23.502 

 1.574 0.774 -1.120 -2.849 0.310 -0.946 -2.438 -1.273 -0.474 -0.198 1.940 

            

Company 
Twitter volume 
(lag) 

0.037 6.280 -0.001 0.000 0.212 -0.001 -13.164 0.000 0.042 0.000 0.238 

 0.032 3.959 0.012 0.008 0.056 0.000 27.358 0.000 0.031 0.002 3.224 

 1.159 1.586 -0.047 -0.055 3.757 -1.439 -0.481 -0.158 1.364 -0.192 0.074 

            

Company 
Twitter valence 
(lag) 

3.109 -133.506 -1.330 -0.239 -6.915 0.100 -2414.936 0.008 -10.401 0.088 -188.298 

 4.052 502.924 1.542 0.969 7.159 0.056 3474.950 0.029 3.923 0.209 409.509 

 0.767 -0.265 -0.863 -0.247 -0.966 1.790 -0.695 0.292 -2.651 0.418 -0.460 

            

Social Media 
WoM volume 
(lag) 

0.000 0.008 0.000 0.000 0.000 0.000 0.550 0.000 0.000 0.000 0.000 

 0.000 0.007 0.000 0.000 0.000 0.000 0.049 0.000 0.000 0.000 0.006 

 -0.342 1.184 0.210 -0.028 -0.131 0.693 11.222 -4.127 -0.731 -0.996 0.035 

            

Social Media 
WoM valence 
(lag) 

-17.392 960.278 -2.403 2.113 -8.607 0.045 9308.370 0.124 1.986 -0.864 -808.069 

 7.954 987.251 3.028 1.902 14.053 0.109 6821.390 0.056 7.701 0.411 803.874 

 -2.187 0.973 -0.794 1.111 -0.612 0.409 1.365 2.206 0.258 -2.102 -1.005 

            

News media -0.229 0.974 0.033 0.000 -0.018 -0.001 354.136 -0.002 0.221 0.001 -3.336 
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volume (lag) 

 0.062 7.641 0.023 0.015 0.109 0.001 52.798 0.000 0.060 0.003 6.222 

 -3.722 0.128 1.395 0.027 -0.168 -0.720 6.707 -4.488 3.702 0.421 -0.536 

            

News media 
valence (lag) 

0.036 91.084 -0.580 -0.446 1.180 -0.004 -392.267 -0.004 -0.875 0.118 -7.367 

 1.071 132.891 0.408 0.256 1.892 0.015 918.206 0.008 1.037 0.055 108.207 

 0.034 0.685 -1.424 -1.744 0.624 -0.256 -0.427 -0.529 -0.844 2.141 -0.068 

            

Customer 
deposits (lag) 

0.000 -0.004 0.000 0.000 0.000 0.000 -0.103 0.000 0.000 0.000 0.899 

 0.000 0.029 0.000 0.000 0.000 0.000 0.197 0.000 0.000 0.000 0.023 

 -0.179 -0.155 -0.017 1.804 -0.065 0.097 -0.523 0.902 -0.968 0.392 38.686 

Exogenous 
variables 

           

Constant 2.243 -550.156 7.859 1.069 11.718 0.702 -4707.824 0.502 12.992 0.889 598.994 

 6.610 820.387 2.516 1.581 11.678 0.091 5668.450 0.047 6.399 0.342 668.004 

 0.339 -0.671 3.124 0.676 1.003 7.726 -0.831 10.730 2.030 2.601 0.897 

            

Competitor 
advertising 

0.000 0.025 0.000 0.000 0.000 0.000 -0.130 0.000 0.000 0.000 0.032 

 0.000 0.014 0.000 0.000 0.000 0.000 0.100 0.000 0.000 0.000 0.012 

 -0.502 1.766 2.139 -0.576 -1.975 -0.786 -1.302 0.798 -0.302 0.670 2.770 

            

Competitor press 
release volume 

-0.036 5.135 0.116 0.004 0.110 0.000 37.189 0.000 0.077 -0.003 0.287 

 0.076 9.388 0.029 0.018 0.134 0.001 64.866 0.001 0.073 0.004 7.644 

 -0.479 0.547 4.024 0.243 0.824 -0.037 0.573 0.689 1.052 -0.766 0.038 

            

Competitor press 
release valence 

0.057 -1.209 0.103 0.353 0.771 0.001 323.502 0.003 0.057 0.052 -14.423 

 0.431 53.468 0.164 0.103 0.761 0.006 369.435 0.003 0.417 0.022 43.537 

 0.132 -0.023 0.629 3.426 1.013 0.138 0.876 1.033 0.138 2.332 -0.331 

            

Competitor 
company Twitter 
volume 

0.003 -0.216 -0.001 0.000 0.011 0.000 1.561 0.000 -0.004 0.000 -0.280 

 0.002 0.259 0.001 0.001 0.004 0.000 1.792 0.000 0.002 0.000 0.211 

 1.550 -0.834 -1.199 0.467 2.961 3.425 0.871 -0.842 -1.771 1.104 -1.325 

            

Competitor 
company Twitter 
valence 

10.809 -118.093 -5.075 0.931 -9.282 -0.016 5206.931 -0.042 -1.140 0.044 -599.454 

 4.674 580.124 1.779 1.118 8.258 0.064 4008.350 0.033 4.525 0.242 472.369 

 2.313 -0.204 -2.853 0.833 -1.124 -0.254 1.299 -1.258 -0.252 0.181 -1.269 

            

Consumer 
confidence 

0.076 -56.100 -0.077 -0.019 0.036 0.000 18.205 0.001 -0.173 0.010 12.262 

 0.157 19.466 0.060 0.038 0.277 0.002 134.497 0.001 0.152 0.008 15.850 

 0.486 -2.882 -1.296 -0.519 0.130 0.124 0.135 1.142 -1.136 1.189 0.774 

            

Unemployment -1.426 -8.690 1.230 0.064 1.016 0.014 -2178.392 -0.014 1.129 -0.165 1176.205 
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 3.635 451.133 1.383 0.869 6.422 0.050 3117.100 0.026 3.519 0.188 367.338 

 -0.392 -0.019 0.889 0.074 0.158 0.280 -0.699 -0.527 0.321 -0.881 3.202 

            

Personal savings -0.462 20.811 -0.060 0.119 -1.178 -0.002 -969.593 0.003 0.383 -0.005 -29.208 

 0.316 39.265 0.120 0.076 0.559 0.004 271.303 0.002 0.306 0.016 31.972 

 -1.459 0.530 -0.500 1.577 -2.108 -0.420 -3.574 1.371 1.250 -0.279 -0.914 

            

Time trend 0.000 -1.923 0.003 -0.002 0.149 0.000 37.265 0.001 -0.001 0.000 1.670 

 0.014 1.715 0.005 0.003 0.024 0.000 11.851 0.000 0.013 0.001 1.397 

 0.006 -1.121 0.661 -0.670 6.106 -0.769 3.145 8.558 -0.039 0.277 1.196 

            

 R-squared 
0.74 0.93 0.16 0.09 0.85 0.16 0.84 0.75 0.36 0.10 0.88 

 Adj. R-squared 0.73 0.92 0.11 0.03 0.84 0.10 0.83 0.74 0.32 0.05 0.87 
 Sum sq. resids 1.14E+04 1.76E+08 1.65E+03 6.52E+02 3.56E+04 2.15E+00 8.39E+09 5.71E-01 1.07E+04 3.04E+01 1.16E+08 
 S.E. equation 5.95 738.56 2.26 1.42 10.51 0.08 5103.06 0.04 5.76 0.31 601.38 
 F-statistic 46.20 203.09 3.16 1.55 89.38 2.99 82.79 49.34 8.96 1.82 113.30 
 Log likelihood 

-1087.59 -2741.27 -756.27 -596.83 -1282.81 382.88 -3404.26 610.48 -1076.49 -71.35 -2670.79 
 Akaike AIC 

6.46 16.11 4.53 3.60 7.60 -2.11 19.97 -3.44 6.40 0.54 15.70 
 Schwarz SC 

6.70 16.34 4.77 3.84 7.84 -1.88 20.21 -3.20 6.63 0.77 15.93 
 Mean dependent 

-13.02 4008.08 3.63 3.18 25.18 0.80 12878.55 0.71 11.84 0.59 594.83 
 S.D. dependent 

11.36 2644.21 2.40 1.45 26.11 0.09 12272.08 0.08 6.97 0.31 1654.28 
            

 Determinant resid covariance (dof adj.) 4.880E+18      

 Determinant resid covariance 2.430E+18      

 Log likelihood -12614.350      

 Akaike information criterion 74.900      

 Schwarz criterion 77.485      
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Table A5: Results VAR Model for Wells Fargo: Parameter Estimates, S.E.s, t-values Are Stacked 

Sample (adjusted): 6/14/2007 1/02/2014        

 Included observations: 343 after adjustments        

 Endogenous Variables 

Independent 
variables 

Consumer 
sentiment 

 
Advertising 
Spend ($) 

Press 
release 
volume 

Press 
release 
valence 

Company 
Twitter 
volume 

Company 
Twitter 
valence 

Social 
Media 
WoM 

volume 

Social 
Media 
WoM 

valence 

News 
media 

volume 

News 
media 

valence 

 
Customer 
deposits 

            

Consumer 
sentiment (lag) 

0.252 -11.229 0.003 0.004 0.116 0.000 -14.808 0.000 0.038 0.003 2.331 

 0.054 5.374 0.018 0.015 0.895 0.001 26.123 0.001 0.046 0.004 5.688 

 4.634 -2.089 0.141 0.291 0.130 0.533 -0.567 -0.058 0.822 0.876 0.410 

            

Advertising (lag) 0.001 0.898 0.000 0.000 0.014 0.000 -0.132 0.000 0.000 0.000 0.054 

 0.000 0.025 0.000 0.000 0.004 0.000 0.122 0.000 0.000 0.000 0.027 

 2.264 35.754 -0.998 -0.246 3.360 -0.065 -1.080 -0.209 -0.683 -0.969 2.026 

            

Press release 
volume (lag) 

0.021 -19.519 0.082 0.015 0.205 0.000 9.157 0.000 0.087 -0.003 24.807 

 0.166 16.365 0.055 0.045 2.727 0.003 79.547 0.002 0.139 0.011 17.320 

 0.128 -1.193 1.494 0.343 0.075 0.110 0.115 0.271 0.626 -0.226 1.432 

            

Press release 
valence (lag) 

0.122 47.602 0.188 -0.016 1.446 0.004 -41.268 0.001 0.117 0.023 5.029 

 0.214 21.104 0.071 0.057 3.516 0.004 102.582 0.002 0.180 0.015 22.335 

 0.569 2.256 2.641 -0.274 0.411 1.143 -0.402 0.414 0.652 1.606 0.225 

            

Company Twitter 
volume (lag) 

0.000 -0.165 0.002 0.000 0.362 0.000 0.798 0.000 -0.001 0.000 0.159 

 0.003 0.306 0.001 0.001 0.051 0.000 1.489 0.000 0.003 0.000 0.324 

 0.154 -0.540 1.761 -0.060 7.085 0.738 0.536 0.105 -0.217 -1.687 0.491 

            

Company Twitter 
valence (lag) 

-5.843 -324.688 -1.033 -1.048 56.089 0.571 1634.874 -0.030 -2.368 0.080 113.185 

 2.717 268.199 0.905 0.729 44.685 0.047 1303.670 0.029 2.284 0.185 283.848 

 -2.150 -1.211 -1.142 -1.437 1.255 12.209 1.254 -1.029 -1.037 0.434 0.399 

            

Social Media WoM 
volume (lag) 

0.000 0.004 0.000 0.000 0.005 0.000 0.425 0.000 0.000 0.000 0.003 

 0.000 0.010 0.000 0.000 0.002 0.000 0.051 0.000 0.000 0.000 0.011 

 -0.193 0.377 0.322 -0.204 2.627 1.126 8.417 -0.053 0.101 -1.214 0.267 

            

Social Media WoM 
valence (lag) 

4.267 307.147 1.351 -0.164 41.574 -0.110 -2771.186 0.047 -0.874 0.389 -413.717 

 5.225 515.724 1.739 1.402 85.925 0.090 2506.840 0.056 4.393 0.356 545.815 

 0.817 0.596 0.777 -0.117 0.484 -1.222 -1.105 0.833 -0.199 1.092 -0.758 

            

News media volume 
(lag) 

0.013 -1.794 0.040 0.024 0.415 0.000 -27.398 0.000 0.210 -0.001 0.116 

 0.067 6.588 0.022 0.018 1.098 0.001 32.024 0.001 0.056 0.005 6.972 

 0.193 -0.272 1.789 1.327 0.378 -0.009 -0.856 -0.126 3.751 -0.175 0.017 
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News media 
valence (lag) 

0.622 45.545 0.111 -0.024 -34.279 0.019 -876.814 0.013 -1.172 0.048 -38.027 

 0.812 80.141 0.270 0.218 13.352 0.014 389.551 0.009 0.683 0.055 84.817 

 0.766 0.568 0.411 -0.110 -2.567 1.349 -2.251 1.487 -1.718 0.873 -0.448 

            

Customer deposits 
(lag) 

0.000 -0.052 0.000 0.000 0.007 0.000 -0.044 0.000 0.000 0.000 0.874 

 0.000 0.024 0.000 0.000 0.004 0.000 0.117 0.000 0.000 0.000 0.026 

 -0.360 -2.170 -0.631 1.051 1.807 -0.613 -0.376 -1.393 0.336 0.224 34.236 

Exogenous 
variables 

           

Constant 1.343 -29.646 -0.572 1.952 -109.283 0.455 -1346.268 0.590 5.003 -0.178 -456.102 

 5.054 498.859 1.682 1.356 83.115 0.087 2424.860 0.054 4.249 0.344 527.966 

 0.266 -0.059 -0.340 1.439 -1.315 5.228 -0.555 10.887 1.177 -0.516 -0.864 

            

Competitor 
advertising 

0.000 -0.005 0.000 0.000 0.000 0.000 -0.006 0.000 0.000 0.000 0.022 

 0.000 0.007 0.000 0.000 0.001 0.000 0.035 0.000 0.000 0.000 0.008 

 -1.648 -0.672 1.271 -0.233 0.074 -0.214 -0.178 -0.465 -0.833 -0.108 2.814 

            

Competitor press 
release volume 

0.026 8.063 0.095 0.034 -0.184 0.001 41.594 0.000 0.036 0.009 3.298 

 0.060 5.889 0.020 0.016 0.981 0.001 28.626 0.001 0.050 0.004 6.233 

 0.444 1.369 4.808 2.148 -0.188 1.014 1.453 0.671 0.713 2.111 0.529 

            

Competitor press 
release valence 

-0.095 34.705 0.039 0.140 -0.559 -0.005 106.381 -0.004 0.168 0.008 22.157 

 0.323 31.876 0.108 0.087 5.311 0.006 154.945 0.003 0.272 0.022 33.736 

 -0.295 1.089 0.365 1.615 -0.105 -0.886 0.687 -1.097 0.619 0.361 0.657 

            

Competitor 
company Twitter 
volume 

0.004 0.089 0.000 0.000 -0.005 0.000 -1.323 0.000 -0.007 0.000 0.304 

 0.002 0.174 0.001 0.000 0.029 0.000 0.848 0.000 0.001 0.000 0.185 

 2.532 0.512 -0.164 -0.188 -0.184 -1.189 -1.561 0.819 -4.422 0.126 1.647 

            

Competitor 
company Twitter 
valence 

6.713 315.074 0.778 0.136 26.546 0.004 2706.489 0.009 -2.515 -0.094 169.410 

 3.825 377.568 1.273 1.027 62.907 0.066 1835.290 0.041 3.216 0.261 399.599 

 1.755 0.834 0.611 0.133 0.422 0.064 1.475 0.223 -0.782 -0.361 0.424 

            

Consumer 
confidence 

0.036 -14.381 0.006 0.009 -0.556 -0.002 85.178 0.001 0.034 0.002 13.782 

 0.132 12.981 0.044 0.035 2.163 0.002 63.096 0.001 0.111 0.009 13.738 

 0.271 -1.108 0.147 0.263 -0.257 -1.081 1.350 0.481 0.309 0.225 1.003 

            

Unemployment -2.430 260.308 -0.028 0.895 -6.705 -0.071 499.786 -0.015 3.816 -0.179 1122.215 

 2.999 296.031 0.998 0.805 49.322 0.052 1438.950 0.032 2.521 0.204 313.304 

 -0.810 0.879 -0.028 1.112 -0.136 -1.375 0.347 -0.481 1.514 -0.877 3.582 
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Personal savings 0.206 -18.812 -0.039 -0.049 3.379 -0.006 -396.020 0.000 -0.092 0.030 26.675 

 0.263 25.913 0.087 0.070 4.317 0.005 125.956 0.003 0.221 0.018 27.425 

 0.785 -0.726 -0.447 -0.702 0.783 -1.307 -3.144 -0.066 -0.416 1.702 0.973 

            

Time trend -0.031 0.127 0.003 0.003 -0.063 0.000 34.790 0.000 0.034 0.001 -0.779 

 0.009 0.883 0.003 0.002 0.147 0.000 4.291 0.000 0.008 0.001 0.934 

 -3.453 0.144 1.011 1.442 -0.425 0.344 8.107 2.470 4.493 2.454 -0.833 

            

Wachovia take-
over dummy 

6.987 1822.805 2.152 -1.487 -231.793 0.099 1719.848 0.134 0.406 -0.101 3955.296 

 -8.039 -793.451 -2.676 -2.157 -132.197 -0.138 -3856.820 -0.086 -6.758 -0.548 -839.747 

 0.869 2.297 0.804 -0.689 -1.753 0.713 0.446 1.552 0.060 -0.185 4.710 

            

First difference 
Wachovia take-
over dummya 

-2.426 -3480.828 0.069 0.932 230.586 -0.119 -681.720 -0.150 5.667 0.117 27731.040 

-8.839 -872.397 -2.942 -2.372 -145.350 -0.152 -4240.560 -0.095 -7.431 -0.602 -923.300 

 -0.274 -3.990 0.024 0.393 1.586 -0.780 -0.161 -1.586 0.763 0.195 30.035 

            

 R-squared 
0.30 0.86 0.23 0.09 0.38 0.38 0.84 0.26 0.23 0.14 0.99 

 Adj. R-squared 
0.25 0.85 0.18 0.03 0.34 0.34 0.83 0.20 0.18 0.08 0.99 

 Sum sq. resids 
7.88E+03 7.68E+07 8.74E+02 5.68E+02 2.13E+06 2.33E+00 1.81E+09 9.06E-01 5.57E+03 3.66E+01 8.60E+07 

 S.E. equation 
4.96 489.92 1.65 1.33 81.63 0.09 2381.41 0.05 4.17 0.34 518.51 

 F-statistic 
6.20 86.90 4.39 1.43 8.94 9.00 76.20 5.01 4.39 2.36 2237.90 

 Log likelihood 
-1024.32 -2599.42 -647.03 -573.15 -1984.73 369.13 -3141.77 531.41 -964.81 -102.87 -2618.87 

 Akaike AIC 
6.11 15.29 3.91 3.48 11.71 -2.02 18.45 -2.96 5.76 0.73 15.40 

 Schwarz SC 
6.36 15.55 4.16 3.73 11.96 -1.76 18.71 -2.71 6.02 0.99 15.66 

 Mean dependent 
0.16 1991.75 2.61 2.24 51.74 0.90 6199.15 0.64 5.34 0.56 2212.11 

 S.D. dependent 
5.73 1251.55 1.82 1.35 100.34 0.11 5753.71 0.06 4.61 0.35 6241.35 

            

 Determinant resid covariance (dof adj.) 9.18E+18      

 Determinant resid covariance 4.28E+18      

 Log likelihood -12711.1      

 Akaike information criterion 75.59242       

 Schwarz criterion 78.42317       
a This variable is included in the model for Wells Fargo to better capture the change in customer deposits due to the takeover of Wachovia. 

 

  



19 
 

Online Appendix D: In- And Out of Sample Fit for Panel VAR-X Model 
Estimation Sample is the First 4.5 Years of Data, Validation Sample is the Last 2 Years 

Vertical Reference Line is Split Between Both Samples 
 

Figure D1: News Article Volume: Actual Versus Predicted 
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Figure D2: News Article Valence: Actual Versus Predicted 
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Figure D3: Online WoM Volume: Actual Versus Predicted 
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Figure D4: Online WoM Valence: Actual Versus Predicted 
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Figure D5: Company Twitter Volume: Actual Versus Predicted 
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Figure D6: Company Twitter Valence: Actual Versus Predicted 
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Figure D7: Press Release Volume: Actual Versus Predicted 
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Figure D8: Press Release Valence: Actual Versus Predicted 
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Figure D9: Advertising: Actual Versus Predicted 
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Figure D10: Consumer Sentiment: Actual Versus Predicted 
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Figure D11: Change in Customer Deposits: Actual Versus Predicted 

  

  
 



Copyright of Journal of Marketing is the property of American Marketing Association and its
content may not be copied or emailed to multiple sites or posted to a listserv without the
copyright holder's express written permission. However, users may print, download, or email
articles for individual use.


