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Measuring the real-time stock market impact of firm-generated content

Abstract: Firms increasingly follow an ‘always on’ philosophy, producing multiple pieces of
firm-generated content (FGC) throughout the day. Current methodologies used in marketing
are unsuited to unbiasedly capturing the impact of FGC disseminated intermittently throughout
the day in stock markets characterized by ultra-high frequency trading. They also neither
distinguish between the permanent (i.e. long-term) and temporary (i.e. short-term) price
impacts nor identify FGC attributes capable of generating these price impacts. In this study,
the authors define price impact as the impact on the variance of stock price. Employing a
market microstructure approach to exploit the variance of high frequency changes in stock
price the authors estimate the permanent and temporary price impacts of the firm-generated
Twitter content of S&P 500 IT firms. The authors find that firm-generated tweets induce both
permanent and temporary price impacts, which are linked to tweet attributes; valence and
subject matter. Tweets reflecting only valence or subject matter concerning consumer or
competitor orientation result in temporary price impacts, while those embodying both attributes
generate permanent price impact; negative valence tweets about competitors generate the
largest permanent price impacts. Building on these findings, the authors offer suggestions to

marketing managers on the design of intraday FGC.

Keywords: real-time marketing; microstructure; high frequency data; firm-generated content;

Twitter
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With an excess of $37 billion in investment by U.S. firms in 2020 (Statista, 2020),
social media is one of the most pervasive communication channels used by marketers (Berger
et al., 2020; Hewett et al., 2016). One by-product of this investment is the creation of corporate
social media accounts supporting the dissemination of firm-generated content (FGC) — a firm’s
communication disseminated through its own online communication tools (Kumar et al., 2016).
Many firms have adopted an ‘always on’ approach in their social media marketing,
disseminating multiple pieces of FGC throughout the day. Figure 1 illustrates the high
frequency approach to FGC dissemination using the example of IT firms’ activity on Twitter.
Each piece of FGC is characterized by its attributes (e.g. Figure 1 shows FGC’s valence and
subject matter as key attributes),' as well as a timestamp reflecting the FGC’s dissemination
time. FGC and its timestamp can be accurately recorded to the second and mapped against the
corresponding timestamp of trading activity that takes place at ultra-high frequencys, i.e. at sub-
second intervals (Hasbrouck and Saar, 2013). As a result of these high frequency activities,
large volumes of intraday data emerge. For example, an S&P 500 IT firm can issue in excess
of 6,000 tweets in a given month and trading in a single firm’s stock often yields well over 10
million trading-related messages (e.g. quotes, cancellations, and transactions) during the same
interval (see Web Appendix A).

<Insert Figure 1 about here>

Currently used marketing methodologies are challenged when analyzing high-
frequency data because the trading data, which is used in capturing the impact of FGC on firm
value, is characterized by unequal time intervals. Low-frequency event studies using end-of-

day price measures and time-series analysis, such as standard vector autoregressive (VAR)

! The two examples in Figure 1 illustrate FGC attributes. First, the valence of FGC varies from positive (e.g. “We were so
happy to be a part of it.” — CA Technologies) to negative (e.g. ‘Have you lost trust in tech?” — CA Technologies) across the
day. Second, the subject matter of FGC also varies: Adobe’s subject matter ranges from focusing on consumer (e.g. ‘We want
to know what inspires you’ — Adobe) to focusing more on competitive positioning (e.g. ‘As of today, all fonts included with
Creative Cloud can be used on i0S13.1° — Adobe).
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models, are unable to effectively address these problems (see Web Appendix B). These
methods rely on discrete and uniform time intervals that do not describe the time intervals
associated with high frequency trading data, which encapsulate the intraday evolution of firm
stock price. Often these methods aggregate trading data to regular intervals, which can lead to
the elimination of upwards of 99% of intraday trading observations for studies employing end-
of-day price data (see Web Appendix C). The frequency of FGC as an intraday variable and
the effects of other non-FGC events potentially further bias low-frequency analysis employing
standard low frequency analytical methods. Furthermore, the richness of such an assessment
and marketing researchers’ understanding of ‘always on’ strategies are compromised unless
the research identifies both the short- and long-term impacts of this form of marketing (Gordon
et al., 2021). Consequently, the findings deriving from current examinations lack detailed ex-
post insights on the impact of FGC generated at intraday frequencies, which leaves marketing
managers unable to effectively design future intraday marketing resource allocation strategies
(Kanuri, Chen and Sridhar, 2018).

Employing the market microstructure approach, which relies on ultra-high frequency
trading data analysis, we investigate the stock price impact of FGC where price impact is
defined as the impact on the variance of stock price. This approach of estimating price impact
of FGC as impact on the variance of stock price rather than on changes in the level of stock
price is driven by both methodological and theoretical necessity. Although estimating level
changes in stock price as a result of an event like FGC could be approached from the
perspective of computing simple price impact measures, when working with high frequency
data, the approach is inadequate for at least two reasons. Firstly, simple price impacts are
misleading when trades in stock markets are serially correlated. Secondly, in the presence of
transient impacts, as is the case in this study (e.g. we capture price impact at second-by-second

intervals), simple price impacts rely on getting the timing just right, which is methodologically
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unfeasible when investigating large datasets as is again the case here. Our methodological
approach is in line with market microstructure theory, addresses the above outlined issues, and
is consistent with the microstructure literature (Brogaard, Hendershott and Riordan, 2014;
Rzayev and Ibikunle, 2019). Based on this approach and assessing S&P 500 IT firms’ Twitter
activity, we contribute to the marketing literature at three levels.

Firstly, by using high frequency data, this is the first study to document the sub-minute
impact of individual pieces of FGC disseminated during the day, thus the insights presented
are unlikely to be affected by confounding effects that using end-of-day data is susceptible to.
We estimate the price impact of FGC at the second and minute levels by computing the variance
of fast-paced (e.g. sub-second-by-sub-second) intraday changes in stock price as they occur in
financial markets (Brogaard, Hendershott and Riordan, 2014; Budish, Cramton and Shim,
2014; Kirilenko et al., 2017), thereby demonstrating the instantaneous impact of FGC. The
variance of intraday changes in price is obtained through state space modeling with Kalman
filtering. By doing so, we contribute to the emerging stream of marketing research studying the
impact of FGC on firm financial outcomes (Borah et al., 2020; Colicev et al., 2018) and real-
time marketing (Rust et al, 2021), and respond to research priorities established by the
Marketing Science Institute (2018-2020), emphasizing the need to help marketers ‘get
marketing right’ by providing insights into the instantaneous impact of FGC.

Secondly, with the microstructure perspective, we reveal both the permanent and
temporary price impact of FGC as new forms of FGC impact on firm-level performance. In the
process, the research addresses Gordon et al.’s (2021) call for research capable of identifying
both the short- and long-term financial impact of marketing activity that thus far remain
difficult to quantify. By being able to distinguish between temporary and permanent price
impacts at the fine-grained level of analysis, marketing managers can demonstrate both the

short- and long-term impacts of FGC on firm financial performance (Magill, Moorman,

Journal of Marketing

Page 4 of 66



Page 5 of 66

oNOYTULT D WN =

Avdiushko, 2019). This in turn, will allow them to overcome short-termism in marketing,
improving long-term growth initiatives (Du et al, 2021; Moorman and Kirby, 2019).

Finally, to support intraday actionable FGC design, we examine the extent to which key
attributes of FGC, including content valence and subject matter, influence the occurrence of
FGC permanent and temporary price impacts. Although FGC valence and subject matter have
been examined by previous research (e.g. Elliott, Grant and Hodge, 2018; Grof3-Klu3mann,
Konig, and Ebner, 2019; Hewett et al., 2016), and are recognized as key components of
marketing excellence (Homburg, Theek and Hohenberg, 2020), what constitutes the ‘right
content’ is largely unknown according to research priorities recently published by the
Marketing Science Institute (2020-2022). We show that FGC reflecting only one of the
attributes: valence (positive or negative) or subject matter (consumer or competitor
orientation), generates temporary price impact, while FGC that incorporates both valence and
subject matter is associated with permanent price impacts in stock price and thus, they correlate
with long-term firm performance.

Using a two-stage least squares (2SLS) estimation framework to examine S&P 500 IT
firms’ Twitter activity, we find that negative or positive valence tweets are consistently linked
with a reduction in permanent price impact and an increase in temporary price impact. Similar
findings are obtained when relating tweets that only reflect a consumer or competitor subject
matter, although the reduction in permanent price impact and increase in temporary price
impact they elicit are of smaller magnitudes. These findings indicate that tweets reflecting only
valence (positive or negative) or subject matter (consumer or competitor orientation) result in
temporary price impacts, which is commonly associated with the incorporation of noise into
the price discovery process (O’Hara, 2003). This type of effect has not been studied previously
in the marketing literature; however, given that it is a symptom of uncertainty in the value of

firms that can increase a firm’s cost of capital (Diamond and Verrecchia, 1991), it demands

Journal of Marketing



oNOYTULT D WN =

attention. Employing the market microstructure approach to exploit the variance of high
frequency changes in stock price, this is the first study that reveals tweets’ temporary price
impacts and identifies tweet attributes that elicit such short-term price impacts.

We further find that tweets that embody both attributes; valence and subject matter,
generate permanent price impacts; however, this impact varies based on the type of valence
and subject matter. The results evidence the importance of interaction effects between tweet
valence and subject matter in generating a higher permanent price impact. The average negative
and positive valence tweet when viewed through the lens of consumer or competitor orientation
generates a permanent price impact, while a competitor-oriented tweet with a negative valence
is likely to have the highest permanent price impact. This is a crucial finding from the
perspectives of marketing practice and intraday social media marketing strategy design because
valence as a singular attribute is associated with decreasing permanent price impact. Our
research shows that information-rich tweets that include both variance and subject matter can
result in permanent price impacts, and underscores investors’ ability to act on information
contained in FGC at sub-second levels (Hendershott et al., 2011; Rzayev and Ibikunle, 2019).

To illustrate the relevance and magnitude of these findings, in Figure 2, tweets A and
B are characterized by negative and positive valence, respectively; while tweets C and D reflect
only consumer and competitor orientation, respectively. In line with our research findings, the
permanent price impact associated with these tweets are more than three standard deviations
lower than the average permanent price impact estimate for all the 153,041 tweets in our sample
and are therefore below the 10 percentile of the estimates. By contrast, tweets E to H reflect
varying combinations of both valence and subject matter (consumer or competitor orientation).
Consistent with the research findings, these tweets are shown to generate permanent price
impact estimates ranked above the 90 percentile in our sample of tweet trades’ permanent

price impact estimates. The temporary and permanent impact estimates for the average tweet
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are as large as 279 and 187 times, respectively, of what we document for the average regular
intraday transaction in our sample.
<Insert Figure 2.>
Theoretical Background
Firm-generated content and high frequency trading data

Social media is increasingly used by firms because it provides greater reach and can be
less costly than traditional channels for firm-generated content (FGC) dissemination (Kumar
et al., 2016). FGC is often posted several times a day (Kanuri, Chen and Sridhar, 2018) and
serves as a valuable source of high frequency marketing data that can offer insights into the
growth potential of a firm (Du et al., 2021). With the advancement of data collection tools
(Wedel and Kannan, 2016), marketing researchers can now record each piece of FGC and
create large datasets depicting FGC attributes and their dissemination time. Recorded with
accuracy to the second, FGC can then be mapped against the corresponding trading activity
that takes place at sub-second intervals and used to study FGC’s financial impact. However,
measuring the impact of FGC sampled at intraday levels requires marketing researchers to be
able to utilize high frequency trading data with observations occurring at unequal time
intervals.

The market microstructure approach to estimating price impact offers marketing
researchers tools to, piece-by-piece, algorithmically link FGC to time-specific trading activity
at a fine-grained level of analysis (i.e., sub-seconds, seconds, minutes etc.). Unlike symmetrical
asset pricing models, market microstructure recognizes that a firm’s stock price is only
informationally efficient to the extent that it reflects all available and relevant information
(Fama, 1970). A firm’s stock price, while reflecting information, is also distorted by noise
generated by (temporary) non-information-based factors, such as trading frictions occurring

due to low levels of liquidity defined as the ability to trade large quantities of a firm’s stock
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quickly with little or no price impact (Amihud, 2002; Grossman and Miller, 1988) or the
activity of traders lacking adequate information regarding the value of a stock, the so-called
uninformed traders in the market microstructure literature (Glosten and Milgrom, 1985; Kyle,
1985). Estimating the proportion of stock price driven by information (relevant to the value of
a firm), and the proportion driven by noise, on the other hand, is a critical aspect of the analyses
many studies conduct in the market microstructure literature area (see Web Appendix D).
However, this holistic view of both temporary and permanent price impacts is often missing
from marketing research. The market microstructure approach allows marketing researchers to
estimate the price impact of FGC at high frequencies, and to identify both types of price
impacts. A crucial step in such analysis is knowing the so-called ‘event time’ (i.e. a timestamp),
which refers to the time an event occurs, such as the FGC dissemination time. By deploying
time series models to estimate changes in the components of price at high frequency intervals
(e.g. seconds), and then linking the FGC timestamp to the components, the instantaneous
impact of FGC on firm stock price can be estimated.
FGC’s impact on firm outcomes

The existing research has primarily focused on linking FGC with consumer behavior
(Colicev et al., 2018; Colicev, Kumar and O’Connor, 2019; Hewett et al., 2016; Kumar et al.,
2016; Meire et al., 2019; Tellis et al., 2019), and firm performance (Borah et al., 2020; Colicev
etal., 2018; Rust et al., 2021) (see Web Appendix E).

With the focus on firm performance, Colicev et al. (2018) and Borah et al. (2020) and
most recently Rust et al. (2021) show that FGC effects firm value. Colicev et al. (2018)
document an indirect effect of FGC volume on shareholder value measured based on abnormal
returns and idiosyncratic risks. Borah et al. (2020) were the first to demonstrate the direct
impact of humorous FGC on firm value as measured by abnormal stock market returns. To

demonstrate these impacts, they employ an event study estimating abnormal returns and VAR
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modeling. These methods, as deployed, however, focus on daily activity, which can result in
aggregation bias and misevaluation of FGC’s impact on firm value (Rust et al, 2021).
Moreover, the richness of such an assessment is compromised because short- and long-term
impacts of FGC are not estimated (Gordon et al., 2021; Moorman and Kirby, 2019). Finally,
current marketing methods do not examine FGC attributes at a fine level of granularity (i.e.
intraday frequencies), preventing marketing managers from moving beyond a ‘throw it on the
wall and see what sticks’ strategy (Hoffman and Fodor, 2010: p 47) in the design and
dissemination of intraday FGC (Hewett et al., 2016).
High frequency approach to FGC analysis

The market microstructure approach responds to calls for more powerful
methodological approaches that allow marketing researchers to harness the potential of rich
data sources and develop insights capable of advancing theory and informing contemporary
marketing practice (e.g. Du et al., 2021; Hewett et al., 2016; Lamberton and Stephen, 2016;
Wedel and Kannan, 2016). The fine-grained level of analysis available with a market
microstructure approach overcomes the limitations of low-frequency methodologies, such as
VAR and daily event studies to study FGC and its impact on firm value (i.e. it estimates the
variance in firm stock price following FGC dissemination). Utilizing high frequency intraday
data, it adds richness to the assessment of FGC’s financial impacts by distinguishing between
permanent and temporary price impacts.
The temporary and permanent price impacts

Temporary price impacts are short-term impacts that result in momentary changes in
price before returning to its pre-event (e.g. pre-FGC) value, and are the result of uninformed
trader activity (see Web Appendix D). Uninformed trader activity could be driven by several
factors; for example, it could be linked to investor uncertainty about the relevance of

information (Hedge and McDermott, 2003; Holthausen, Leftwich and Mayers, 1990), or
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trading friction due to liquidity constraints (Amihud, 2002; Chordia, Roll and Subrahmanyam,
2008). Ignoring temporary price impacts can lead to misunderstanding the total impact of FGC,
with prior research suggesting temporary price impacts result in larger transaction costs (Chan
and Lakonishok, 1993) and firm cost of capital (Diamond and Verrecchia, 1991). In contrast,
an event (e.g. FGC) can generate a permanent price impact and result in the price attaining an
enduring new value after the event; this occurs when the event provides information that
updates informed investor/trader expectations related to a firm’s long-term performance
(Madhavan, Richardson and Roomans, 1997). Importantly, the microstructure approach also
supports intraday actionability by assessing how the attributes of information signaled by these
events influence temporary and permanent price impacts.
A state-space decomposition of firm stock price

Consistent with the market microstructure literature, this study estimates the permanent
and temporary price impact of FGC by first conducting a state-space decomposition of firm
stock price into its efficient (permanent) and inefficient/noise (temporary) components and then
linking the changes in these components to individual pieces of FGC. State-space modeling is
a tool for modeling an observed variable as the sum of unobserved variables (Hendershott and
Menkveld, 2014), and it is commonly used for the decomposition of price (Brogaard,
Hendershott and Riordan, 2014; Hendershott and Menkveld, 2014; Menkveld, Koopman and
Lucas, 2007; Rzayev and Ibikunle, 2019). Due to its efficiency when applied to ultra-high
frequency data like stock price movements, the state-space modeling approach for
decomposing price has significant economic and methodological advantages over other
commonly used methods (Hasbrouck, 1991), such as VAR models.

An assumption underlying a standard VAR model is that data are sampled at regular
frequencies since variables at time t are regressed on variables dated at t-1, t-2, etc. However,

FGC and intraday trading data are often sampled at unequal time intervals, which suggests that
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there will be many instances of missing variables in a model calibrated on regular time intervals
(Rao, 1986). The modeling of such data using VAR requires the alignment of variables
misaligned in time either downward, by aggregating the data to a lower frequency, or upward,
by interpolating the high frequency data with heuristic rules such as polynomial fillings.
Downward alignment eliminates potentially valuable information in the high frequency data.
Data aggregation is problematic (Silvestrini and Veredas, 2008): it can alter the lag order of
autoregressive moving average (ARMA) models (Amemiya and Wu, 1972), reduce the
efficiency of the parameter estimation and forecast (Tiao and Wei, 1976), affect Granger-
causality and cointegration among component variables (Marcellino, 1999), and induce
spurious instantaneous causality (Breitung and Swanson, 2002). Upward alignment is also
deemed inefficient and dubious (Pavia-Miralles, 2010) because a VAR approach assumes that
the model specifies the high frequency data-generating process. However, interpolation is not
based on the multivariate model that generates the data, but on heuristic rules, which, at a
minimum, inevitably incorporate noise into the data and distort it.

State-space modeling offers a solution to the irregular frequency challenge inherent in
intraday transactions data (Qian, 2013). Specifically, the use of state-space modeling with a
Kalman filter in maximum likelihood estimation of parameter estimates ensures maximum
efficiency in dealing with unequal time intervals or irregular frequency in data. The use of a
Kalman filter accounts for changes across periods of analysis with missing observations. This
is a critical consideration in the use of state-space modeling for decomposing high frequency
time series since standard approaches do not deal with the ‘missing observations’ caused by
unequal data intervals. For example, estimating a standard autoregressive (AR) framework
implies truncation of the lag structure and could potentially discount valuable information in
high frequency data. Using the Kalman filter facilitates the decomposition of any realized

change in the time series (e.g. variance in the stock prices), such that the estimated permanent
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or temporary component at any interval is estimated using all past, present, and future
observations in the series. Thus, the purpose of filtering is to ensure that estimates are updated
with the introduction of every additional observation (Durbin and Koopman, 2012).
Heterogeneously informed traders and FGC attributes

With the estimation of FGC’s temporary and permanent price impacts, marketing
researchers can explore how FGC attributes influence the occurrence of these two types of
price impact, which are driven by the existence of heterogeneously informed trading agents in
financial markets (Grossman and Stiglitz, 1980; O’Hara, 2003). Thus, the ways in which
information events, such as FGC, are observed and deciphered vary significantly between the
two main groups of agents in financial markets, i.e. the informed and uninformed
traders/investors (see Web Appendix D for a discussion on how the activities of informed and
uninformed traders drive the asymmetric effects of information events in financial markets).
The valence and subject matter of FGC are attributes that should provide information signals
to (informed) investors, and thus generate a permanent price impact. This is because FGC
subject matter (consumer and competitor orientation) relate to a firm’s competitive advantage
(Kumar et al., 2011; Lam, Kraus and Ahearne, 2010), which is not often public and can be
difficult to observe because it is embedded in a firm’s culture (Gebhardt, Carpenter and Sherry,
2006). The role of valence has also been documented in the literature (Sul, Dennis and Yuan,
2017; van Heerde, Gijsbrechts and Pauwels, 2015), with the impact of negative valence
appearing to be stronger than that of positive valence and thus more commonly associated with
permanent price impacts (Tirunillai and Tellis, 2012). There is also reason to expect that FGC
valence may interact with FGC subject matter and induce a permanent price impact. The basis
for this expectation comes from a branch of signaling theory recognizing that signal recipients
combine information signals to make more informed decisions (Bhagwat et al., 2020; Tellis

and Wernefelt, 1987).
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While there is ample evidence to suggest that FGC valence and subject matter may
generate a permanent price impact, it is important to note that the price impact of FGC cannot
occur without trading in financial markets. It is trading activity that incorporates the
information and/or noise content of an event (e.g. FGC) into price. Therefore, since trading
agents in financial markets are heterogeneously informed due to the way in which they observe
and decipher the information content of events, their trading activities also generate varied
price impacts. Specifically, a permanent price impact will arise as a result of trading activity
by traders/investors who have been able to correctly decipher the information content of FGC;
these are the informed traders. Conversely, the trading activity of those unable to decipher the
information content of FGC (i.e. uninformed traders) will only induce temporary price impacts
(Glosten and Milgrom, 1985) since their trading activity is uncorrelated with firm value
(Barclay and Warner, 1993; Grossman and Stiglitz, 1980). Accordingly, FGC that incorporates
valence and subject matter can be associated with both permanent and temporary price impact
simply because of heterogeneously informed trading agents. The trading activity of informed
traders thus contributes to the efficient component of price (i.e. permanent price impact), which
is driven by information, while the activity of uninformed traders incorporates noise, which is
uncorrelated with firm-relevant information (i.e. temporary price impact).

S&P 500 IT firms’ use of Twitter

We examine the instantaneous stock market impact of FGC by studying S&P 500 IT
firms’ activity on Twitter. Twitter is a social media communication channel characterized by
‘fast-paced and short-lived information flows’ (Lambrecht, Tucker and Wiertz, 2018: 177),
which is said to derive deep insights once appropriate methods are developed (Webel and
Kannan, 2016). In addition, with 92% of firms tweeting multiple times a day (Brandwatch,
2020), Twitter FGC is an example of high frequency intraday marketing data. Finally, the

Exchange Commission’s Regulation Fair Disclosure recognizes Twitter FGC as potentially
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carrying ‘useful’ information for investors. For these reasons, Twitter provides a suitable
context to study. We study the IT sector because IT firms are often considered to be early
adopters of trends (Blankespoor, Miller and White, 2014). The IT sector provides a
comprehensive sample of firms disseminating multiple pieces of FGC throughout the day (see
Web Appendix F). It is a major driver of economic activity, with the leading five IT firms in
the US accounting for more than 22% of the S&P 500 (Hargreaves Lansdown, 2020). Globally,
the IT sector is valued at $11.5 trillion, representing over 15.5% of the global GDP (Brookings,
2019). Finally, the diverse consumer base of IT firms is useful for characterizing the relevance
of FGC subject matter (consumer and competitor orientation), and its interaction effects with
valence. A review of 10-K filings for each firm shows that 7% of the sample consists of firms
marketing solely in B2C markets, 72% solely in B2B markets, and 21% selling in both B2C
and B2B markets.
Dataset construction

We obtain a sample of tweets using an Application Programming Interface (API) to
access data from Twitter. In line with previous research (Lambrecht, Tucker and Wiertz, 2018;
Vermeer et al., 2019), and following Chan et al. (2016), we employ the API to access tweets
from corporate accounts for S&P 500 IT firms. In total, we obtain 153,041 firm-generated
tweets from 64 firms, which are then used in our analysis. On average, this is 2,391.2 tweets
per firm over our sample period spanning January 2013 to August 2018. It should be noted that
these are tweets that fall within the limits of Twitter API in terms of the maximum number of
tweets that can be accessed over a given time period. Seven of the IT firms initially selected
either do not have established corporate social media accounts on Twitter or Twitter API
limited access to the data. Firms included in the sample engage in high frequency intraday
marketing activity; on average they generate a minimum of 1.07 to a maximum of 37.03 tweets

a day, with the total average equaling 4.42 tweets per firm per day (see Web Appendix F),
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which confirms the appropriateness of the selected sample. Table 1 shows the sample of 10
S&P 500 IT firms generating the highest number of tweets per day.
<Insert Table 1 about here>
Each tweet is recorded with a timestamp to the nearest millisecond.? These timestamps
are used to obtain corresponding ultra-high frequency stock trading activity data from the
Thomson Reuters Tick History (TRTH) v2 database in Datascope for each tweet in the sample
(see Table 2); the stock trading data supplements the Twitter dataset. Our dataset includes data
for the trading days between January 2013 and August 2018. After performing data cleaning
using the criteria consistent with that of Chordia, Roll and Subrahmanyam (2001) and Ibikunle
(2015), the stock trading data includes 8,177,183,865 instances of trading activity or messages
(i.e. quotes, cancellations and transactions), which includes 520,356,393 transactions, and
7,656,827,472 orders.?
<Insert Table 2 about here>
After excluding days (and tweets generated on these days) with comparatively high
levels of price volatility, the descriptive statistics show that the average time between trades is
7.159 seconds, and the mean number of tweets per firm over the sample period is 2,377.22.
The mean number of tweets per day is 54.03 and the mean number of tweets per day per firm
is 0.844 (see Table 3 for details).

<Insert Table 3 about here>

21,179 tweets, 0.77% of the total sample (see Web Appendix F), are excluded from the analysis because of excessive stock
price return volatility on the days they occur. This is a standard approach commonly employed in market microstructure
literature. We also define an exclusion criterion in order to exclude tweets that occur within 60 seconds of each other. However,
none of the tweets in our data occur within 60 seconds of each another; therefore, no tweet is excluded on the basis of the
exclusion criteria.

3 There are three types of observations in our dataset. The first are the buy/bid and sell/offer quotes (or orders), while the
second are the transactions or trades, which feature directly in the state space modeling and are generated as a result of the
orders being executed. For the model, we only employ the prices of the 520,356,393 transactions in the dataset. The third type
of observations are cancellations issued to cancel previously submitted orders. All the observations are captured using

timestamps to the nearest millisecond.
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Investigating the permanent and temporary price impact of tweets

To investigate the impact of tweets from a perspective of permanent and temporary
price impact respectively, we first use state-space modeling to estimate the permanent and
temporary components of price at a given time interval using trading observations within that
time interval.* The primary interval of interest is one second; however, we estimate for one
minute as well for robustness. Next, we link these estimates to firms’ tweet activity using
tweets’ time stamps, which are labelled to the second. Thereafter, we estimate the impact of
each tweet on the temporary and permanent components of price by estimating the
corresponding change in the components following each tweet as the respective temporary and
permanent price impacts. The methodological steps are outlined below:
Step one (model characterization): The first step involves modeling price as the sum of a non-
stationary permanent (information-driven) component and a stationary temporary (noise)
component.® In this step, the only relevant observations are the prices of the 520,356,393
transactions obtained from the TRTH v2 database; these prices are defined as the prices of
stocks at intraday periods and intervals. In its simplest form, the structure of the state-space
model for price, a multiple of S stock prices, T intraday periods, and N intervals, are expressed
as:

Vst = Mgpr + is,t,‘t (1)

and

Mgt =Mgrr— 1+ Ustr (2)

4 While v (stock price in our model) is observable, its permanent and transitory components, which we aim to characterize, are
unobservable, i.e. we cannot acquire them as we would observable variables, such as stock price or volume. Thus, we aim to
observe the evolution of that one variable — v — that we could observe and use this evolution within time intervals (e.g. one
second and one minute) to estimate its components.

5 In addition to modeling the natural logarithm of price as an observable variable in the state-space representation, for
robustness, we also employ percentage change in price, and first difference of price. Our inferences are unchanged irrespective

of the approach we employ; indeed, all the estimates obtained are qualitatively similar.
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where
Vst = ln(ps,t,‘r): (3)
fors=1,....,S,t=1,...,T, and t = 1,...,N; T and t index event and clock times respectively
(Menkveld, 2013); an event occurs when a transaction is recorded. Hence, T =520,356,393,
while N equals the number of one second or one minute intervals during a stock trading day.
Pstr1s the price of stock s at interval t and period T, mg.; is a non-stationary permanent
component of the price of stock s at interval t and period T, ig¢; is a stationary transitory
component of the price of stock s at interval t and period T, and ug., is an idiosyncratic
disturbance error in the permanent price component of stock s at interval t and period T. ig¢.
and ug; are assumed to be mutually uncorrelated and normally distributed. ©
The model captured in Equations (1) — (3) is a special case of the general state-space
representation. The standard state-space model is formulated for a vector of time series vy with
a frequency/time interval t and this is given by (for simplicity, we temporarily ignore the stock
notation s and period 7):
vi= WS+ Zam, + i, mg, 1= Dun;+ Ry, t=1,.,N, (4)
where disturbances iy ~ N(O, I) and u¢ ~ N(0, Uy) are mutually and serially uncorrelated.
The initial state vector my ~ N(a, P) is also uncorrelated with the disturbances. The mean
vector a and variance matrix P are usually implied by the dynamic process for m; in Equation
(4) (Menkveld, Koopman and Lucas, 2007). The remaining terms, Wy, Z,, Dy, Ry, I; and Uy, are
called system matrices and are generally assumed to be fixed for t = 1,.,N. The elements of
these system matrices are usually known; however, some elements that are functions of the

fixed parameter vector need to be estimated. Equations (1) and (2) can be represented as the

6 According to Merton’s (1986) model, when investors hold under-diversified portfolios, idiosyncratic risk should be priced.
Ustr in Equation (2) captures the effect of idiosyncratic risk as a function of information, and it is different from non-
information-based (temporary) evolution in stock price captured by is .
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state-space Equation (4) by choosing v; as a single time series (in this study this is the stock
price series), where Wy =0,Z;= Di=R¢=1, ;= 0% and U= 02", We note that 6% and ¢
vary for each frequency t for t = 1,.,N. Unlike standard variable decomposition approaches,
this model naturally deals with irregular frequency/missing observation issues since the
Kalman filter is used for its estimation, which is critical in a high frequency analysis.”

Step two (model outputs): The structure of the model shows that only changes in ug;, (now
reinstating the stock notation s and period ) affect price permanently; ig., 1S temporary
because its effects are transient and hold no significance for long-term firm performance. This
is because this model decomposes price into two parts. The first, ugy,, captures smoothed
(constant) changes in price, which is driven by informed trading activity, while the second
captures irregular changes in price, which deviates from the smoothed evolution and is

therefore driven by uninformed trading activity (noise or friction in the pricing process). By

24
st

using maximum likelihood (constructed using the Kalman filter), we estimate o2! (i.e.
permanent component) and ciit, (i.e. temporary component) where t is equal to either one
second or minute. Specifically, we first partition our sample into one second and one minute
(clock) intervals, then estimate O'iﬁé and ogjt for these intervals by using the prices at different
event periods (T) during the intervals. This suggests that, as in Menkveld, Koopman and Lucas,
(2007), our permanent and temporary components (oi‘; and oiit), as estimated using the state-

space model, are time variant (see Table 4 in Menkveld, Koopman and Lucas, (2007: 220)).

We impose the time-variant structure to be consistent with the time intervals studied in

7 Some adjustments are required. When there are instances of missing (or irregularly spaced) observations in Vi, the Kalman
filter is unable to use the measurement equation (Equation 1); however, the transition equation (Equation 2) can be used since
it depends on the previously estimated state (IM¢+ 1depends on My). Indeed, Kalman filtering suggests that with missing
observations in Vi, the best estimation for My is simply the evaluation of the transition equation The estimated state-space
model’s source code in SAS is presented in Selukar (2011).
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subsequent multivariate regressions, which is in line with Brogaard, Hendershott and Riordan
(2014) who also compute time-variant permanent and transitory components of price.
Step three (estimation with the Kalman filter): We use the Kalman filter to evaluate the

conditional mean and variances of the state vector m; (ignoring the stock notation s and period
T) given past observations Vy _ 1 = {Vq,.,Ve_ 1}: @ge—1 = E(M¢|Vi_ 1), Pye— 1 = var(m|Vy_4
), t=1,.,N. To initialize the Kalman filter, we also have a1;9 = a and Pqjo = P, where my ~
N(a, P). This initialization only works if my is a stationary process. However, as in our case,
m, is often not a stationary process due to its being obtained from stock price series, which is

inherently non-stationary given the rational expectation of economic growth over time. Hence,
‘diffuse initialization’ (i.e. infinite variance distribution — see Koopman and Durbin, 2003) is
used and estimated by numerically maximizing the log-likelihood. This is evaluated with the
Kalman filter due to prediction error decomposition. According to the structure of the state-

space model, our estimated outputs, Gzht‘ and O'?t, are modeled as variances of permanent and
. . 2. . . .
temporary components of price respectively. O,y 1s a proxy for information reflected in the
. . . 2 - . . .
price, i.e. the permanent component of price, and o} is a proxy for noise reflected in the price,

i.e. the temporary component of price. Stock prices should only experience permanent

movements due to the arrival of new information, thus we would expect ci‘; to be higher than
Giit. The two estimated coefficients are variances; hence, the coefficient encapsulating
information(oi;), which is the primary driver of price from an efficient market perspective,
should be larger; Giit captures frictions/noise and should therefore have a lower value.?

Step four (linking ai'; and az‘it to tweets): Our empirical framework requires linking an

individual intraday tweet to a corresponding trade/transaction with price p; in our sample. We

8 The code we estimate is made available via a public GitHub repository here: https:/github.com/akatachonda/Twitter-
Project.git

Journal of Marketing


https://github.com/akataehonda/Twitter-Project.git
https://github.com/akataehonda/Twitter-Project.git

oNOYTULT D WN =

call each tweet-linked trade a ‘tweet-trade’; t, in this case, corresponds to both trade and time.
Accordingly, we designate a trade in the stock of a firm as a ‘tweet-trade’ if it is the first trade
to occur immediately after a tweet in our sample, and if it occurs within 60 seconds of the
tweet. For robustness, we vary this threshold but find the inferences to be consistent if the
threshold is reduced to 30 and 45 seconds, suggesting that the occurrence of tweet-trade and
trading in stock is not merely coincidental. The tweet-trade’s time of occurrence allows us to
link a tweet to a corresponding pair of 05} and ciit, which we estimate for the one-second and
one-minute intervals covered by our sample period, including those with no tweet-trades. Thus,
each second and minute in our sample has a corresponding set of oi‘; and oiit. We can therefore
determine the information reflected in the price (i.e. price efficiency) and noise contained in
price at every second or minute. This information allows us to estimate whether the change in
both components is occasioned by the posting of a tweet. Table 4 presents the descriptive
statistics for the one-minute intervals, including a tweet-trade. 03’; is higher than Giit, which is
consistent with our expectation that most of the observed tweets at time t reflect fundamental
information rather than frictions or transitory components of price. This is also in line with
microstructure literature (Brogaard, Hendershott and Riordan, 2014; Hendershott and
Menkveld, 2014; Menkveld, Koopman and Lucas, 2007; Rzayev and Ibikunle, 2019).
<Insert Table 4 about here>

. . .2, 2 . . . .
Step five (estimating changes in o and o following a tweet): The next step in our analysis
is determining how a tweet/tweet-trade changes the composition of price with regards to Gfi
and G?it, which is required in further analysis when examining the impact of tweet valence and

subject matter (i.e. consumer and competitor orientation). We link each tweet-trade to a pair of

03‘; and cgit using the tweet-trade timestamps at the second level and then compute 30-second

2u 21 . : 2u 2i 1
percentage absolute changes for both Ogt and O the changes in (O and O following a tweet
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are designated as Ao?t‘ (permanent price impact) and Ac?it (temporary price impact)

respectively (45- and 60-second percentage changes are also computed for robustness):°

2 2
u u
A 2u 0-s,t + 30s Gs,t -1
o = |
st

©)

(6)

2 _
Acs’t =

Thereafter, we also construct AO'?L,E and Aoiit for each non-tweet-trade in our sample.

Using these measures, we construct daily ratios of the impact of non-tweet-trade relative to that
of an average tweet-trade in stock s during day d. We then test the null that the mean daily
ratios in stock s equal one on average across our sample period by using their standard errors
for statistical inference. We expect to reject the null if the tweet-trades on average generate a
larger or lower price impact than all the trades on an average day.! We present the results of
the hypotheses testing in Table 5. The ratios employed in the analysis are winsorized at 0.5 and
99.5 percentiles within each stock. This statistical approach is consistent with prior marketing
research (Boyd and Kannan, 2018), and it allows us to eliminate outliers or extreme values and
improve the chance of obtaining statistically significant estimates. Winsorization is also

necessary due to the inherent noisiness of high frequency trading data used in estimating tAog‘é
2;
and Ao, .

<Insert Table 5 about here>

° Note that the percentage change is from a trade at t-1 before the tweet-trade to 30 seconds after the tweet-trade; varying this
measurement for up to five trades t-5 before the tweet-trade does not significantly impact the estimates obtained, neither does
varying the time threshold to include 45-second and 60-second percentage changes. Estimating the effects of tweet-trades
within sub-minute to minute windows avoids the methodological issues associated with the occurrence of confounding events.
Given the fine-grained level of measurement, it is highly unlikely that any other relevant event could be driving the effects we
capture.

10 Tn order to ensure that the results are not driven by unusual trading days, we exclude days where stock return volatility is
greater than the one standard deviation of the average stock return volatility over the surrounding (-30, +30) trading days.
Daily volatility is measured as the standard deviation of intraday stock return.
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The estimates in Table 5 show that, on average, tweet-trades generate larger permanent
and temporary intraday price impacts than other non-tweet-trades. All the estimates are
statistically significant at the 0.01 level, thus rejecting the null hypothesis that there is no
difference between the impact generated by tweet-trades and other trades. The price impact of
a tweet-trade is 150-300 times larger than that of the average trade. Using the 60-second

threshold, Aoiit, which corresponds to the temporary price impact generated by the average

tweet-trade, it is 279.67 times that of the average trade, suggesting that tweets results in large
but momentary movements of price. This finding suggests that FGC generates temporary
effects that can induce increases in the cost of trading a firm’s stock and the firm’s cost of

capital Chan and Lakonishok, 1993; Diamond and Verrecchia, 1991). Acg‘;, the permanent

impact of the average tweet-trade, is about 146.83 times larger than the average trade’s
permanent impact, suggesting that FGC can cause investors to update their expectations about
a firm’s future performance and this leads to price movement. Overall, the analysis indicates
that, on average, tweet-trades occurring in the wake of a potentially information-laden tweet
substantially impact stock price in both permanent and temporary effects relative to non-tweet
trading activity.

Estimating the effects of tweet-trades within sub-minute to minute windows addresses
methodological issues associated with the occurrence of confounding events. Therefore, to a
very high level of accuracy, we can attribute estimated temporary and permanent price impacts
to the observed FGC. Given the fine-grained level of analysis, it is highly unlikely that any
other relevant event could be driving the effects we capture. The sampling at high frequency
intervals also raises the question of whether investors and other trading agents could digest and
act on the contents of tweets within the price impact windows we examine. Addressing this
question requires an understanding of the nature of trading in financial markets today,

especially in the case of highly traded stocks, such as the S&P 500 stocks in our sample.
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Today’s markets are dominated by algorithmic traders/‘algos’ capable of digesting and acting
on information in FGC (e.g. tweets) within the windows we examine in our analysis. The
effects of this speed of activity are evidenced by the findings of Rzayev and Ibikunle (2019),
who, by using S&P 500 stock data, show that information arriving in the US markets is
exploited within seconds and that this activity is driven by algorithmic trading.

While all the ratios are statistically significant and suggest that FGC influences the
permanent and temporary components of price, the obvious question is how economically
meaningful they are when compared to other events impacting stock price. To answer this
question, we conduct further analysis to examine the corresponding ratios of other large impact
non-tweet-trades in the same period by computing ratios similar to the ones presented in Table
5. This involves substituting a permanent price impact measure for each tweet-trade with that
of other trades generating price impacts corresponding to one standard deviation or more above
the daily mean in each stock. The obtained average ratios for the three thresholds are 7.9, 5.2,
and 1.3 for the 30-, 45-, and 60-second windows respectively. The inference drawn from this
analysis is that the information content of tweet-trades is several times higher than that of the
average non-tweet high impact trade. In comparing the temporary price impacts associated with
the same trades with those of the tweet-trades, we find that tweet-trade ratios are again several
times higher. This suggests that tweet-trades tend to be noisier when compared to other trades
associated with a more permanent price impact and this provides a basis for demonstrating to
marketers the significance of the relatively high levels of both permanent and temporary price
impacts that can be generated in financial markets with the use of tweets. A robustness
comparative analysis based on Frino, Jarnecic and Lepone (2007) is consistent with the
presented findings (please see Web Appendix G).

Investigating the temporary and permanent price impact of tweet valence and subject matter
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To add intraday actionability, we use AO’?‘E and Acg‘t, encapsulating the permanent and

temporary impacts of intraday tweets on firm value, as dependent variables to determine how
tweet valence and subject matter (consumer and competitor orientation) influence the impact
of tweets on stock price. To investigate whether tweet valence and subject matter drive the
price impact of tweet-trades, we estimate Equation (7):

Price Impactg; = a5 + B¢ + yiconsumers; + y,competitors + yzconsumer * —veg + 4
competitor x —veg; + ysconsumer * +ves; + yscompetitor * +veg + Y7 —vegy + Yg +Vegy

7
+ Zk — 1(kak,s,t + Est (7)
where Price Impactg, corresponds to Aogi or Acgit respectively for a tweet-trade t in stock s. ag

and {3, are stock and time fixed effects. We use the VADER rule-based algorithm (Hutto and
Gilbert, 2014) to determine the valence of the tweets. VADER out-performs other commonly
used benchmark methodologies such as LIWC, ANEW, and the machine learning algorithm
SVM in the literature as well as in our robustness tests. We also utilize Saboo and Grewal’s
(2013) library and follow their method in measuring the competitor (competitorg;) and
consumer (consumerg,) orientation for each tweet, which is in line with Atuahene-Gima
(2005) and Voss and Voss (2000). Consumer and competitor subject matter are dummy
variables equaling one when a tweet-trade’s content is about consumer and/or competitors. We
also study the interaction effects of these attributes; competitor * +ves;and
competitor x —veg, refer to positive valence tweets related to competitors and negative
valence tweets related to competitors respectively for a tweet-trade t in stock s, and
consumer * +veg; and consumer x —veg; refer to positive valence tweets related to
consumers and negative valence tweets related to consumers respectively for a tweet-trade t in
stock s.

To avoid omitted variable bias and to ensure completeness, the model also includes

Ckst» Which reflects a vector of known determinants of price impact based on past research in
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the market microstructure literature, as well as the natural logarithm of the number of an
account’s followers at the time of a tweet-trade t’s tweet (#followersg,). Cx ¢ includes the
natural logarithm of trading volume (Involumey,), the natural logarithm of average trade size
(Intradesizeg;), volatility (volatilitys,), effective spread (Effectivespreads;), the natural
logarithm of a high frequency trading proxy (HFTj.), and order imbalance (OIB;;). We measure
trading volume as the dollar volume of transactions executed in stock s prior to a corresponding
tweet-trade t. Average trade size is computed as the trading volume prior to tweet-trade t
divided by the number of transactions just prior to a corresponding tweet-trade t in stock s.
volatilityg, is the standard deviation of mid-point dollar price returns from the start of the
trading day up to the trade just before the corresponding tweet-trade t in stock s.
Effectivespreads, (in basis points) is computed as twice the absolute value of the last trade
price less the prevailing price mid-point prior to the corresponding tweet-trade t in stock s
divided by the prevailing price mid-point; price mid-point is the average of the prevailing best
bid and ask prices. HFTg, is the ratio of the number of messages (quotes, cancellations and
transactions) to actual transactions from the start of the trading day until prior to a
corresponding tweet-trade t in stock s. Finally, OIBg is the ratio of the difference between the
number of sell and buy orders and the average of both from the start of the trading day until
prior to a corresponding tweet-trade t in stock s. To eliminate outliers in the data due to the
characteristic noisiness of high frequency trading data, all variables are winsorized at 0.5 and
99.5 percentiles within each stock.

We estimate Equation (7) using both panel least squares and two-stage least squares
(2SLS) instrumental variable (IV) estimation approaches. PCSE errors are computed in order
to obtain heteroscedasticity and autocorrelation robust standard errors. The IV estimation is
undertaken in order to account for the likelihood of endogeneity due to selection bias caused

by firm decision whether or not to use Twitter (Gong et al., 2017). The instrumental variable
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approach we employ is based on approaches adopted by an increasing number of studies in
marketing literature (Whitler, Krause and Lehmann, 2018). For a particular firm in our sample
of S&P 500 IT firms, it involves first identifying the firms in the same two-digit SIC that have
sent a corresponding tweet on the prior or same day as the firm and then estimating the mean
value of the potentially endogenous variables (consumer and competitor orientation) for these
firms; the mean estimates are employed as an instrument for the particular firm. This variable
meets the requirements for an instrument because price impact in the other firms’ stocks is
unlikely to be driven by tweeting in the particular firm and tweeting activity can be shown to
be correlated for firms in similar industries. In each of the first stage regressions, we regress
each of the consumer and competitor variables separately on the corresponding instrumental
variables and the control variables defined above for each firm/stock and obtain the F-statistics
as tests of the null of weak instruments. The fitted values for each of the measures from the
first stage regressions are then employed as the variables in place of the consumer and
competitor orientation variables in the second stage regressions.

The first-stage F-statistics, testing the null of weak instruments, show that our IV model
does not suffer weak instrument issues. The test statistic is higher than the threshold of 10
needed for 2SLS inferences to be reliable when instrumenting for endogenous variables (Stock,
Wright and Yogo, 2002). We also conduct further tests to examine the instruments’ relevance
and the validity of the over-identifying restrictions in the IV regressions. The Cragg-Donald
and Kleibergen-Paap LM statistics we obtain reject the nulls of weak instruments and under-
identification, based on the Hausman, Stock and Yogo (2005) critical values respectively.
Essentially, these test the null hypothesis that the instruments we use have insufficient
explanatory power to predict the endogenous variables in the model for identification of the
parameters. All the p-values of the Sargan y? test obtained also indicate that we cannot reject

the null that the over-identifying restrictions are valid. All the 2SLS estimates for Equation (7)
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are presented in Table 6, while the results of the panel least squares estimations are presented
in Web Appendix H.
<Insert Table 6 about here>

The results presented in Table 6 show the importance of tweet valence and subject
matter in determining the permanent and temporary impact of tweets on firm value. The
existence of permanent and temporary price impacts associated with tweet attributes support
the signal theory perspective (Kirmani and Rao, 2000) and show that investors pay attention to
the tweet attributes of valence and subject matter. The estimates of permanent price impact for
y7 and yg are negative and statistically significant (-.063 p<.05 and -.108 p<.0,1 respectively).
This suggests that tweets displaying only one of positive or negative valence are linked to less
permanent price impacts in stock price. The positive and statistically significant y; and yg
estimates of the temporary price impact estimation also indicate that they are linked to
increasing temporary price impact (.032 p<.05 and <.033 p<.05, respectively), and suggest that
tweet valence generally contributes more noise to stock price than stock-relevant information.
The findings reinforce the role of positive and negative valence FGCs and their impact on firm
value (Tirunillai and Tellis, 2012; van Heerde, Gijsbrechts and Pauwels, 2015).

With respect to tweet subject matter, only tweets conveying information about
competitors generate statistically significant permanent price impacts (-.034 p<.05). On
average therefore, tweets about a firm’s competitors generate lower permanent price impact
relative to other tweets. Conversely, the positive and statistically significant estimates for y;
for temporary price impact (.026 p<.05) show that these types of tweets are more likely to
contribute to the noise component of price, i.e. they generate a larger temporary price impact
than other tweets on average. Thus, tweets conveying competitor orientation appear to result
in a lower permanent price impact, suggesting that this form of subject matter is comparatively

less impactful and relevant to investors’ expectations about a firm’s future performance (Lam,
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Kraus and Ahearne, 2010). It is of note that tweets about consumers do not yield any permanent
price impact that is statistically different from that of other tweets and thus by themselves do
not appear to offer a signal capable of causing investors to permanently update their firm
performance expectations. Consumer-related tweets, like those about competitors, also
generate more temporary price impact than other tweets on average, which suggests that their
potential for inducing noise in stock price is higher than that of the average tweet in our sample.
The y; and y, estimates of the temporary price impact are positive and statistically significant
(.009 p<.05 and (.026 p<.05, respectively). This finding implies that, as is the case with valence,
tweets reflecting only one of competitor or consumer orientation generate noise in the price
discovery or trading processes and lower permanent price impact.

Inferring from information-based market microstructure models (Kyle, 1985; Glosten
and Milgrom, 1985), the more information about a firm that investors observe, the more they
become informed about the valuation of the firm. In line with this expectation, the interaction

variables we include in Equation (7) should yield positive estimates for the Aofl; estimations.

As expected, all the y3, y4, Y5 and yg estimates of permanent price impact are positive and
statistically significant (.047 p<.05, .606 p<.01, .088 p<.05 and .220 p<.01, respectively), even
though, as already stated above, all of y4, Y2, Y7 and yg are negative and statistically significant
(except for yq). Thus, increases in both negative and positive valence, when viewed through
the lens of subject matter, are linked with increased permanent price impact. These estimates
show that tweet valence, when contextualized by subject matter or vice versa, is seen by
investors/traders as firm-relevant information. In the context of these findings, the
incorporation of valence and subject matter into FGC can yield increases in permanent price
impact.

Furthermore, the findings suggest that tweets about competitors with a negative valence

are likely to have the highest permanent price impacts (.606 p<.001). The finding is crucial
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from the perspective of marketing practice and intraday social media marketing strategy design
because valence and competitor subject matter as singular attributes of FGC are independently
associated with decreasing permanent price impact. The findings, underscore the view that
investors seek additional information while making trading decisions (Bhagwat et al., 2020;
Tellis and Wernefelt, 1987), and they are in line with classical market microstructure models;
for example, Kyle (1985) and Glosten and Milgrom (1985) emphasize the crucial importance
of information to price discovery in financial markets. This also confirms Li, van Dalen and
van Rees’ (2018) findings that information from microblogging platforms, such as Twitter,
impact investors’ decisions.

To illustrate the relevance of these findings, Figure 3 presents tweets A and B as
examples of FGC characterized by negative and positive valence, respectively, but not
containing any subject matter related to competitor or consumer orientation. Consistent with
the research findings, the permanent price impact estimates for the tweet trades corresponding
to both tweets are more than three standard deviations lower than the average permanent price
impact estimate and are thus below the 10™ percentile of the estimates; the estimates for the
negative and positive tweets’ tweet trades are .0017% and .0035% respectively. In contrast to
A and B, tweets C, D and E reflect varying combinations of both valence and subject matter.
The findings suggest that these tweets should generate significant permanent price impact, and
indeed the permanent price impact estimates for the tweet trades corresponding to tweets C, D
and E are above the 90™ percentile in our sample of tweet trades’ permanent price impact
estimates. The estimates are 3.74%, 2.84% and 1.32% for tweets C, D and E respectively.

<Insert Figure 3>

2;

st also

The effects of the tweet attributes we study on temporary price impact, Ac

deserve attention. The results suggest that the relationship between valence and temporary price

impact is generally magnified when combined with subject matter. For example, the y; and yg
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estimates, which capture the relationship between Aofit on the one hand and —veg;and +veg,

on the other, are positive and statistically significant (.032 p<.05 and <.033 p<.0,5

respectively), while the estimates for y3 and yg, which capture the relationship between Acsit
on the one hand and consumers; * —ve,, and competitors, * +ve,, on the other, a are also

positive and statistically significant (.072 p<.05 and <.077 p<.05, respectively). The latter set
of estimates is at least two times larger than the former. The overall implication of these
positive and statistically significant coefficient estimates related to temporary price impacts is
that, although tweets reflecting both valence and subject matter are likely to generate
permanent price impact, these attributes may also be associated with increased temporary price
impact. Thus, on average, tweets would inject noise (uncertainty) into the prices of stocks
traded in financial markets.

In conclusion, the estimates presented in Table 6 highlight the relevance of tweet
attributes for the price discovery process in financial markets and reinforce the importance of
studying the multifaceted nature of FGC (Kumar et al., 2016). We find that tweets, as with
many events observed in relation to trading in financial markets, generate both permanent and
temporary price impacts. However, while tweets containing singular attributes; either positive
or negative valence, or consumer or competitor orientation, readily inject noise into the price
discovery process and thus generate temporary price impact, those that include more than one
attribute generate permanent price impact, and thus generally enhance the efficiency of the
price discovery process.

Discussion

In this research, we examine the real-time impact of FGC on the variance of firms’
stock price. In the current fast-paced online communication landscape, marketers must
understand the financial impact of firms’ ‘always on’ marketing (Rust et al, 2021). The

assessment of FGC’s financial impacts, however, is in an early stage (Borah et al., 2020;
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Colicev et al., 2018; Rust el al, 2021). This research contributes to this emerging stream of
marketing research and addresses multiple calls for new methods able to develop real-time
insights from online data (Berger et al., 2020; Lamberton and Stephen, 2016; Moorman et al.,
2019; Wedel and Kannan, 2016). Employing the market microstructure approach to study S&P
500 IT firms’ Twitter activity, this study contributes to the marketing literature and practice.
Research contribution

This study offers several implications to marketing research. Firstly, aligning with the
work by Colicev et al. (2018), Borah et al. (2020) and Rust et al (2021), it advances our
understanding of FGC’s financial impact by providing an assessment of FGC’s impact on the
variance of stock price in real-time (i.e. seconds). By employing a market microstructure
approach, we show how to algorithmically link piece-by-piece FGC to time-specific trading
activity at a fine-grained level of analysis. In the process, we demonstrate the limitations of
low-frequency methodologies, such as daily event studies that are subject to aggregation bias
and which may yield bias estimates of the impact of FGC on firms’ financial outcomes, while
offering an alternative and more robust method of analysis for studying intraday marketing
activity. In our examination of the impact of FGC on variance, we fully utilize high frequency
transactions data characterized by unequal time intervals, and demonstrate how to retain data
that otherwise would have been eliminated in studies employing end-of-day stock price. By
doing so, we provide marketing researchers with a new approach that allows them to harness
the potential of online data.

Secondly, we distinguish between FGC’s temporary and permanent price impact.
Specifically, we show that FGC impacts investor expectations related to a firm’s future
performance, thus generates permanent price impact, and also injects uncertainty about a firm’s
value into its stock price, hence induces temporary price impact. Our research therefore, adds

a new perspective to the marketing literature stream on the financial impact of FGC. This
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assessment of FGC’s temporary and permanent price impacts adds richness to the examination
of marketing’s financial impact and enables the quantifying of the long- and short-term
financial impacts of marketing activity.

Finally, this research has implications for the design of intraday marketing strategies.
By examining FGC valence and subject matter (consumer and competitor orientation), we
advance a growing body of research documenting the complex nature through which marketing
signals impact financial markets and firm financial outcomes. We show that, in isolation, FGC
valence and subject matter are more prone to injecting uncertainty about a firm’s stock price
into the market, and thus they generate temporary price impacts, than permanently change
investors and traders’ belief about firm value. Holistically speaking, FGC valence and subject
matter both hold statistically significant and economically meaningful relevance for price
discovery in financial markets. In other words, they can influence investors’ expectations
related to firms’ future performance and thus result in permanent price impacts. Recent
research by Bhagwat et al. (2020) provides evidence of interactions between marketing signals,
this research shows that the interaction between FGC valence and subject matter can also
impact firm stock price.
Managerial implications

Thus far, firms have struggled to demonstrate financial accountability for the impact of
FGC on firm value (Colicev et al., 2018; Kumar et al., 2016;), or evidence its immediate
contribution to their financial outcomes (Magill, Moorman, Avdiushko 2019; Moorman and
Kirby, 2019). We provide marketing managers with evidence of FGC’s impact on the variance
in firms’ stock price. Specifically, we show that tweets can generate both permanent and
temporary price impacts. By selecting tweet attributes, such as valence and subject matter,
marketing managers can design Twitter content to generate varying degrees of permanent or

temporary impact. From a market quality perspective, firm managers should prefer tweets that
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generate a permanent price impact, and our research provides some useful indications on how
to achieve this outcome. We show that tweets expressing degrees of positive or negative
valence about either consumers or competitors generate a permanent price impact. We,
therefore, encourage marketing managers to design information-rich tweets concerning
consumers or competitors as well as reflecting valence. The results suggest that firms should
reflect valence and subject matter in their tweets if they would like their stock to be more
informative with respect to their value. Our analysis suggests that tweets about competitors
with a negative valence are likely to have the highest permanent price impacts. Thus, by using
the permanent price impact as a metric to evaluate the longer-term impact of tweets, social
media managers can design campaigns that have a sustainable impact on firm financial
outcomes. The design recommendations from this study complement Kanuri, Chen and
Sridhar’s (2018) work on social media content scheduling and Rust et al.” (2021) work on real-
time social media marketing, informing firms on which tweets to disseminate during a day for
long-term effectiveness. We recognize that not all intraday tweets will, nor should they, have
permanent impacts on firms’ stockprice. Some tweets are aimed at the creation of social media
‘buzz’, which is similar to the temporary price impacts we examine in this study. Firms can
achieve social media ‘buzz’ by disseminating tweets as the findings reveal that tweets, in
aggregate, mostly generate temporary price impacts. We urge caution, however, because
temporary price impact is linked with larger transaction costs (Chan and Lakonishok, 1993)
and increases in firm cost of capital (Diamond and Verrecchia, 1991). This suggests that the
benefits of designing tweets to generate ‘buzz’ and incorporate information into stock price
must be carefully managed. To support marketing managers in their intraday social media
strategy design, Table 7 is designed as a set of insights based on our findings.
<Insert Table 7 about here>

Limitations
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We conclude by encouraging future research to address the limitations of our empirical
study. One potential limitation of our analysis is its focus on firms belonging to the IT sector.
We recognize that these findings may not apply to other sectors. Future research could extend
our analysis to other sectors to confirm whether similar price impacts hold. Secondly, the
impact of the tweets could depend on whether Twitter was the first source through which a
firm released an important piece of news. Tweets could have been published in response to a
competitor’s tweet. In some cases, a firm’s tweet could lead to a number of successive tweets,
in which case the subsequent tweets might not be as impactful as the first. We do not discount
the possibility that there could be some carry-over or dampening effect in such situations. We
note that, if this is the case, it would be highly unlikely for the magnitude of the effects we
observe to occur, especially given the granular level of analysis that our market microstructure
approach entails. Thirdly, future work could explore high frequency data generated by firms’
use of FGC other than Twitter, such as Facebook posts, where it has been reported firms post
up to 80 times a day. It would be interesting to see if the effect of FGC across social media
platforms is consistent or whether it varies. In addition to social media, it would be useful to
examine firms’ use of other online communication tools, such as webpages and blogging
platforms, and to explore various types of FGC, including video content, and its characteristics
including emotions (Tellis et al., 2019). As Hewett et al. (2016) show, there is an array of online
marketing communication practices; future research could therefore study the ‘echoverse’ at a
fine-grained level of analysis. Finally, we note that market microstructure can be applied to
study user-generated content (UGC) in future research. We welcome future research that
addresses the following questions: what is the real-time impact of UGC on firm value? What
are the UGC attributes capable of generating permanent and temporary price impacts? Are they
the same as FGC attributes, or do they differ? Our research highlights the importance of

interaction effects when examining the impact of FGC attributes on firm value; therefore,
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investigating the optimal mix of UGC attributes capable of generating temporary and

permanent price impacts should be an interesting endeavor.
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Table 1. Twitter data sample

No. of Min. no. | Max. no. | Average Sinele No. of | No. of
S&P 500 IT No. of ) of of no. of & tweets days
tweet tweet
firm tweets davs tweets tweets tweets days (%) exclude | exclud
Y per day | per day | per day YSU0) | g ed*
Red Hat 3,102 | 204 2 155 15.13 0 20 25
DXC 2239|155 |3 30 1435 |0 5 8
Technology
CA 3,052 | 232 1 69 13.09 0.26 0 27
Cognizant 3,094 | 294 1 32 10.48 0.65 34 36
Oracle 3,187 | 331 1 105 9.59 0.85 20 24
F5 Networks 3,041 | 355 2 32 8.54 0 15 30
Gartner 3,229 | 393 1 85 8.19 0.77 16 24
FLIR Systems | 3,228 | 413 1 30 7.79 1.33 29 27
ANSYS 3,141 | 425 1 42 7.37 1.97 22 20
PAYCHEX 3,072 | 428 1 68 7.16 1.46 10 30
*Excluded because of excessive return volatility.
Table 2. Trading data descriptive statistics
Before cleaning
Messages Transactions Orders
8,182,063,205 522,403,178 7,659,660,027
After cleaning**
8,177,183.865 | 520,356,393 | 7,656,827,472
Percentage of trading data removed from the sample after data cleaning
.06% | 39% | .04%

**Data cleaning is completed using the criteria outlined by Chordia, Roll and Subrahmanyam(2001) and
Ibikunle (2015).
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Table 3. Descriptive statistics of tweet activity

Tweets per day per firm

Mean number of tweets per
day per firm

Minimum number of tweets
per day per firm

Maximum number of tweets
per day per firm

.844

.00

6.79

Tweets per firm

Mean number of tweets per

Minimum number of tweets

Maximum number of tweets

firm per firm per firm
2,377.22 30.00 3,040
Tweets per day
Mean number of tweets per Minimum number of tweets Maximum number of tweets
day per day per day
54.03 0.00 353.00

Table 4. Permanent and temporary components of price: descriptive statistics

Price component Mean Median St. Dev. Minimum Maximum
Temporary  price | .011 .008 .009 .000 297
component ciit

Permanent  price | .055 .010 .048 .000 .644
component (Gi‘;)

Table 5. Ratios of the price impact of tweet-trades to the price impact of other trades

Price Impact; 60-second threshold 45-second threshold 30-second threshold
Temporary price impact | 279.67*** 230.12%** 222, 55%*%*

(ac?) (7.51) (9.58) (10.23)
Permanent price impact | 146.83%** 178.87%*%* 189.04%**

(ac?) (4.33) (3.21) (5.17)

**% Statistical significance at the 0.001 level
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Table 6. Permanent and temporary price impact and tweet valence and orientation

Page 46 of 66

Permanent price impact

Temporary price impact

Variables ( A 05\;) ( A Gfit ) Key findings
consumer -.007 .009** Consumer-related tweets are, on average, associated with a
St (1.06) (2.39) larger temporary price impact relative to other tweets.
o o Competitor-related tweets are, on average, associated with a
: -.034 .026 . .
competitorg (2.03) (2.46) larger temporary price impact and lower permanent price
’ ’ impact relative to other tweets.
—ve,, -.063%* .032%*
S,
(2.37) (2.46) Negative and positive valence only tweets are associated with
increasing temporary price impact and decreasing permanent
108k 033%* price impact.
_|_
Vest G.11) (2.20)
s o
Tweets reflecting both valence and subject matter are
associated with increases in both permanent and temporary
competitorg * —ve, 6067 ** O11** price impact. The increase in permanent price impact contrasts
' (3.69) (2.09) the decrease in permanent price impact that tweets with only
one of valence and subject matter are associated with.
.+ .088%* .019%* . .
CoONSumers * TVeg, (2.10) 2.21) Except for tweets reflecting negative valence and consumer
' ' orientation (consumers, x —ve, ), permanent price impact
is more pronounced than temporary price impact.
competi 220%%* 077%*
petitorg; * +veg, (4.88) (2.43)
Involume -.039%** -.034%%* Increases in firm stock trading activity are linked with
st (-4.51) (-6.68) reductions in both permanent and temporary price impacts.
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. .089*** 061 %** Larger firm stock trade sizes induce larger permanent and
Intradesizeg; o
’ (6.64) (7.25) temporary price impacts.
volatility - 123%%* 015%* Firm stock volatility is linked with increasing temporary price
st (-3.62) (2.13) impact and is decreasing permanent price impact
. 241%* 014%* Deterioration in firm stock liquidity is associated with
Effect d
echvespreats (2.66) (2.06) increasing permanent and temporary price impact.
Algorithmic and high frequency trading is linked with
1 -.000 =021 %** . L :
nHF T decreases in temporary price impact; its effect on permanent
(--26) (-3.83) o ) .
price impact is benign.
OIB =37 .046** Order imbalance is linked with reductions in permanent price
St (-6.89) (2.39) impact and increases in temporary price impact.
The number of followers of firm’s twitter accounts amplifies
1 -.082%* .037%* . .
n#followerss the propensity for tweets to generate larger temporary price
(-2.43) (2.43) . L
impact and reduce permanent price impact.
R2 35 49
Observations 139,997 139,997
Tests the null that the employed instruments have insufficient
Kleibergen-Paap LM 31.32%%* 110.24%** explanatory power to predict the endogenous variables in the
model for identification of the parameter
Cragg-Donal 79 g 88 66%** t]; istts the same null hypothesis as the Kleibergen-Paap LM
Sargan’s y? p-value 37 46 Tests the null that the over-identifying restrictions are valid
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Table 7. Suggested insights for marketing managers
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Permanent Temporary Research Expected | Interaction | Permanent | Temporary | Research Findings
Price Impact | Price Impact Findings Recommendation | outcome effects Price Price
Impact Impact
Add subject
matter (e.g. Increased Positive
Positive Positive and competitor permanent | valence & Interaction of
Valence @ G negative orientation such price competitor ﬁ valence and
valence-only | as ‘competition’, impact orientation — subject matter
® FGC ‘peer’) increases/generates
% contributes permanent price
= to more Add subject impact and
g noise in a matter Increased | Negative amplifies
Negative firm’s stock (e.g. consumer | permanent | valence & temporary price
Valence @ ﬁ prices orientation such price consumer G ﬁ impact. Permanent
as ‘customer’, impact orientation == price impact is
‘consumer’, more pronounced
‘buyer’) than temporary
Subject Add valence (e.g. | Increased Positive price impact. The
Consumer matter-only | positive valence | permanent | valence & financial
_ | Orientation % ﬁ FGC such as ‘help’, price consumer G G implication of
bt contributes | ‘solution’, ‘best’) impact orientation ———| these outcomes is
§ to the noise elicited a reduction in the
E component | Add valence (e.g. | Increased | Negative transaction and
g Competitor inafirm’s | negative valence | permanent | valence & G firm capital costs.
Orientation @ ﬁ stock prices | such as ‘attack’, price competitor G
‘stop’,  threat’) impact orientation —

=== No price impact;<J{Jl-Negative impact on stock price component; <{I~Positive impact on stock price component; Q Increased
positive impact on stock price component
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Figure 1. A high frequency approach to FGC dissemination on the example of IT firms’ activity on
Twitter

Adobe @ @Adobe - Nov 1, 2019 w
We asked you to share what inspires you maost, what you
do when you're creatively stuck, and everything in
betwean. Chack out a collection of responses at our
Twitter Moment to get your creative juices flowing into
the weekend. bit.ly/237Tm0b #AdobelnspoEngine
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@ Adobe @ @Adobe
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If you're feeling stuck, burnt out, or
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o o @1 a fingertips, and FONTS has been a big missing gap until
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the thread below and share what makes you feel creative.
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CA Technologles & @CAinc - Jan 24, 2018 v o2 o © asa
Have you lost trust in tech?
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Show this thread
(@MikeGregoireCA explores how to rebuild consumer trust at this

year's #WEF 18: ow.ly/ FTvuSOgeE4| #WEF #Davos #smarteconamy Adobe @ @Adobe - Nov 1, 2019 o
Replying to @Adobe
What type of food fuels your creativity?
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Raman 25.8%
30 Doughnut 13.9%
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Figure2. Examples of tweets characterized by valence and subject matter (consumer and
competitor orientation)

w w w w
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40 A .Negative valence tweet B. Positive valence tweet
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A colorful metropolis bustling with respect, love, hope

We see letters every day, but not like this. Graphic 8 pride: adobe.ly/2sR)1Wo #DiversitylsBeautiful

designer Micaela PodrZaj reimagines the ordinary:
adobe ly/2CT7{Sv
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C.Consumer orientation D. Competitor orientation

® Adobe &

Say goodbye to unwanted objects with #Proje: a
sneak *echwo\og\ hat Ieverajes content-aware fill for
video. adobe.ly/2s

@

Living brands respond to, learn from & anticipate
customer needs. Find out what sets living brands apart
& why they're living up to customer expectations:
adobe.ly/2JEG8q

Adobe

E.Negative valence and consumer orientation F.Negative valence and competitor orientation

G Gartner @

A Cadence @

@Cadence
Gartner: Minimize the #Risk of Making Mistakes by

Avoiding 10 Common Pitfalls gtnr.it/2x8Glry See how Cadence is partnering with the defense
#GatnerSEC #security #infographic department to prevent expensive electronic hardware

mistakes in mission critical design: goo.gl/ezhb9z

INFOGRAPHIC

10 Common Security Awareness
Mistakes and How to Avoid Them

¢ U N

smarter with Gartner

G Positive valence and consumer orientation ~ H.Positive valence and competitor orientation

0 Fiserv

us at #PAYMENT ] and see voice banking with
zon Alexa, plus other salutions for intelligent

G GartnerQ vee
Gartner Identifies Five Steps Security Leaders Can
Implement to Create A Better Customer Experience for

Their Business Executives. gtnr.it/2M7KaRm

#QGartnerSEC

Figure 3. Examples of tweets generating temporary and permanent price impacts

A 3 Xerox @ . B ° Cognlzant@
o @Cognizant

Remaining cost competitive is one of the g'ﬂa est

50% of #insurance processes are improved with
challenges in digital printing. x

#digitaltransformation. cogniz.at/2f3sZVc

m Alliance Data @AllianceData - 21 Feb 2017 o D Gartner @
/'\ Why did @GNCLiveWell select @EpsilonMktg @AgilityLoyalty for i
I\ BGartner.inc

loyalty marketing? Find out here: o EEANE

Gartner |dentifies Five Steps Security Leaders Can

Read the latest press relesses from Epsilon Implement to Create A Better Customer Experience for
Their Business Executives. gtnr.it/2M7KaRm
#GartnerSEC

E Eo’gnizantﬂ
@Cognizant

90% of execs say #blockchain is critical to their

company's future. Learn more. )
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Web Appendix A. Sample of high frequency Twitter data generated during June 2018 by

S&P 500 IT firms
S&P 500 firm No. of | ¢ p 500 firm No. of | e p 500 firm | Mo Of
tweets tweets tweets

Accenture 55 F5 Networks 253 NVIDIA 56

Activision Blizzard 20 Facebook 75 Oracle 156
Fidelity National

Adobe 127 Information 76 Paychex 155
Services

Akamai 58 Fiserv 51 PayPal 46

Alliance Data Systems 8 FLIR Systems 188 Qorvo 32

Automatic Data 53 Gartner 226 | QUALCOMM | 68

Processing

Alphabet A (ex. Google) | N/A Global Payments 13 Red Hat 394

Alphabet C (ex. Google) | N/A Harris 71 Salesforce 131

AMD 55 HP 2 Seagate 35

AMPHENOL N/A Hewlett- Packard 61 Skyw_orks 9
Enterprise Solutions

Analog Devices 76 IBM N/A Symantec 163

ANSYS 151 Intel 35 Synopsys 73

Apple N/A Intuit 26 TE Connectivity | 35

. . . Texas
Applied Materials 15 Juniper Networks 49 Instruments 73
Autodesk 62 KLA-Tencor 17 | TheWestern 5,
Union Company
Broadcom 18 Lam Research 80 Time Warner N/A
CA 490 Mastercard 83 TO@ System 45
Services

Cadence Design 27 Microchip 128 Twitter 6

Systems Technology

Cisco 117 Micron Technology | N/A VERISIGN 16

Citrix Systems 118 Microsoft N/A Visa 6

Cognizant 315 Motorola Solutions | 96 Western Digital | 53

Corning 43 NetApp 247 Xerox 80

DXC Technology 537 Netflix 136 Xilinx 76

Electronic Arts 151 Newell Brands 31

N/A Data not available for June 2018
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Web Appendix B. Low-frequency methodologies: event studies and standard vector autoregressive (VAR) models

change based on
time series of
first differences
of the logarithm
of stock prices

subtracting post-event stock from
pre-event expected stock return
based on estimates of the expected
returns as a function of risk factors
that reflect the general stock
market, size, the relative
importance of intangibles (book-to
market ratio), and momentum

length treated as equal

Theory Firm Value Estimation Method Time Treatment Counterfactual
Metric(s)
Level stock Stock return measure based on Discrete with time interval Quasi-experimental using pre-
Low- Efficient return change subtracting post-event stock from | length treated as equal event price over a pre-determined
frequency | market within a pre-event expected stock return period as counterfactual
event hypothesis specified event based on estimates of the expected
study window (usually | returns as a function of risk factors
days) that reflect the general stock
market, size, the relative
importance of intangibles (book-to
market ratio), and momentum
VAR Smoothed level Stock return measure based on Discrete with time interval Quasi-experimental using pre-

and post-event return as
counterfactual in testing whether
the return goes back to the mean,
and how long it takes for the
model to go back to the mean
‘dust settling period’
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Web Appendix C. Daily event study methodology

The daily event study methodology assumes that any change in stock price occurs due
to the arrival of new information (e.g. FGC/ tweet) (Sharpe, 1964; Fama, 1998). We use Web
Appendix F describing the number of tweets sent by S&P 500 IT firms in our sample during
the period under investigation. This reveals that the average number of tweets per day for all
firms is greater than one. As shown in Web Appendix F, with the exception of KLA-Tencor
(56.67%), all firms in the sample disseminate multiple tweets in a day. If the problem of linking
FGC with firm value was to be examined by employing an event study methodology, marketing
researchers would be bound to compare the end-of-day stock price on the day of a single tweet
with the expected stock price estimated over a period of time in the past to calculate an
abnormal stock return. The abnormal stock return would then be tested for significance in
determining whether FGC (i.e. a tweet) impacts firm value.

An important requirement for ensuring internal validity of the event study analysis is
the removal of information events, such as tweets, other than the focal one on the event day or
a window of time surrounding the event day. Considering our sample, this would severely
reduce the sample size. With the exception of one firm, firms from our sample would have
approximately 50% of their tweets removed from the examination. In fact, only 11.47% of the
actual tweeting activity would be analyzed. In comparison, the sample size reduction with the
microstructure approach involves tweets excluded due to excessive return volatility. As shown
in Web Appendix F on average, 18.42 tweets per firm are excluded from the sample, which
represents.77% of the total sample.

The microstructure approach enables marketing researchers to access high frequency
data with little to no sample size reduction. This is because the microstructure approach
investigates the impact of an event at a fine-grained level of analysis. This then allows us to

differentiate tweets that generate temporary and permanent price impacts. This is critical
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because intraday tweets, like most data generated at high frequency, are largely noisy. To
illustrate this point, we use state-space modeling, as previously outlined. We obtain Gi‘é from
the decomposition of the price of stock s at t = 60 seconds and employ it as an inverse measure
of noise in the price discovery process, i.e. a direct measure of pricing efficiency, in the
following regression to check whether tweets inject noise into the price discovery process or
generally aid it:

2
osi=ag + Be + ytweetge_q + Yioq SkCicse + Esy (W1)

where tweet_,is a dummy variable equalling 1 if a tweet occurs during time t-1, and ag and
B¢ are stock and time fixed effects. All other variables are as previously defined. Standard errors
are robust to heteroscedasticity and autocorrelation. There are two key differences between the

earlier estimated Equation (9) and Equation (W1). Firstly, Equation (W1) is a predictive

2y

regression estimating the predictive power of tweets for o,

and, secondly, y in Equation (W1)
captures the full effects of all tweets in a single coefficient — unlike the series of coefficients

included in Equation (9), which captures the effects of tweets with various attributes on price
impact estimates, Aoi‘% and Aciit.

Table W1 presents Equation (W1)’s estimated coefficients. The results show that there
is a statistically significant negative relationship between the efficiency of the price discovery
process and the average tweet. Specifically, the coefficient for tweets,_; (y) is negative and
highly statistically significant (-8.00x1077, p<.01). This suggests that an average tweet injects
noise into the price discovery process. Most of the tweets are therefore ‘noisy’. While
exploiting high frequency intraday data, the microstructure approach allows for the relative
impact of each tweet and its permanent or temporary price impact to be captured. This in turn
allows us to capture the information signal and differentiate it from noise in the average tweet

without compromising sample size.
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Table W1. The effect of tweeting on the efficiency of the price discovery process

Variables Coefficient estimates

tweetg¢_q -.008%**
(-5.78)

Involumeg -.006***
(-5.16)

Intradesizeg ¢ -.010%**
(-5.71)

volatilityg ¢ 237HFE
(6.73)

Effectivespreads 589%**
(5.90)

*** Corresponds to statistical significance at the 0.01 level.

Another drawback to the event study methodology is the level of analysis. The event
day focuses on the end-of-day price, but firms produce FGC throughout the day and there are
respective prices throughout the day that align with each intraday FGC. The end-of-day price
may not necessarily be reflective of the price reaction to the intraday event in question.

A third restriction of the event day for studying intraday marketing multi-activity is the
abnormal return measure used to describe the marketing impact. The event study makes no
distinction in describing the effect of marketing activity, other than whether the effect is
statistically significant and its directional impact. The microstructure approach distinguishes
between information capable of generating permanent price impacts and temporary price

impacts. By doing so, the microstructure adds new financial measures to the marketing-finance

interface discussion.
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Web Appendix D. How heterogeneous trading agents in financial markets enable the
permanent and temporary price impacts of FGC

The ability of trading agents (traders, investors etc.) in financial markets to observe and
effectively decipher information events, such as FGC (including their attributes such as valence
and subject matter), in a timely manner varies significantly. This variation in ability to observe
the information content of events is underscored based on the existence of heterogeneously
informed agents in financial markets (Glosten and Milgrom, 1985); in the classical market
microstructure literature, these are classified into two broad groups: informed and uninformed
traders (see, as an example, Grossman and Stiglitz, 1980). Informed traders’ trading activity
conveys information to the market and therefore is linked to permanent price impact, while
uninformed trading activity is linked with temporary price impact.

Informed traders are typically modeled as investing in the acquisition of information,
which they then trade with for profit by adversely selecting uninformed traders (O’Hara, 2003).
This is not necessarily negative because both informed and uninformed traders are crucial to
the price discovery process in financial markets. Specifically, informed trading activity is
needed for price discovery, while the presence of uninformed traders in financial markets, who
can be taken advantage of, incentivizes informed traders to acquire the information with which
they subsequently trade. Once the information held by informed traders is incorporated into
price, a revealing equilibrium ensues, leading to a more efficient price (O’Hara, 2003). This
process occurs at high speeds and a vast number of times throughout the average trading day
in the global financial market.

The heterogeneous nature of market participants suggests that only informed traders
will invest the necessary resources required to decipher their relevance for their linked
securities. In a market driven by algorithmic trading, this suggests investment in the

technological apparatus necessary to analyze the information and its content at high speed and
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subsequently to incorporate the information they convey into trading decisions. Thus, an
informed trader is likely to be an institutional trader, such as an investment bank’s algo trading
desk or asset manager, while an uninformed trader could be the average retail trader trading
through a broker app, such as Robinhood. This is the reality of trading in the US, European and
several Asian markets today. Hence, if an event (e.g. FGC) contains information relevant to
the value of a firm, only a rather small section of the market will observe that information and
exploit it in a timely manner, while the rest of the market only becomes wiser with the
attainment of the inevitable revealing equilibrium, i.e. permanent price impact. Prior to the
revealing equilibrium, a large section of the market will largely conduct trading uncorrelated
with the firm’s value and thus generate a temporary price impact. This explains why both
temporary and permanent price impacts could be observed around the release of an
information-conveying event like a FGC. It is important to note that the price impact of FGC,
or any event, cannot be estimated without trading; it is trading activity that incorporates the
information or noise content of an event into price. Hence, approaches for documenting the
effect of the stock price impact of FGC will inevitably capture both the temporary price impact,
due to uninformed trading activity, and permanent price impact, due to informed trading

activity.
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Web Appendix E. FGC and its impacts

content richness

Reference FGC Attributes Performance Metric Estimation Level of Findings
Approach Analysis
Kumar et al. Valence — Consumer metrics: Propensity score N/A FGC has a positive and significant effect on
(2016) *** positive or consumer spending matching (PSM); consumer behavior, including spending and cross-
negative (transaction value of difference-in- buying behavior
sentiment consumer to the firm), | differences (DID)
cross-buying (number | analysis The effects of FGC valence, receptivity and
Receptivity — of different product consumer susceptibility are significant, although the
consumers’ categories consumer effect of receptivity is the greatest.
response to social | purchased) and
media messages consumer profitability
(in-store transaction)
Consumer
susceptibility —
consumers’
predisposition
towards using
social media
Colicev etal. | Volume —number | Consumer mindset VAR Daily FGC increases brand awareness and consumer
(2018) *, ** of FGC pieces metrics; brand satisfaction, but not purchase intent
awareness, purchase
intent, consumer Consumer satisfaction (along with purchase intent)
satisfaction positively affects shareholder value
Shareholder value:
abnormal returns,
idiosyncratic risk
Colicev, Valence — Marketing funnel VAR Daily FGC has a strong relationship with consideration and
Kumar and positive or stages (awareness, purchase intent
O’Connor negative consideration,
(2019) * sentiment purchase intent and
Vividness — satisfaction)
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ranging from text
to video

Hewett et al. Volume — number | Volume of word-of- VAR Weekly High-volume, consistent, moderately toned FGC
(2016) *, *** | of FGC pieces mouth, helps manage word-of-mouth, and lift consumer
Valence — consumer sentiment, sentiment and firm outcomes
positive or advertising spend
negative
sentiment
Tellis et al. Emotional versus | Virality —a number of | Mixed-effects N/A Information-focused content has a significantly
(2019) informational views in a short time regression model negative effect on sharing, except in risky contexts
content period due to sharing
Emotional ads are shared more on general platforms
60 ad (Facebook, Google, Twitter) than on LinkedIn, and
characteristics the reverse holds for informational ads
Meire et al. Emotional versus | Sentiment of consumer | Generalized linear | Daily Emotional FGC has a positive and significant
(2019) * informational digital engagement — mixed-effects influence on consumers’ sentiment regardless of the
message positive or negative model event outcome
valence
Informational FGC, more so than emotional content,
improves the sentiment of consumers’ digital
engagement following the negative event
Borah et al. Improvised Virality — the number | DID, panel Daily Humorous FGC has positive effects on virality and
(2020) marketing of shares of a regression, event firm value
intervention (IMI) | marketing message study
— humorous
message Abnormal stock

market returns

* In addition to FGC, UGC was examined.
** In addition to FGC, earned media was studied.
*** Synergic effects of FGC with offline communication, e.g. TV advertising, and email communication, e.g. press releases, were also studied.
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1

2

2 Web Appendix F. Twitter data sample

5 The table reports the frequency statistics for a sample of tweets generated between January 8™ 2013 and August 17% 2018 for 64 S&P 500 IT firms with stocks included in the
6 S&P 500 index. The tweets and associated data are obtained using an Application Programming Interface (API) to scrape them from Twitter.

7 -

8 No. of No. ~of | Min.  no. | Max. no. | Average no. Single tweet | No. of tweets | No. of days
g S&P 500 firm tweets tweet of tweets | of tweets | of tweets per days (%) excluded* excluded*
10 days per day per day day

11 Accenture 3,046 603 1 39 5.05 3.58 28 27
12 Activision Blizzard 317 171 1 11 1.84 30.6 6 34
13 Adobe 2,168 438 2 23 4.93 0 58 34
14 Akamai 3,103 847 1 55 3.65 3.54 25 28
15 Alliance Data Systems 3,189 790 1 96 4.03 9.09 32 29
16 Automatic Data Processing 1,245 554 1 33 2.24 19.92 0 25
17 Alphabet A (ex. Google) N/A N/A N/A N/A N/A N/A N/A N/A
18 Alphabet C (ex. Google) N/A N/A N/A N/A N/A N/A N/A N/A
19 AMD 2244 1,033 |1 24 2.17 21.57 1 10
2 AMPHENOL 33 21 1 4 15 4242 1 19
2 Analog Devices 3,220 607 1 40 5.29 2.64 26
23 ANSYS 3,141 425 1 42 7.37 1.97 22 20
24 Apple N/A N/A N/A N/A N/A N/A N/A N/A
25 Applied Materials 3,201 1,080 1 48 2.12 27.73 25 33
26 Autodesk 2,943 859 1 44 342 1.29 36 28
27 Broadcom 2,871 1,136 1 29 2.52 19.23 38 34
28 CA 3,052 232 1 69 13.09 0.26 0 27
29 Cadence Design Systems 3,241 1,052 1 28 3.07 9.66 28 29
30 Cisco 2,568 [ 719 1 33 3.56 3.35 22 33
g; Citrix Systems 2,603 | 439 1 75 591 0.92 32 33
33 Cognizant 3,094 294 1 32 10.48 0.65 34 36
34 Corning 3,030 875 1 32 3.45 7.66 32 32
35 DXC Technology 2,239 155 3 30 14.35 0 5 8

36 Electronic Arts 2,109 541 1 43 3.89 2.7 0 28
37 F5 Networks 3,041 355 2 32 8.54 0 15 30
38 Facebook 240 84 1 19 2.82 14.17 0 29
39

40

41

42

43 Journal of Marketing

44

45
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Fidelity National 3,067 | 698 1 47 438 5.09 14 24
Information Services

Fiserv 3,151 768 1 26 4.09 5.59 19 31
FLIR Systems 3,228 413 1 30 7.79 1.33 29 27
Gartner 3,229 393 1 85 8.19 0.77 16 24
Global Payments 1,920 874 1 25 2.19 23.28 26 24
Harris 3,201 843 1 20 3.79 5.19 21 22
HP 1,052 644 1 6 1.63 37.07 21 32
Hewlett Packard Enterprise 1,434 541 1 16 2.64 8.3 15 13
IBM N/A N/A N/A N/A N/A N/A N/A N/A
Intel 989 393 1 40 2.51 20.02 22 39
Intuit 2,213 943 1 37 2.34 19.84 17 27
Juniper Networks 3,030 949 1 21 3.18 5.21 26 34
KLA-Tencor 2,106 1,597 1 5 1.31 56.17 35 28
Lam Research 3,228 942 1 25 3.42 4.89 27 31
Mastercard 3,157 545 1 38 5.78 2.25 26 25
Microchip Technology 2,710 451 1 21 5.99 0.15 28 24
Micron Technology N/A N/A N/A N/A N/A N/A N/A N/A
Microsoft N/A N/A N/A N/A N/A N/A N/A N/A
Motorola Solutions 2,470 531 1 63 4.64 3.12 18 26
NetApp 2911 416 1 37 6.98 0.55 21 32
Netflix 1,599 269 1 50 5.92 1.19 25 36
Newell Brands 3,206 1,257 1 40 2.54 20.02 14 27
NVIDIA 2,893 778 1 92 3.71 7.43 19 35
Oracle 3,187 331 1 105 9.59 0.85 20 24
Paychex 3,072 428 1 68 7.16 1.46 10 30
PayPal 2,191 806 1 37 2.71 13.56 15 17
Qorvo 1,682 1,082 1 7 1.55 39.42 17 19
QUALCOMM 2,162 716 1 25 3.01 10.36 25 34
Red Hat 3,102 204 2 155 15.13 0 20 25
Salesforce 1,516 297 1 22 5.08 1.39 23 28
Seagate 1,140 441 1 15 2.57 11.05 0 30
Skyworks Solutions 1,296 707 1 8 1.83 31.48 22 26
Symantec 3,065 452 1 36 6.76 2.35 19 40

Journal of Marketing

Page 62 of 66



Page 63 of 66

oNOYTULT D WN =

Synopsys 3,228 1,402 1 56 2.30 20.79 19 30
TE Connectivity 3,020 1,196 1 27 2.52 12.42 21 25
Texas Instruments 2,987 621 1 25 4.80 2.98 0 28
The Western Union 212 124 1 20 1.69 3538 2 31
Company

Time Warner N/A N/A N/A N/A N/A N/A N/A N/A
Total System Services 3,224 972 1 28 3.31 6.27 20 28
Twitter 589 316 1 18 1.85 29.71 2 27
VERISIGN 3,160 731 1 20 431 427 16 19
Visa 241 146 1 9 1.63 41.91 7 29
Western Digital 1,241 411 1 48 3.01 13.54 0 25
Xerox 2,901 894 1 34 3.24 1.96 24 21
Xilinx 3,093 672 1 2 1.00 2.55 18 29

*Excluded because of excessive return volatility.
N/A: data not available due to API restrictions or companies not having established Twitter accounts.
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Web Appendix G. Robustness analysis: the impact of FGC on stock returns

As an extension to the results of the comparative analysis of the impact of FGC, for robustness,
following Frino, Jarnecic and Lepone (2007) we estimate the percentage return/price impact
for each tweet-trade. We find that, on average, a tweet-trade has a mean permanent price return
0f 0.74%, with a median return of 0.05%. A few tweet-trades yield much higher returns, which
explains the average being higher than the median. As a comparison, the price impact of block
trades (which are typically highly informative — indeed these large trades generate the most
intraday impact) estimated using the same measures as in Frino, Jarnecic and Lepone (2007)
range from.14% t0.40% and in Sun and Ibikunle (2017) they range from.011% t0.020%.
Comparing these return estimates with similar estimates from the investigations conducted by
other studies further underscores the extent of the impact tweets can have on firm value,
especially considering that our estimates are based on 60-second or shorter event windows.
Nevertheless, such a consideration of the economic impact of tweets provides an incomplete
picture of FGC’s impact on price because it ignores the significant temporary price impact,
which can increase the cost of capital and costs associated with trading a firm’s stock (Diamond
and Verrecchia, 1991; Chan and Lakonishok, 1993). A holistic understanding of the permanent
and temporary price impacts of FGC alongside its economic impact provides a more robust

and complex understanding of marketing’s financial impact.
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Web Appendix H. Permanent and temporary price impact and tweet valence and orientation;

panel least squares

Permanent price impact

Temporary price impact

Variables ( Ag2u ( AG?i )

st st

-.004 .005%*

consumeryg (1.13) (2.36)

_ -.063%* 014%*

competitorg (2.24) (2.39)
e -.086%* .029%*

st (2.42) (2.45)

ve -.098**x* .030**

st (3.09) (2.18)

029% 065%*

consumerg; * —Veg ¢ (1.83) (2.41)
_ S15%** 009**

competitorg * —veg (3.62) (2.01)
082** 023%*

consumerg * +Veg ¢ (2.04) (2.39)
_ d61¥** 068**

competitorg * +veg (4.79) (2.40)
-.039%*x* .01 8%**

lnvolumeslt (-4.50) (-5.97)

_ 086%** 030%**

Intradesizeg ¢ (6.33) (6.34)

N - 1145 014%%

volatilityg (-3.55) (2.13)

sk ek

Effectivespreadg .?2128) E) 1038)
-.000 -0 3%**

InHFT; ¢ (-0.25) (-3.80)
-.370%** .045%*

OIBs (-6.85) (2.40)
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- ok ok

In#followers (-?27‘3‘5) .(02327)
R? 34 46

Observations 139,997 139,997

Kleibergen-Paap LM (tests
the null that the employed
instruments have insufficient
explanatory power to predict
the endogenous variables in
the model for identification of
the parameters)

Cragg-Donald  (tests  the
same null hypothesis as the
Kleibergen-Paap LM test)

Sargan’s y’ p-value (tests the
null that the over-identifying
restrictions are valid)
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