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Abstract
Social broadcasting networks facilitate the public exchange of information and contain a large
amount of stock-related information. This data is increasingly analyzed by research and practice to
predict stock market developments. Insights from social broadcasting networks are used to support the
decision-making process of investors and are integrated into automatic trading algorithms to react
quickly to broadcasted information. However, a comprehensive understanding about the influence of
social broadcasting networks on stock markets is missing. In this study, we address this gap by
conceptualizing and empirically testing a model incorporating three dimensions of social
broadcasting networks: users, messages, and discussion. We analyze 1.84 million stock-related
Twitter messages concerning the S&P 100 companies between January and April 2014 and
corresponding intraday stock market data from NYSE and NASDAQ. Our research model is
constructed applying factor analyses and tested using a fixed effects panel analysis. The results show
that the influence of social broadcasting on stock markets is driven by the message and discussion
dimensions whereas the user dimension has no significant influence. Specifically, the influence of user
mentions, financial sentiment, discussion reach, and discussion volume has the largest impact and
should carefully be considered by investors making trading decisions.
Keywords: Social Broadcasting Dimensions, Stock Market Activity, Panel Analysis, Decision Support.

1

Introduction

Social broadcasting networks, such as Twitter, empower a large number of users to act as content
providers delivering information to the public (Shi et al., 2014). Users share messages containing their
opinions and thoughts about certain topics and reveal how they are connected to each other. Thus, the
user activities provide a continuous stream of valuable information that can be analyzed in real-time
and at low cost (Dellarocas, 2003). In this regard, research on social media has found that information
shared on social broadcasting networks can be used to predict election results (Tumasjan et al., 2010),
box office revenues (Rui et al., 2013), and even disease outbreaks (Signorini et al., 2011) and can also
have an impact on economic outcomes (Granovetter, 2005). Social broadcasting messages regarding
the public’s interest in financial topics can be deployed to enhance the understanding of stock market
participants’ behavior (Preis et al., 2013). The predictive power of user-generated content on stock
markets has firstly been shown by research on online discussion boards (Antweiler and Frank, 2004).
With the rise of social media, research also investigated whether information derived from social
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broadcasting can be used to predict developments at stock markets (e.g., Bollen et al., 2011; Oh and
Sheng, 2011; Sprenger et al., 2014b).
The impact of social broadcasting on stock markets has been shown in several events when
broadcasted information led to significant price changes at the markets. In April 2013, a faked
message sent through the Associated Press Twitter account caused a significant drop of the S&P 500
index, erasing $136 billion (Bloomberg, 2013). Corrections were published immediately and the stock
markets recovered within five minutes. This event revealed how fast information from Twitter is
integrated in investment decisions (Fortune, 2013). Moreover, Tweets can also have sustainable
impact on stock prices. In 2013, a well-known investor, revealed on Twitter information about his
investment in Apple and his opinion about the company’s future stock price (Yahoo!Finance, 2013).
Broadcasting this information led to an increase in Apple’s firm value of about $12.5 billion that day.
In conclusion, both examples show that social broadcasting significantly affects market participants in
their trading decisions and the information is quickly integrated into decision making.
Existing research on social broadcasting and stock markets analyzed how broadcasted information can
be used to predict stock prices (Bollen et al., 2011; Sprenger et al., 2014b; Zhang et al., 2011;
Zheludev et al., 2014). Data from social broadcasting networks reveals information about the
participating users, the shared messages, and the interaction among the community. However, existing
studies focus mainly on the predictive power of sentiments and trading signals like buy- and sellsignals on stock prices and stock indices (e.g., Nann et al., 2013; Sprenger et al., 2014b). Analyzing
the interplay of different constructs in a single research model on stock markets is missing. Hence, a
comprehensive understanding of how social broadcasting networks impact stock markets is missing.
Moreover, existing research uses data on a daily level (e.g., Sul et al., 2014) missing to account for the
fast reaction of stock markets on new information with narrower timeframes.
Accordingly, we will address both research gaps by analyzing the influence of the dimensions of
social broadcasting networks on stock markets using intraday data. We develop a conceptual model
incorporating a large set of constructs in a single research model and empirically test it by analyzing
social broadcasting data about the individual stocks of the S&P 100 companies. Thereby, we want to
understand how the users, their messages, and the discussion about the stocks have an impact on the
trading activity of the companies’ stocks. Based on a dataset of more than 1.84 million stock-related
Twitter messages and hourly stock market data, collected between January and April 2014, we
examine which dimensions of social broadcasting influence the trading activity at stock markets.
Hence, we are interested in how the dimensions users, messages, and discussion of social
broadcasting are influencing trading activity on stock markets. With this study, we contribute to the
literature on social media by developing a conceptual model that allows a comprehensive analysis of
social networks rather than focusing on single aspects. Furthermore, our study enhances our
understanding of how social broadcasting and stock markets are connected.
The remainder is structured as follows. Section two provides the theoretical background of social
broadcasting and theory of financial markets. In section three, we develop our conceptual model and
hypothesize the relation of the social broadcasting dimensions users, messages, and discussion and
stock market trading activity. Afterwards, in section four, we conduct an empirical study to test our
model with data from Twitter, NYSE and NASDAQ by applying a fixed effects panel analysis. The
paper ends with a conclusion as well as limitations and opportunities for future research.

2

Background on Stock Markets and Social Broadcasting

Stock markets play a central role in the economies to exchange stocks and thereby, determine stock
prices. The determined prices reflect the evaluations of the market participants regarding the
companies’ success in the future (Shiller, 2003). The price development of financial instruments at
stock markets, is described by the famous finance theory of the efficient market hypothesis stated by
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Fama (1970). The efficient market hypothesis explains that stock markets are efficient in the way that
all available and relevant information about the prospects of companies are fully reflected in their
stock prices (Shiller, 2003). With respect to the availability of complete information, market
participants act as rational individuals and cannot forecast price changes as additional information do
not improve the decision-making. This implies that market participants cannot gain systematically
higher returns than the average market return. Based on this assumption on the efficiency of stock
markets, the random walk hypothesis states that stock price developments cannot be predicted and
follow a random walk (Fama, 1965). However, the efficient market hypothesis is rather strict in its
assumptions and is empirically and theoretically criticized (Shiller, 2003). In this context, theory of
behavioral finance accounts for behavioral biases of individuals which influence their decision-making
in situations characterized by uncertainty (Lo, 2004). Therefore, the preferences and the behavior of
market participants such as overconfidence, overreaction, risk aversion, and herd behavior are taken
into account by behavioral finance theory to explain stock market developments. As a consequence,
market participants do not always act rational which results in phases were markets are inefficient
(Shiller, 2003). The irrational behavior of market participants makes market developments predictable
as stock markets do not always follow a random walk (Lo, 2004). Thus, on inefficient markets
arbitrage opportunities exists which makes gathering and processing of additional information
valuable to outperform the market (Grossman and Stiglitz, 1980). Hence, analyzing stock-related
information can help to draw conclusions on stock market developments and to seize investment
opportunities.
Market participants can gather information from several sources to monitor stock developments and
stock evaluations of others to improve their trading decisions. Besides traditional resources like
financial data, company announcements or newspapers (Fang and Peress, 2009), internet platforms on
which users share stock-related information (e.g., Twitter, StockTwits) present a promising source to
support trading decisions. In this regard, online message boards such as Yahoo! Finance enable users
to discuss their expectations about certain stocks (Antweiler and Frank, 2004). Today, social media
presents an additional channel to discuss stock-related information (Sprenger et al., 2014b) where
users are empowered to engage in social interaction with each other and to act as content providers
(Shi et al., 2014). Especially, social broadcasting networks gained large attention in practice for
sharing stock-related information (Greenfield, 2014). Individuals use social broadcasting networks to
share their opinions and thoughts about certain topics (Dellarocas, 2003) which others integrate into
their decision-making process (Rindova et al., 2005). A social broadcasting network is defined as a
technology that fosters the diffusion of information in a way that weak ties are exploited to overcome
social distance (Granovetter, 1973; Shi et al., 2014). Weak ties exist in such networks based on the
unidirectional form of how relationships can be established to receive broadcasted information (Shi et
al., 2014). Unidirectional relationships are established to receive the message from other users without
permission of the broadcasting user. Hence, information shared on such platforms can reach an
enormous group of people (Kaplan and Haenlein, 2010). In essence, key features of social
broadcasting are the speed and reach of the information provision as well as the large number of
contributors (Rui and Whinston, 2012b; Shi et al., 2014).
In order to analyze social broadcasting, research makes use of different features of social broadcasting
networks. They analyze information about the users (e.g., Rui and Whinston, 2012b; Shi et al., 2014),
the content of the messages (e.g., Liu et al., 2012; Rui et al., 2013) and to what extent messages are
exchanged (e.g., Rui et al., 2010; Weng et al., 2010). Specifically, the users are investigated based on
their social structure considering how many in- and out-going connections they have in the network
(Lu et al., 2014) or based on the profile information of their accounts (Rui and Whinston, 2012b). The
messages are analyzed based on the sentiment of contributed information (Rui et al., 2013) and the
included information such as links or hashtags (Liu et al., 2012) as well as how often a message was
redistributed (Suh et al., 2010; Goh et al., 2013). How topics are discussed is considered using data
about the volume of message, the amount of users who received the message and whether users
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participate in the discussion by contributing messages or sharing existing messages (Rui et al., 2010;
Sprenger et al., 2014b). Aggregating these constructs shows that there are three superior dimensions of
social broadcasting that can be considered by research: user, message, and discussion dimension. The
user dimension describes the characteristics of the users providing stock-related messages, the
message dimension takes into account which kind of information is provided by the messages and the
discussion dimension represents the extent to which information regarding companies stocks is shared.
A growing body of literature examines the relation between social broadcasting and stock markets.
Studies analyze how data form social broadcasting is related to stock indices (Bollen et al., 2011;
Zhang et al., 2011), individual stocks (Oh and Sheng, 2011; Sprenger et al., 2014b), and exchange
rates (Papaioannou et al., 2013). A reason to focus in the beginning on stock indices as aggregate
measure was due to the available amount of social broadcasting data. The predictive power of social
broadcasting data on stock markets depends on the sufficient volume of shared messages. Due to an
increase in social broadcasting messages over the last years, recent research found that sentiment in
social broadcasting networks can even predict the development of individual stocks instead of
aggregated stock indices (Sprenger et al., 2014b; Zheludev et al., 2014). The volume of social
broadcasting messages depends on the on hand on the interest of users in the stock (Mao et al., 2013)
and on the other hand on the available access level to the data. Most research focused on a daily level
due to an insufficient volume of stock-related messages or limits that restrict the full access to the
broadcasted messages (e.g., Zhang et al., 2011; Sul et al., 2014). Based on the integration of social
media data into the trading systems, market participants nowadays react quickly to broadcasted
information. To analyze relations of social broadcasting on individual stocks on an hourly basis a full
access to Twitter is required (Zheludev et al., 2014). Following this, there are calls for research on
single stocks using narrower timeframes to account for the fast reaction of stock markets to new
information (Oh and Sheng, 2011; Sprenger et al., 2014b). We will answer the calls by using hourly
intraday data with an unrestricted Twitter access investigating single stock developments.
Regarding the methods used to analyze the influence of social broadcasting on stock markets, studies
apply sentiment analyses (Zhang et al., 2011), data mining techniques to classify tweets based on
categories (Sprenger et al., 2014a), and social network analyses (Mao et al., 2013; Sprenger et al.,
2014b). Although, sentiment analysis is largely applied in this research area, we found only one study
conducting a context specific sentiment analysis (Li et al., 2014). The authors adopt the wordlist from
Loughran and McDonald (2011) as they showed that almost three-quarters of the negative words in
the Harvard emotion dictionary should not considered negative when analyzing text with a financial
context. Following Li et al. (2014) we will conduct a domain specific sentiment analysis in our
empirical study. Furthermore, analysis of the social structure of a network shows that the number of
relationships is an indicator for the impact of the users on stock markets as well as the number of user
mentions in other users’ messages (Sul et al., 2014; Sprenger et al., 2014b). In conclusion, existing
studies include constructs from one to two of the three dimensions of social broadcasting and only
recent research from Sprenger et al. (2014b) applied constructs addressing all three dimensions, but
not in a single research model. Thus, a comprehensive analysis considering the interplay of the three
dimensions of social broadcasting on stock markets is missing. Hence, we address this research gap by
developing a research model including constructs from all dimensions in a single research approach.

3

Conceptual Model: Impact of Stock-related Social
Broadcasting on Stock Market Activity

Reflecting existing literature on social media and finance, our proposed research model is depicted in
Figure 1. Based on our preceding discussion, we argue that the impact of social broadcasting networks
on trading activity at stock markets can be analyzed based on three dimensions: user, message, and
discussion. Thereby, we aggregate a comprehensive set of constructs based on prior research to
evaluate the impact of a social broadcasting network on stock markets.
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3.1

User Dimension

The user dimension reflects the expertise and the popularity of the contributing users in the social
broadcasting network. The expertise of a user is an important factor for information exchange (Jones
et al., 1997) and has been proposed to impact the ability to exchange information in a meaningful
manner (Wasko and Faraj, 2005). Hence, a higher expertise has a positive effect on the quality of
exchanged information (Constant et al., 1996) and users with a higher expertise provide more valuable
information in a social broadcasting network (Nevo et al., 2012). This is reflected by the fact that
messages of users with higher expertise are redistributed by other users to a greater extent (Liu et al.,
2012). Additionally, Larson et al. (1996) found that individuals with higher expertise exchange more
information including new content that has not been shared before and expertise increases the chance
that individuals exchange information at all (Wasko and Faraj, 2005). Hence, users with a higher level
of expertise are responsible for the majority of exchanged information in a network (Wasko et al.,
2009). Thus, stock-related information from users with a higher expertise should have a greater impact
on stock market activity.
Users
Expertise
Popularity

H1

Trading Activity

Messages
User Mentions

Stock Markets

H2

Tags
Controls

External References

Financial Sentiment

H3

Earnings Release
Stock Pricelevel

Figure 1.

Discussion

Stock Return

Interest

Stock Volatility

Reach

Trading Day

Volume

Trading Hour

Research model for analyzing the impact of social broadcasting on stock markets.

Additional to the users’ expertise, Sul et al. (2014) found that the impact of shared information from
more popular users on the stock market is greater. The popularity of an individual can signal reliability
to other individuals within a network (Jones et al., 1997). Individuals are concerned about their
popularity in a network (Wasko et al., 2009) and will contribute valuable information to maintain or
enhance their popularity (Wasko and Faraj, 2005). In a social broadcasting network the number of
connections of a user represents the user’s popularity (Zhang et al., 2011). Additionally, individuals
with a higher number of connections exchange information with a greater number of individuals in a
network (Ahuja et al., 2003). Furthermore, it is proposed that these individuals are more involved in a
network which has a positive influence on the sharing of information (Wasko and Faraj, 2005). Hence,
research has found that the number of connections reflects how influential a user is within a social
broadcasting network (Cha et al., 2010). Consequently, stock-related information provided by such
users should have a greater influence on trading activity. Given these assumptions, information
provided by users that are more popular and having a higher expertise should have greater influence
on others. Hence, we assert that such user characteristics positively influence trading activity. This
leads to the following hypothesis:
H1:

Users of a social broadcasting network which are more popular and have a higher expertise
have a positive influence on trading activity.
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3.2

Message Dimension

Investors need valuable information to support the typically complex and risky investment decisions
(Grossman and Stiglitz, 1980). The message dimension covers information about the content of the
messages shared on social broadcasting networks. Users have the opportunity to tag keywords, add
links to external reference, or mention other users in their messages (Suh et al., 2010). Users providing
valuable information are proposed to be mentioned more often in messages on social broadcasting
networks (Sprenger et al., 2014b). Accordingly, Cha et al. (2010) found that such users have greater
influence in a social broadcasting network. By mentioning other users in their messages, users can
connect their content with how the mentioned users are perceived in the network (Mohamed et al.,
1999). Therefore, user mentions are used to increase the perceived validity of the shared information.
To organize the discussion around a certain topic users can add tags in their messages (Kane et al.,
2014). Tags makes it easier to follow a discussion or to monitor keywords that are of interest as tags
signal commonality of messages (Celli and Rossi, 2012). The amount of information within social
broadcasting messages is limited due to length restrictions of the messages by including external
references directing to further information the messages can be enriched with further information.
Research found that external references to valuable information help to increase proliferation of stockrelated information within the network (Bakshy et al., 2011) which in turn is supposed to support the
trading decisions of market participants. In essence, messages with a higher information richness are
found to support individuals in their decision making (Goh et al., 2013).
In addition to information that can be directly extracted from a social broadcasting message, it is
possible to process the content of a message by using language processing techniques (Hu and Liu,
2012). Especially, sentiment analysis is applied to analyze the opinions and moods of users in social
media (Liu, 2010). It is important to consider the sentiment in social broadcasting as messages
containing emotional content are shared more frequently and at a greater speed (Stieglitz and DangXuan, 2013). Detecting the sentiment of news, ad-hoc notifications or social media content is largely
used in financial research (Bollen et al., 2011; Geva and Zahavi, 2014; Loughran and McDonald,
2011) to predict stock prices. Stock exchanges such as NYSE and NASDAQ integrate information
about stock sentiments in their trading systems to support investment decisions. Furthermore, the
sentiment of messages can be used as indicator for buy-, hold-, and sell-signals (Zhang et al., 2011).
Hence, stock-related messages containing positive sentiments should result in a positive mood about
the stock and an increased trading activity. In turn, uncertainty expressed by negative sentiments
results in more cautious investors and the higher likelihood that they are not investing (Zhang et al.,
2011). Thus, messages containing positive emotions should lead to an increase in trading activity.
Based on these explanations, we argue that messages shared in social broadcasting networks with a
richer set of information and which are expressed more positively should help investors to make
trading decisions. This results in the following hypothesis:
H2:

3.3

Stock-related social broadcasting messages with a richer set of information and which are
expressed positively have a positive influence on trading activity.

Discussion Dimension

The third dimension of our conceptual model comprises how the stocks are discussed in terms of
interest in the information, reach of the information and the amount of shared information in the
network. Social broadcasting networks like Twitter allow users to redistribute messages composed by
other users (Suh et al., 2010). Thus, users can show their interest in the information by redistributing
them. The interest of individuals regarding companies’ stocks is found to influence trading activity
(Preis et al., 2013). Although the efficient market hypothesis would neglect the impact of redistributed
and hence already reflected information on the trading activity at stock markets, behavioral finance
shows that herd behavior can impact stock prices when irrational investors act collectively (Lo, 2004).
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Hence, users give the discussion about a stock more attention by showing interest in stock-related
information in the form of redistributing messages, which we propose affects stock markets.
Discussions of stock-related information can reach a large number of users on social broadcasting
networks (Cha et al., 2010). The reach of a message depends upon how many users have connected
oneself with a content provider to receive his or her messages (Rui and Whinston, 2012a).
Additionally, redistributed messages extend the reach of information by increasing the number of
users retrieving the message (Shi et al., 2014). The influence of users on other users increases with the
number of connections a user has to others in a network (Rui et al., 2013). Hence, stock-related
messages sent by users with a higher number of connections are proposed to affect trading behavior of
others. Furthermore, in social broadcasting networks, the volume of exchanged information has been
found to have an impact on economic outcomes based on word-of-mouth (Rui et al., 2013). Antweiler
and Frank (2004) analyzed discussions on messaging boards about stocks and found that the amount
of messages can predict the trading volume at stock markets. A positive correlation of the volume of
social broadcasting messages and trading volume has been confirmed by Sprenger et al. (2014b).
Moreover, Tirunillai and Tellis (2012) found that the volume of messages is even suitable to predict
future stock returns. Thus, we include the volume of messages as a factor of a stock-related discussion
in our model. Given this argumentation, the discussion of stock-related information on social
broadcasting networks should affect others trading decisions, which leads to the final hypothesis:
H3:

An increased discussion of stock-related information in terms of interest, reach, and volume in
social broadcasting networks has a positive influence on trading activity.

4

Empirical Study

In this section, we analyze how social broadcasting of stock-related information is related to stock
market activity based on our conceptual model. Analyzing social broadcasting activities require
coping with a large amount of data (Greenfield, 2014). Volume as well as velocity of social data is
rapidly increasing and the fast reaction of stock markets to new events requires close to real-time data
analysis. These circumstances have brought manual approaches for data analysis to their limits and
procedures for automated analysis are needed. In this respect, the knowledge discovery process
described by Fayyad et al. (1996) proposes a way how to handle large amount of data. We adapt this
process, originally developed to handle analyses in database environments, to our social media
analytics purpose. The resulting research approach consists of four consecutive steps depicted in
Figure 2, which will be discussed in the subsequent subsections.
Data Preprocessing

Data Collection
 Stock-related Tweets
 Twitter Metadata
 NYSE and NASDAQ
Intraday Data

Figure 2.

4.1

 Data Cleaning
 Content Analysis
 Sentiment Analysis

Model
Operationalization
 Constructing
Variables
 Principal Component
Analysis

Data Analysis
and Results
 Fixed Effects Panel
Regression
 Discussion of the
Results

Research approach to analyze the relation of social broadcasting and stock markets.

Data Collection

The process of Fayyad et al. (1996) starts by choosing the data source needed for the analysis. During
the last years a variety of social broadcasting networks emerged from which Tumblr, Twitter, and
Weibo are among the most known ones today. For research purposes, Twitter has gained a lot of
attention because of its large user base contributing 500 million messages each day (Twitter, 2015).
Moreover, the amount of stock-related messages is increasing heavily in the past years (Greenfield,
2014). To analyze the relation between the social broadcasting activity and financial markets we focus
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on messages related to companies’ stocks. In line with existing literature, we concentrate on wellknown large companies whose stocks are extensively traded at the sock markets and are also
intensively discussed on social broadcasting networks (Geva and Zahavi, 2014; Zheludev et al., 2014).
Due to this, we make sure to have enough and reliable data for our subsequent panel analysis. Hence,
we follow Sprenger et al. (2014b) and analyze messages mentioning the stocks of the companies listed
in the S&P 100 stock market index. The S&P 100 includes the 100 major, blue-chip U.S. stocks of
companies from different industry sectors. The S&P 100 index is rebalanced every quarter and we
selected the list of stocks based on the constitution as of March 31st 2014. The index includes the
stocks of companies such as Apple, Exxon Mobil, General Electric, Google, Starbucks and Wal-Mart.
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Figure 3.
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For our analysis, we collected the Twitter data via a certified analytics company that provides us with
full access to the Twitter “Firehose”. Thereby, we can overcome the issue of limited data provision
that encumbered intraday analysis which prior research were faced with (e.g., Sprenger et al., 2014b).
Collecting data from Twitter confronts us with the challenge to select appropriate keywords, which are
used to extract the relevant messages. To get a high percentage of messages that actually contain
information and opinions about stocks, we followed Nann et al. (2013), Sprenger et al. (2014b), and
Sul et al. (2014) and made use of Twitter’s cashtag-feature. Cashtags are composed using the stock
symbols (uniquely identifier of stocks) with a dollar-sign placed in front (e.g., $GOOG for Google or
$KO for Coca Cola) to refer to a company’s stock. Such notation makes it easier for users to monitor
the broadcasted information about stocks (Kane et al., 2014) and reduces the amount of unrelated
information when trying to follow the discussion about a companies’ stock. Therefore, we used the
cashtags of the S&P 100 companies as keywords for data extraction. We were able to collect
1.84 million Twitter messages shared between January 1st and April 30th 2014. The obtained dataset of
Twitter data not only contains the content of a message, but also meta-information about the message
contributors (e.g., the number of followers). The corresponding stock market data was gathered from
the NYSE and the NASDAQ, which are the issuing market of the companies’ stocks and the most
relevant markets in terms of trading volume. Both stock exchanges have trading session from 9:30am
to 4:00pm. We collected hourly intraday data for the same period as the Twitter data resulting in seven
observations per stock and per day for 82 trading days. The stock data includes information about
hourly opening, high, low, and closing prices as well as the number of trades and the traded volume.

7

8

9 10 11 12 13 14 15 16 17 18
Hour
Number of tweets
Number of trades

Average number of tweets and trades per hour.

Figure 3 depicts he hourly average number of tweets and the corresponding number of trades. The
trading activity increases after the stock markets open, drops during noon and reaches its maximum in
the end of the trading session. The amount of tweets follows this curve, but without an equally
significant decrease during the trading session. The tweet volume slightly increases after the trading
session which suggests the users summarize the trading day before the tweet volume begins to fall.
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4.2

Data Preparation

Although we gathered the data using the cashtags as keywords to only extract stock-related messages,
it is necessary to clean the dataset by excluding spam (Nann et al., 2013). Hence, we screened the
Twitter data to refine the final dataset for further analysis. We used the meta-information of the tweets
to develop two spam-rules to identify users posting irrelevant content. First, we excluded tweets from
users who have no followers receiving their tweets but have posted more than 20 tweets. The reason
for excluding them is that the information of these tweets is not received by other users and therefore
should have no impact on trading decisions of others. Second, tweets from users having less than
20 followers, a total posting count of more than 1,000 messages and follow less than 10 users are
excluded. These accounts are often used to provide dubious content. Additionally, dubious advertisers
or spammers often use cashtags of well-known companies to promote their investment strategies (e.g.,
investing in penny stocks). Such behavior is also found in newsletters or on websites to provide
deceptive content (Siering, 2013). Hence, we excluded tweets of 68 users and tweets with hashtags
like “#pennystock” or “#stock #stocks #stockaction”. Such messages always include links to direct
readers to doubtful websites rather than providing meaningful information on the S&P 100 stocks.
Furthermore, we found that the stock symbols regarding three companies (i.e., ALL, LOW, and WAG)
are largely used for other purposes than to talk about these stocks. Therefore, the noise regarding these
companies’ stock is very high and we decided to exclude the three companies from the final dataset.
Next, we found that tweets containing more than one cashtag make it difficult to draw conclusions
about the mentioned stocks. Hence, we decided to focus on messages that include only one cashtag to
reduce ambiguity (Sul et al., 2014). Performing the aforementioned data cleaning steps, our final data
set comprises 956,317 stock-related messages regarding 97 companies.
Next, we analyzed the content and the metadata of the remaining tweets in our dataset. Thereby, we
determined whether tweets contain links, hashtags, or mentions of other Twitter users. We further
evaluated the mood of the messages to determine whether a message contains emotional content. We
used the publicly available tool SentiStrength, developed by Thelwal et al. (2010) to perform a
sentiment analysis on short informal text such as Twitter messages. SentiStrength is designed to cope
with the characteristics of microblogging messages like accounting for abbreviations due to short text
size and emoticons. SentiStrength comes along with a list of words signaling emotions based on the
general inquirer word list (General Inquirer, 2014). However, words can have very different meanings
depending on the domain in which the sentiment analysis is applied (Thelwall et al., 2012). Therefore,
Loughran and McDonald (2011) developed a special word list for sentiment analysis in the financial
context to acknowledge domain specific meanings during the classification of messages. Hence, to
address this issue and to increase the reliability of the result of our sentiment analysis we used this
word list consisting of more than 2,600 words signaling emotions.

4.3

Model Operationalization

The next step was to construct the variables to examine our hypotheses. Whenever possible, we refer
to already applied measures from prior empirical studies in the area of social broadcasting.
Afterwards, we discussed the selected measures with a panel of two researchers, regarding both their
validity and relevance. To analyze the effect of social broadcasting on trading activity on stock
markets, we used as dependent variable the number of trades regarding a stock. We choose the number
of trades over the traded volume because a large trading volume reflects not necessarily increased
interest in stock as it can be the result of large orders from institutional investors. Hence the number of
trades is more robust against large orders from institutional investors as every trade has equal weight
independent of its size. To avoid the presence of endogeneity we used the number of trades of the
following hour (t+1) to have zero overlap with the Twitter data. The independent variables included in
our model are the three proposed dimensions of social broadcasting. Each of the three dimensions
consists of several sub-constructs based on their thematic similarities explained in Section 3. We
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aggregated the sub-constructs by applying factor analyses. Therefore, we used a principal component
analysis with orthogonal varimax rotation in Stata to generate one factor for each characteristic
(Creswell, 2013). Orthogonal factors are used to generate variables without inter-correlated
components. The sub-constructs of the three dimensions are measured as follows.
To assess the user dimension, we measured the sub-construct expertise by using a regular expression
to extract the usernames mentioned from each message and counted how often users are mentioned on
average within the period of analysis. The second sub-construct of the user dimension, popularity, is
calculated based on the average number of followers of each user who broadcasts stock-related
messages. The sub-constructs of the message dimension reflect the messages’ information richness.
We measured the sub-constructs user mentions, tags, and external references by calculating how often
these features appear on average within the messages. The sub-construct, financial sentiment, is
computed based on the results of our sentiment analysis by calculating the average sentiment score of
the messages. The discussion dimension’s sub-constructs are based on the activity within the social
broadcasting network. First, we determined the share of messages that provide new information.
Hence, to calculate interest we divided the number of retweets by the total number of messages
regarding a stock. The message reach reflects how many users within the social broadcasting network
receive the stock-information. Therefore, we used, in difference to popularity, the total number of
followers of all information contributors. As the constructs popularity and reach make both use of the
follower feature, we checked for collinearity of the constructs, but found no evidence for collinearity.
The volume is computed by dividing the amount of messages concerning a stock by the number of all
messages sent in an hour regarding all stocks of the final dataset. Therefore, we get the amount of
messages in relation to a baseline and account for the increasing usage of Twitter to share stockrelated information. Finally, we applied three factor analyses to separately aggregate the subconstructs to each of the three dimensions. The factor loadings are presented in Table 1.
Factor Loadings
Dimension
User

Message

Discussion

Sub-Construct

Users

Messages

Discussion

Expertise

0.595

-

-

Popularity

0.593

-

-

Mentions

-

0.508

-

Tags

-

-0.185

-

External References

-

-0.533

-

Financial Sentiment

-

0.421

-

Interest

-

-

0.327

Reach

-

-

0.467

Volume

-

-

0.484

Method of extraction: principle component analysis, Rotation: orthogonal varimax rotation

Table 1.

Results of the factor analysis.

To account for additional factors influencing stock market developments, we included a robust set of
control variables identified in previous research. Earnings announcements have been found to increase
the volume of Twitter messages significantly as interest in these stocks increases (Mao et al., 2013).
Especially unexpected earning results can have a large impact on the trading activity (Bamber, 1986).
Hence, we controlled for days at which earnings announcements are released using a dummy variable.
Additionally, stock performance measures including price volatility, stock return, and price level are
used as control variables regarding the hour in which the tweets are sent and in which the stocks are
traded. We also control for each trading hour and weekday using indicator variables.
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4.4

Panel Analysis

The final dataset contains information about the stocks of 97 companies at 574 points in time. Hence,
our dataset consists of a time series dimension and cross-sectional dimension. To address both
dimensions in one regression model we calculate our model by using a panel analysis (Hamilton,
1994). Additional to the factors that we include as control variables, a panel analysis accounts for
factors that are unobserved (Wooldridge, 2009). In this regard, a panel analysis accounts for effects
that are company specific and do not change in the period of analysis like industry sector or company
size. To account for effects that change over time but affect all companies like national policies or
federal regulations we include the trading day and the trading hour as indicator variables. Therefore, a
panel analysis accounts for individual heterogeneity (Wooldridge, 2011). To test our hypotheses we
combined the hourly intraday data of each stock with the social broadcasting data about the stock of
the preceding hour. There are missing values in our dataset because not every company’s stock is
mentioned in every hour. Thus, regarding the 97 stocks in our sample, we have 42,504 observations
with a minimum of 275 observations and a maximum of 574 observations per stock.
DV: Trading Activityt+1
Variables

Coef.

t

P

SE

Constant

606.14

26.34

0.0

23.02

-4.68

-1.30

0.19

3.59

Userst
Messagest

9.26

2.41

0.02**

3.84

Discussiont

74.16

13.84

0.0***

5.36

Price Levelt

-1.35

-1.88

0.06*

0.72

Price Levelt+1

0.14

0.2

0.841

0.72

Price Volatilityt

25793.38

33.72

0.0***

764.95

Price Volatilityt+1

-25154.69

-32.69

0.0***

769.47

Stock Returnt

-9669.86

-11.38

0.0***

850

Stock Returnt+1

-10255.97

-12.21

0.0***

839.83

21.58

0.54

0.59

40.06

Earnings Releases
2

F20,42387 = 639.31, p < 0.01***, R -within = 0.23
Number of Observations = 42,504, Number of Groups = 97
P-Value: *** p < 0.01, ** p < 0.05, * p < 0.1 (two-tailed significance test)
DV = Dependent Variable, Coef. = Regression Coefficient, SE = Standard error, p = P-Value,
R²-within = percentage of explained variance in DV through changes within predictors
The indicator variables trading day and trading hour are not displayed in the table for the sake of
clarity.

Table 1.

Results of the fixed effects panel analysis.

First, we checked for multicollineartiy using a collinearity analysis in Stata. Variance inflation factor
are below 5 and the mean of the variance inflation factors is 1.6 (Belsley, 1991). Thus, there is no
evidence for multicollinearity found. Additionally, we performed a Wooldridge test for autocorrelation
to account for serial correlation in the idiosyncratic errors (Wooldridge, 2011). The result of the test
implies that we have to reject the null hypothesis that there is no first order autocorrelation in our data.
Therefore, to account for autocorrelation, we estimate our model using a fixed-effects panel analysis
with a first order autocorrelation disturbance (Baltagi and Wu, 1999). The results of our panel analysis
are presented in Table 2. They confirm a significant influence of the message dimension (p < 0.05) as
well as the discussion dimension (p < 0.01) of social broadcasting on stock market trading activity of
the following hour. The coefficients of message and discussion dimensions are both positive indicating
the positive influence of both dimensions on trading activity. However, the user dimension is not
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found to be significant (p > 0.1) and its coefficient is negative. Hence, we can confirm that our results
support hypothesis 2 and hypothesis 3. The included control variables are almost all highly significant
(p < 0.01) with exception of the variable earning releases and the price level at t+1, which are above
the threshold of p < 0.1. The R²-within of our panel analysis is 0.23 and shows the explained variance
regarding each stock. The F-test of the panel analysis, whether all coefficients in the model are
different from zero, is confirmed by a high significance level of the model (p < 0.01).

4.5

Discussion of the Results

Based on the results of our empirical analysis, we found that the message and discussion dimension
significantly influence the succeeding hour’s trading activity. Hence, the information richness of a
social broadcasting message is an important predictor for trading activity on stock markets.
Broadcasting a richer set of information supports investors in making their trading decisions leading to
an increased number of trades. The factor loadings of the message dimension show that the subconstructs mentions and financial sentiment positively influence trading activity. However, messages
containing tags and external references have a negative influence on trading activity. An explanation
for this could be that although tagging is a major feature of Twitter, the use of cashtags limits the
benefit of additional tags to follow the discussion of stocks. Moreover, adding tags in addition to
cashtags reduces the space available for information since Twitter messages are limited to
140 characters. According to the efficient market hypothesis, stock prices should fully reflect all
available information (Fama, 1970). External references in tweets contain often links to professional
websites like newspaper which content should already been processed. Thus, we argue that the
negative impact of external references might be due to the fact that tweets containing external
references represent a summary of already processed information from websites. Moreover, tweets
containing external references are sometimes composed in a vague way to increase the likelihood that
the user will follow the reference to present doubtful investment advice such as advertising penny
stocks. Regarding the discussion dimension, the factor analysis reveals that volume and the reach of
the messages are important factors to draw conclusions about future trading activity. The interest
regarding stocks expressed by the share of retweets has a lower factor loading and thus a lower
influence on trading activity. This can be explained by the timespan in which new messages are
retweeted. Hence, retweets may occur when new information is already processed at the stock markets
and will not affect trading activity to the same extent as the other sub-constructs of the discussion
dimension.
Contradictory to what we expected is that the user dimension of social broadcasting has no significant
influence on trading activity and even has a negative coefficient. Although, social media highly
focuses on empowering the users to engage in relationship building and content provision, the subconstructs of the user dimension are not influential on stock market trading activity. An explanation
for this result may be based on how relationships are built in social broadcasting networks. On Twitter,
it is possible to engage in unidirectional relationships and information sending and receiving are the
main purpose of the network. In contrast to that, the essential element of social networking platforms
is the creation of profiles that may include personal or work-related information and the revealing of
individual, bidirectional relationships to other users. Thus, building and revealing relationships are
more important on social networking platforms than on social broadcasting networks. Furthermore,
even users with rather few relationships can provide meaningful information that can be integrated in
decision-making. Hence, it is more important what is written than who is sending the information.

5

Conclusion

The aim of our study was to analyze how the user, message, and discussion dimensions of social
broadcasting influence trading activity on stock markets. Therefore, we aggregated constructs from
prior research to the superior dimensions of social broadcasting to conduct a comprehensive analysis.
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5.1

Implications for Theory and Practice

The primary theoretical contribution of our work is the developed conceptual model to investigate the
influential dimensions of social broadcasting on trading activity at stock markets. Specifically, we
describe three dimensions (user, message, and discussion) of a social broadcasting network and the
underlying sub-constructs by building on existing literature on social media and financial markets.
Therefore, we show how to investigate activity in social broadcasting networks as a whole rather than
concentrating on single aspects like followers or message sentiment. This leads to the finding that
information about who is broadcasting information is less important than the broadcasted content itself
in a financial context. The developed model is not limited to the application in the financial sector and
can help to understand the impact of social media platforms on economic outcomes in general.
Furthermore, we contribute to the still emerging literature on social broadcasting and financial markets
with our research model and the intraday analysis. Based on the empirical study we provide a panel
analysis with preceding factor analyses to aggregate the sub-construct to the proposed dimensions.
The results of our study have several implications for practice to better understand social broadcasting
activity in relation to trading activity on stock markets. Investors are interested in using insights from
social broadcasting as decision support. Based on our comprehensive research model, we provide
evidence that it is more valuable to focus in general on the content of messages rather than on the
characteristics of the authors. Therefore, the informative content of broadcasted messages should be
implemented in decision support systems for trading decisions. Additionally, information about how
the discussion about stocks evolves on social broadcasting platforms should be integrated into
decision-making. Furthermore, we illustrate in our empirical study how to extract social broadcasting
data and how to process it subsequently to measure the dimensions by the proposed sub-constructs.
Thereby, it is important to apply intelligent filters to separate valuable information from spam to
reduce the risk of undervaluing important information due to information overflow.

5.2

Limitations and Future Research

Financial markets are exposed to a variety of influential factors that lead to volatility at stock markets.
By using a panel analysis, we can neglect the influence of unobserved factors that affect the stocks of
all companies equally (like changes in monetary policy or economic outlook). However, there are
further individual factors that have an influence on the trading activity on stocks that remain
unobserved (e.g., ad-hoc notifications of a company). Furthermore, although we used a systematic way
to select the companies for our empirical study based on well-known stock index, it results in a
selection-bias of large companies. Companies of medium and small size might change the results in
some way. Therefore, future research should examine whether the results hold true when the dataset
contains companies of different sizes. However, the amount of stock-related messages decreases
significantly the smaller the size of a company gets. Another limitation is based on how we collected
the data. We used the cashtag notation of Twitter to collect only stock-related messages. However,
there are messages not containing cashtags which affects trading decisions. Future research, should
evaluate the integration of such message which requires large effort to filter the relevant information.
Besides the future research directions emerging based on the limitations of our work, we think that it is
especially of interest to understand the impact of individual messages and users on the development in
stock markets. There are plenty of examples of single tweets that caused immediate reactions on stock
markets such as the fake tweet of Associated Press that have not been investigated yet. Although, we
used hourly intraday stock market data, we believe that our data would not be granular enough to
address this research problem as stock markets adapt rapidly within minutes to new information.
Moreover, it could be of interest to compare how our results change by group comparison based on the
industry sector of the companies. This could shed more light on the results as we assume that public
interest in social broadcasting networks may be sector dependent.
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