
UvA-DARE is a service provided by the library of the University of Amsterdam (https://dare.uva.nl)

UvA-DARE (Digital Academic Repository)

News media and the stock market: Assessing mutual relationships
An interdisciplinary multi-method study of financial journalism, news media, emotions, market
events and the stock market
Strauß, N.

Publication date
2018
Document Version
Other version
License
Other

Link to publication

Citation for published version (APA):
Strauß, N. (2018). News media and the stock market: Assessing mutual relationships: An
interdisciplinary multi-method study of financial journalism, news media, emotions, market
events and the stock market.

General rights
It is not permitted to download or to forward/distribute the text or part of it without the consent of the author(s)
and/or copyright holder(s), other than for strictly personal, individual use, unless the work is under an open
content license (like Creative Commons).

Disclaimer/Complaints regulations
If you believe that digital publication of certain material infringes any of your rights or (privacy) interests, please
let the Library know, stating your reasons. In case of a legitimate complaint, the Library will make the material
inaccessible and/or remove it from the website. Please Ask the Library: https://uba.uva.nl/en/contact, or a letter
to: Library of the University of Amsterdam, Secretariat, Singel 425, 1012 WP Amsterdam, The Netherlands. You
will be contacted as soon as possible.

Download date:28 Jan 2022

https://dare.uva.nl/personal/pure/en/publications/news-media-and-the-stock-market-assessing-mutual-relationships(c75b8fc6-b30e-4289-bfe5-07fe254a174c).html


 

 121 

 
 
 
 
 
 
 
 
 
 

Chapter 7 
 

Financial Networks: Describing Network and Stock Price Dynamics 
During Quarterly Earnings Announcements 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 
 
This study is in preparation for submission to Internet Research. 
 
An earlier version of this study was presented at Etmaal van de Communicatiewetenschap in 
Tilburg, February 2017. 



142    Chapter 7

 

 

 
 
 
 
 
 
 
 
 
 

Abstract 
 

Focusing on quarterly earnings (QE) announcements of companies listed on the Dow Jones 
Industrial Average (DJI) index in summer 2016, this study investigates financial networks on 
Twitter. Network analyses imply that the core of the financial network is mainly constituted of 
established news media, journalists and professional investors. However, independent and 
anonymous voices in the financial markets also seem to have access. Furthermore, analyses 
suggest that attention paid toward reporting companies on Twitter might lead to a downward 
trend of their stock prices, while reversed effects appear to be mixed. Eventually, a 
qualitative analysis of secondary data implies that expectations on the market about the QE 
and the actual reporting and presentation of the numbers by the company and the financial 
media afterwards might impact the stock market reactions of the reporting company to 
various extents. 

 

 

Introduction 
 

Financial networks are often considered to be an exclusive, highly educated and elitist group 
of people. This applies particularly when scholars refer to the closed and self-referential 
networks in financial centers such as Wall Street in New York, The City in London, or 
Frankfurt in Germany (Ho, 2009; Norfield, 2016). Ethnographical studies have provided 
useful insights about the culture of those financial market centers, working cultures among 
bankers and investors as well as the nature of national and transnational financial networks 
(e.g., Ho, 2009). However, new technologies such as online trading platforms, online media 
and social media have altered financial networks and the way market actors communicate 
with each other (Davis, 2005). Not only has the speed of trading increased tremendously in 
the past years (Lewis, 2014), the momentum of information distribution has also accelerated 
rapidly (e.g., Hope, 2006) and moved more and more online.  

Hence, for this paper we assume that this high-speed information and market 
environment has partly transferred the interaction among financial actors from the traditional 
physical trading floor (e.g., Zaloom, 2006) to the online sphere, making the actors more 
intertwined with each other. Yet so far very little is known about how these financial 
networks are constituted online, their characteristics, and how their communication affects 
the stock market. Therefore, this study presents a first attempt to examine how financial 
networks are constituted on social media (i.e., Twitter) regarding specific events, namely the 
releases of quarterly earnings (QE) announcements of the 30 companies listed on the Dow 
Jones Industrial Average (DJI). To do so, this study relies on a multi-method approach, 
combining network analyses with time series analyses (i.e., vector autoregression). 
Furthermore, to make sense of the findings from the quantitative analyses, secondary data 
(press releases, online news media reports) were consulted and interpreted in light of the QE 
of the DJI stocks. In this vein, this study does not only contribute to social network research 
focusing on online media, but it also provides informative insights for scholars and 
practitioners interested in financial communication.   

 
 

Theoretical Background 
 

Financial Networks 
Economic sociologists have considered financial markets nested in social networks and social 
relations (e.g., Granovetter, 1985; White, 2002). Up to the late 1990s, trading mainly took 
place on noisy trading floors where traders were physically present in pits and where they 
closely watched each other’s risk-taking behavior (e.g., Chicago Board of Trading: Zaloom, 
2006). During this time, networks between institutional traders and investors were crucial for 
information exchange and for staying up to date on current market developments by 
personally interacting with each other (Knorr Cetina & Preda, 2007). With the rise of new 
technologies, electronic trading systems and real-time data vendors, trading floors have yet 
transformed from the social performativity of markets into impersonal, silent and mainly 
electronically based trading floors.  

While the financial information and data exchange has not disappeared therewith—in 
contrast, it has tremendously increased with the emergence of algorithm trading and big data 
processing—personal networks among financial market actors have partly transferred to the 
online sphere, be it through financial data vendors (e.g., chats within Bloomberg or Reuters 
terminals) or social networks (e.g., Twitter; cf. Yang, Mo, & Liu, 2015). Yet, the difficulty of 
defining the financial market as an object of analysis due to its fluidity and dispersion 
becomes apparent when trying to define financial networks. For example, traders might 



143  Financial Networks: Describing Network and Stock Price Dynamics 
                      During Quarterly Earnings Announcements

 

 

 
 
 
 
 
 
 
 
 
 

Abstract 
 

Focusing on quarterly earnings (QE) announcements of companies listed on the Dow Jones 
Industrial Average (DJI) index in summer 2016, this study investigates financial networks on 
Twitter. Network analyses imply that the core of the financial network is mainly constituted of 
established news media, journalists and professional investors. However, independent and 
anonymous voices in the financial markets also seem to have access. Furthermore, analyses 
suggest that attention paid toward reporting companies on Twitter might lead to a downward 
trend of their stock prices, while reversed effects appear to be mixed. Eventually, a 
qualitative analysis of secondary data implies that expectations on the market about the QE 
and the actual reporting and presentation of the numbers by the company and the financial 
media afterwards might impact the stock market reactions of the reporting company to 
various extents. 

 

 

Introduction 
 

Financial networks are often considered to be an exclusive, highly educated and elitist group 
of people. This applies particularly when scholars refer to the closed and self-referential 
networks in financial centers such as Wall Street in New York, The City in London, or 
Frankfurt in Germany (Ho, 2009; Norfield, 2016). Ethnographical studies have provided 
useful insights about the culture of those financial market centers, working cultures among 
bankers and investors as well as the nature of national and transnational financial networks 
(e.g., Ho, 2009). However, new technologies such as online trading platforms, online media 
and social media have altered financial networks and the way market actors communicate 
with each other (Davis, 2005). Not only has the speed of trading increased tremendously in 
the past years (Lewis, 2014), the momentum of information distribution has also accelerated 
rapidly (e.g., Hope, 2006) and moved more and more online.  

Hence, for this paper we assume that this high-speed information and market 
environment has partly transferred the interaction among financial actors from the traditional 
physical trading floor (e.g., Zaloom, 2006) to the online sphere, making the actors more 
intertwined with each other. Yet so far very little is known about how these financial 
networks are constituted online, their characteristics, and how their communication affects 
the stock market. Therefore, this study presents a first attempt to examine how financial 
networks are constituted on social media (i.e., Twitter) regarding specific events, namely the 
releases of quarterly earnings (QE) announcements of the 30 companies listed on the Dow 
Jones Industrial Average (DJI). To do so, this study relies on a multi-method approach, 
combining network analyses with time series analyses (i.e., vector autoregression). 
Furthermore, to make sense of the findings from the quantitative analyses, secondary data 
(press releases, online news media reports) were consulted and interpreted in light of the QE 
of the DJI stocks. In this vein, this study does not only contribute to social network research 
focusing on online media, but it also provides informative insights for scholars and 
practitioners interested in financial communication.   

 
 

Theoretical Background 
 

Financial Networks 
Economic sociologists have considered financial markets nested in social networks and social 
relations (e.g., Granovetter, 1985; White, 2002). Up to the late 1990s, trading mainly took 
place on noisy trading floors where traders were physically present in pits and where they 
closely watched each other’s risk-taking behavior (e.g., Chicago Board of Trading: Zaloom, 
2006). During this time, networks between institutional traders and investors were crucial for 
information exchange and for staying up to date on current market developments by 
personally interacting with each other (Knorr Cetina & Preda, 2007). With the rise of new 
technologies, electronic trading systems and real-time data vendors, trading floors have yet 
transformed from the social performativity of markets into impersonal, silent and mainly 
electronically based trading floors.  

While the financial information and data exchange has not disappeared therewith—in 
contrast, it has tremendously increased with the emergence of algorithm trading and big data 
processing—personal networks among financial market actors have partly transferred to the 
online sphere, be it through financial data vendors (e.g., chats within Bloomberg or Reuters 
terminals) or social networks (e.g., Twitter; cf. Yang, Mo, & Liu, 2015). Yet, the difficulty of 
defining the financial market as an object of analysis due to its fluidity and dispersion 
becomes apparent when trying to define financial networks. For example, traders might 



144    Chapter 7

 

 

perceive their personal contacts on the financial markets as “‘their networks’” (p. 168), while 
the market itself might be considered as an intangible anonymous corpus (Knorr Cetina & 
Bruegger, 2002a). 

Rejecting the idea of a network structure that forms financial markets, Knorr Cetina 
(2003) argues in favor of a “flow architecture” with a “global microstructure” (2003, p. 7). 
Particularly with the introduction of new information systems (e.g., trading terminals), she 
has argued back then that computer screens have moved “the market” from many dispersed 
locations onto one point of focus, the screen, through which all market participants are 
exposed to “the market” simultaneously. In such an information trading system, information 
is reflected from various sources—including activities and events that might be timely and 
spatially dispersed—and, at the same time, influencing the audience of this system in their 
impression formations, interpretations and decision-making processes globally and 
synchronically. According to Knorr Cetina and Preda (2007), such a system “acts as a 
centering and mediating device through which things pass and from which they flow 
forward” (p. 126).  

While Knorr Cetina (2003) has contended that financial information systems rather 
take a presentational and reflexive form when referring to international trading systems, it is 
argued in this study that financial information systems can today be understood as networks. 
Particularly with the emergence of new information and communication technologies in the 
last ten years (e.g., chat function on trading terminals) and the popularity of social media 
platforms such as Twitter among the investment community (Yang et al. 2015), the 
communication among the members of financial networks has proliferated and moved to the 
online sphere. In this sense, and following the notion of network society by Castells (2010), 
we claim that financial communities are connected through information flows and continuous 
communication among market actors.  

The financial network platform: Twitter. In fact, Twitter considered as a platform 
for financial actors satisfies most of the requirements that Knorr Cetina and Preda (2007) 
have listed for the identification of a network. First, the communication on Twitter “works 
relationship-by-relationship and node-by-node” (Knorr Cetina & Preda, p. 126), as Twitter 
users are linked to each other by retweets, likes, replies or direct messages (Lovejoy, Waters, 
& Saxton, 2012). Thus, contrary to Knorr Cetina’s and Preda’s assumption regarding 
international trading systems, Twitter makes it possible to hypothetically distribute 
information to everybody who is somehow connected to members of the network. In other 
words, all people who follow a certain person or account on Twitter will be shown the same 
message at the same point of time, making the networks supposedly more accessible and 
visible to people outside the financial centers of the world. The question that arises here is yet 
whether these networks are indeed as open as the features of the platform suggest.    

In fact, the central coordinating power that Knorr Cetina and Preda (2007) could not 
locate for international trading systems in the late 90ies is also just partly present on Twitter. 
While Twitter as an organization presents itself as a service platform that provides a 
distribution channel for information, news, and personal messages in the form of tweets to all 
its members, Twitter does not have any control over the information flow or the messages 
sent out (except for illegal content: cf. copyright infringement). Instead of having a 
“subordinate mechanism” (Knorr Cetina & Preda, 2007, p. 126) that makes information 
available to all parties concerned (maybe even filtered), it is the responsibility of the users on 
Twitter to follow accounts from which they believe to receive relevant market information.  

Nevertheless, it is particularly the function of reflectivity (Knorr Cetina, 2003) that 
Twitter conveys as a social media platform that elevates it to an appropriate object of analysis 
to study financial networks in recent economic times, characterized by instantaneity and real 
time (Hope, 2006; 2010). More specifically, Twitter does not only enable its users to observe 

 

 

each other’s behavior (e.g., what messages get retweeted or replied to), it also projects the 
behavior of others on the screen—be it in terms of the notification of a new tweet in the 
timeline of each user, or as an aggregated reflection of relevant topics being discussed by 
using hashtags (#) (Lovejoy et al., 2012). In this sense, and in contrast to conventional trading 
systems from the late 90ies as argued by Knorr Cetina (2003), Twitter does allow to 
analyzing and “understand[ing] the continuation of activities” (p. 8).  

However, previous research has highlighted the challenges of researching social 
networks (White, 2002). In the pre-Twitter era, scholars have had difficulties in locating 
“patterns of intense and dynamic conversational interaction” (Knorr Cetina & Bruegger, 
2002b, p. 910). Current network research using Twitter data can yet reveal what kind of users 
are connected with others on the platform, how they interact with each other, (e.g., giving 
replies, mentions, or retweeting a post), how frequently they exchange information, and how 
central each user can be positioned as an information distributor among others (Lovejoy et 
al., 2012; Kwak, Lee, Park, & Moon, 2010). Taking all arguments together, it is suggested 
that Twitter presents the ideal object of investigation to study financial networks in today’s 
digital, real-time trading environment.  

 
Twitter as Disclosure Channel 
Twitter does not only invigorate the interconnection between financial actors (e.g., Yang et 
al., 2015), it also helps market participants to make sense of market information in less 
amount of time. With regard to the release of corporate disclosures or other market relevant 
information, the formation of financial networks and the interaction online is particularly 
crucial for market participants in order to make sense of new information and to anticipate 
market reactions (cf. Davis, 2006). As Knorr Cetina and Bruegger (2002b) argue, scheduled 
events, such as the release of interest rates or earnings, can “further enhance the integration of 
dispersed global groups” (p. 930).  

Nowadays, Twitter has become one of the major channels for listed companies to 
release corporate information about significant market events such as quarterly or annual 
earnings releases (Blankespoor, Miller, & White, 2014; cf. Koehler, 2014). Due to its speed 
and its reach to inform the public with less effort, Twitter is a convenient dissemination tool 
for companies to keep their shareholders and stakeholders informed about corporate matters 
(Koehler, 2014). In fact, companies oftentimes use Twitter as the first channel to spread 
stock-related information to the public, such as QE announcements (Blankespoor et al., 2014) 
or product releases (e.g., Tesla). Hence, various financial actors (e.g., investors, traders, 
shareholders) excitedly await the release of quarterly earnings by following corporate 
accounts or influential investors and market experts on Twitter in order to stay updated on 
news and to favorably act upon it (e.g., Twitter-based trading business models such as 
PsychSignal). 

While ethnographical studies have elaborated on financial networks on physical 
locations such as the Wall Street in New York, The City in London, or Frankfurt in Germany 
(Ho, 2009; Norfield, 2016), how networks are constituted online and how they communicate 
with each other concerning relevant market events such as QE announcements is less 
fathomed by empirical research. Yet QE announcements are particularly interesting market 
events, as listed companies experience stronger trading volatility and liquidity in the period 
of reporting (Blankespoor, deHaan, & Zhu, 2017, in press). Following Yang and colleagues 
(2015) who have studied financial communities and sentiment on Twitter from an explorative 
ankle, we want to scrutinize financial networks on Twitter with regard to a specific event: 
namely, the announcements of QE by DJI firms in summer 2016. Thus, our first research 
question reads: (RQ1) How are financial networks on Twitter constituted during DJI 
quarterly earnings announcements? 
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Twitter and Stock Market Reactions 
Twitter has not only been found to provide an information platform that corresponds with the 
interests of the financial community (Yang et al., 2015), it has also been identified to 
influence financial markets (e.g., Bollen, Mao, & Zeng, 2011). Criticizing the aggregated 
point of view of such studies, some scholars have highlighted the importance of identifying 
particular events, such as macro-economic indicators (e.g., Fed interest rate) or events related 
to listed firms, in order to draw more precise conclusions of what drives stock market prices 
and what not (e.g., Moniz, Brar, Davies, & Strudwick, 2011). More specifically, one stream 
of research in economics that is studying the long- and short-term effects of such incidental 
shocks on share prices is employing the technique of event studies (e.g. MacKinlay, 1997).  

However, when talking about network dynamics and the communication among 
actors and their influence on stock prices for a specific event, event studies are of less use, as 
they require the identification of a unique point of time: the event. Therefore, recent work in 
communication science has been investigating the relationship between stock market prices 
and information and news from a more dynamic perspective, considering the mutual 
relationships between these variables (Scheufele, Haas, & Brosius, 2011; Strauß, 
Vliegenthart, & Verhoeven, 2016; 2017, in press). Drawing upon mass communication 
theory such as public agenda-setting, media agenda-setting and news values theory, 
communication scholars reject the idea of the efficient market hypothesis (Fama, 1970), not 
believing that all publicly information becomes instantaneously integrated in stock market 
prices. Instead it is hypothesized that media and the stock market are mutually influencing 
each other, to various extents, and over different periods of time. 

More specifically, it is argued based on public agenda-setting theory that media have 
the power to transfer attention on certain topics or actors from the media agenda to the public 
agenda (McCombs & Shaw, 1972). Thus, regarding financial networks on Twitter it can be 
assumed that the more a certain company is portrayed in tweets, the more this company 
becomes reflected in the minds of the audience (cf. followers on Twitter). Subsequently, the 
more investors become aware of news on a certain company, the more inclined they might 
become to trade upon it (cf. selling or buying shares). Based on second-level agenda-setting 
theory and framing theory (Carroll & McCombs, 2003), it is furthermore assumed that also 
the way in which a topic and/or actor is represented in the media can spill over to audience’s 
opinions and attitudes toward the portrayed. In other words, a company whose QE 
announcements are negatively reported in tweets might affect how the financial audience 
assesses the company and its QE announcement, eventually being reflected in their trading 
actions (cf. Pollock & Rindova, 2003) 

On the other hand, based on media agenda-setting theory (Rogers, Dearing, & 
Bregman, 1993) and news values theory (Harcup & O’Neill, 2001), scholars in 
communication science contend that news media might also follow the market and report on 
preceding activities and events that have occurred in the financial realm. Particularly when 
news values such as surprise, negativity, or relevance can be identified on the financial 
markets (e.g., a strong downward/upward shift, unexpected financial figures), it is likely that 
the news media pay more attention to these events and provide follow-up reporting. In this 
sense, news media do not only induce market reactions (cf. public agenda-setting), but stock 
market reactions themselves direct news media coverage in turn—both in terms of media 
attention (cf. number of tweets) and sentiment (e.g., positive/negative tweets).  

Although previous research has allowed conclusions about the interrelationships 
between news media and share prices from a communication science perspective (e.g., 
Scheufele et al., 2011; Strauß et al., 2016), it yet needs to be explored how information and 
news about firm-related events (e.g., QE announcements) relate to fluctuations of share prices 
involved in those events, or vice versa. Hence, by using advanced time series analyses (vector 

 

 

autoregression), this study investigates how the communication on Twitter surrounding QE 
announcements of the 30 DJI firms affects the share prices of the DJI firms, and to what 
extent the changes of share prices affect the communication on Twitter surrounding the QE 
releases in turn. More specifically, the second research question reads: (RQ2) How does the 
communication among financial network participants on Twitter during QE announcements 
of DJI firms influence the share price of reporting firms, and vice versa?  

 
 

Data and Method 
 

Twitter and Stock Market Data 
Initially the QE releases of the 30 companies listed on the DJI between June and August 2016 
were the objects of analysis. However, due to a mishap during the data collection, tweets for 
the companies Verizon, Visa and United Health Group could not be downloaded. For the 27 
companies left, tweets as well as data on Twitter activity were retrieved for the day of the QE 
announcement until one day after. To do so, all public tweets mentioning the companies by 
name or by their stock market ticker were retrieved, using the Twitter API and the DMI 
TCAT platform (Borra & Rieder, 2014; see Table 7.1 for an overview of the number of 
tweets per DJI firm). Correspondingly, we collected minute by minute stock market data for 
the 27 DJI stocks by using a stock quote excel file that downloads intraday stock quotes from 
Google Finance automatically.32 To prevent dealing with too many missing values for the 
subsequent time series analyses, we aggregated the stock data on a five-minute scale, using 
the average stock market price per DJI company.  
 
Data Management 
In total, we collected 714,592 tweets for the 27 DJI companies. To reduce false positives and 
tweets that were not related to the DJI companies and their QE announcements, a list of 
keywords was created based on a sample dataset of tweets for one company (i.e., Nike). By 
manually screening the tweets for Nike (N = 59,197), keywords could be identified that were 
re-occurring in tweets that dealt with the QE announcements, but not only specifically with 
Nike.33 Employing the keyword list as a filter, the final dataset for all DJI companies was 
limited to 51,295 tweets. Afterwards, a separate dataset was constructed for each DJI firm, 
containing both the average stock market prices per five-minute interval and a number of 
automated SentiStrength measures of the tweets, which are outlined below.  
 
Measurements 
Number of Tweets. First, to investigate whether more attention paid toward a company 
during its QE announcement on Twitter leads to stock market reaction of this firm (cf. public 
agenda-setting), the number of tweets dealing with each DJI company was calculated by 
summarizing the number of tweets published per five-minute interval per firm. 

SentiStrength measures. Furthermore, the tweets were analyzed for sentiment 
measures, using the SentiStrength algorithm (Thelwall, Buckley, Paltoglou, Cai, & Kappas, 
2010). While SentiStrength gives a measure for positivity, negativity and neutrality for each 
tweet, for the analyses we additionally calculated sentiment (positivity – negativity) and 
emotionality (positivity + |negativity|). However, we disregarded neutrality as a measurement 
in our analyses as it does not give much information about the direction of the sentiment of 

                                                
32 The stock market data was retrieved by means of this excel sheet: http://investexcel.net. 
33 The list of the keywords can be found in Online Appendix. 7.1 of this dissertation: 
https://doi.org/10.6084/m9.figshare.5354155.v1 
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summarizing the number of tweets published per five-minute interval per firm. 
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32 The stock market data was retrieved by means of this excel sheet: http://investexcel.net. 
33 The list of the keywords can be found in Online Appendix. 7.1 of this dissertation: 
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tweets. In line with the stock data, all four SentiStrength measures were aggregated on a five-
minute scale.  

Network metrics. Following the work by Yang and colleagues (2015) on financial 
communities on Twitter, we investigated the financial network on Twitter surrounding QE of 
DJI firms by, firstly, descriptively analyzing the groups of people in the network and, 
secondly, by interpreting the betweenness centrality and PageRank of Twitter accounts 
(Hagberg, Swart, & Schult, 2008).  

 
 

Table 7.1 
Overview of DJI Companies Included in the Analyses  
 

Notes. Tweets reported here and included in the analyses were posted during the trading hours of the day of the 
announcement and the day after. For stocks that released their earnings on a Friday (General Electrics, Chevron, 
Exxon and Merck), we included the data of the next trading day (i.e. Monday). 

DJI Company Sector Number of Tweets before 
Filtering	

Number of Tweets 
after Filtering	

American Express Financial 1,192	 330	
Apple Information 

Technology 
120,438	 11,819	

Boeing Industrials 6,223	 1,270	
Caterpillar Industrials 90,789	 1,110	
Chevron Energy 3,738	 1,435	
Cisco Information 

Technology 
21,025	 2,587 

	
Coca-Cola Consumer Staples 6,777	 511	
Disney Consumer 

Discretionary 
85,641	 3,136 

	
E I du Pont de 
Nemours and Co. 

Materials 13,821	 713 
	

Exxon Mobil Energy 6,867	 2,301	
General Electric Industrials 59,561	 1,826	
Goldman Sachs Financials 69,917	 5,363	
IBM Information 

Technology 
11,360 

	
2,071	

Intel Information 
Technology 

12,514	 954 
	

Johnson & Johnson Health Care 1,100	 579	
JP Morgan Chase Financials 5,893	 2,832	
McDonald’s Consumer 

Discretionary 
16,655 

	
925	

Merck Health Care 855	 393	
Microsoft Information 

Technology 
31,468	 3,073	

Nike Consumer 
Discretionary  

59,197	 1,440	

Pfizer Health Care 2,858	 1,007	
Procter & Gamble Consumer Staples 9,296	 344	
The Home Depot Consumer 

Discretionary 
24,316	 1,172	

Travelers Companies 
Inc. 

Financials 472	 63	

United Technologies Industrials 6,754	 209	
Wal-Mart Consumer Staples 23,406	 2,063	
3 M Industrials 22,459	 1,769	
TOTAL  714,592	 51,295	

 

 

Descriptive analyses. Thus, to find out about the characteristics of the financial 
networks, we first looked at all verified users in the network that evinced a betweenness 
centrality measure (n = 80) and the 100 verified users with the highest PageRank measure. 
To get a better picture of the users, the descriptions of the accounts as well as the links of 
their profiles were looked up in order to be able to group them (e.g., news outlets, journalists, 
corporate sources, etc.). The same procedure was undertaken for 100 unverified users with 
the highest betweenness centrality and PageRank measure respectively. In so doing, an 
overview of the most relevant Twitter accounts within the financial network for both verified 
and unverified users evolved.  

Betweenness centrality. Second, we inspected the betweenness centrality 
measurement based on Freeman, Roeder and Mulholland (1979/80). It measures the 
closeness or distance between points, or Twitter accounts respectively. More specifically, 
betweenness centrality gives information about the “potential for control of communication” 
(Freeman et al., 1979/80, p. 129) or the “amount of network flow that a given node 
‘controls’” (Borgatti, 2005, p. 60). In other words, the measurement informs about the extent 
to which a particular point (Twitter user) is closest to all other points, using the shortest way 
(Stephenson & Zelen, 1989).  

PageRank. Third, we took a look at the PageRank metric. Google applies this 
algorithm to rank websites when using its search engine. Instead of simply looking at the 
number of web pages that direct to a website, this algorithm catches the importance of a 
website by obtaining the link structure (Page, Brin, Motwani, & Winograd, 1999). Hence, a 
Twitter user with a high PageRank indicates that its tweets are retweeted many times by other 
users and/or are followed by other influential Twitter users (Kwak et al., 2010). 

 
Vector Autoregression Analysis 
To investigate the reciprocal relationships between the number of tweets and the 
SentiStrength metrics of the tweets from the financial network and the stock market prices of 
the 27 DJI firms within the period of QE announcements respectively, vector autoregression 
(VAR) analyses were employed. Analyses were conducted based on the procedure as 
suggested by Vliegenthart (2014) and with the software STATA. We estimated for each DJI 
firm (27) VAR models with the five Twitter variables as outlined above (number of tweets, 
positive, negative, sentiment, emotionality). In total, 108 VAR models were constructed.   

Procedure. First, the series were tested for stationarity with the Augmented Dickey-
Fuller (ADF) test. In most cases, the stock price series was non-stationary, which led us to 
difference this series, but also the series of the Twitter variables in order to reach the same 
level of integration. In the second step, the lag structure of the VAR models had to be 
identified. Given that usually stock market prices are published with a delay of 20 to 30 
minutes on websites, we chose a lag structure of 30 minutes, thus six lags (i.e., one lag equals 
a five-minute interval). In other words, both variables (e.g., tweet variables, stock market 
prices) are estimated by considering their past up to 30 minutes, thus using six lags of their 
series. Based on selection-order statistics (e.g., Akaike’s information criterion), STATA 
indicates which number of lags would be best for constructing a VAR model.  
 Next, the VAR model was estimated by using the recommended number of lags. 
Furthermore, by estimating Granger causality tests, a first indication of whether one series 
(e.g., number of tweets) predicts the other series (e.g., stock market price) above and beyond 
its past values could be spotted. To test whether the significant Granger causality findings 
hold, two forecasting estimates were investigated. First, the cumulative impulse response 
functions (CIRF) which gives information about the response of the defined dependent 
variable (as indicated by the results of the Granger causality test) after a one-unit increase in 
the independent variable (shock). Second, the forecast error variance (FEV) was performed. 
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This indicator informs the researcher about how much variation of the chosen dependent 
variable (e.g., stock price) is explained by its own lagged values and how much by the 
independent variable (e.g., number of tweets). Due to the high number of VAR models 
estimated, only significant Granger causality findings with significant and stable CIRF 
findings are reported here. 

VAR robustness checks. To make sure that the VAR models were stable, a few 
robustness checks were consulted. First, the residuals of the two series were tested for 
autocorrelation by means of the Portmanteau (Q) test. Second, the squared residuals were 
checked for heteroskedasticity. In case of autocorrelation of residuals, VAR models with a 
higher number of lags (usually the second-best model as suggested by the model fit indices) 
or up to the maximum number of lags (cf. six) were tested. If this indicated a better model fit 
by passing the Portmanteau (Q) test, the model with the higher lag structure was chosen. The 
same procedure had been conducted in cases of heteroskedasticty. If autocorrelation could be 
solved with more lags, but heteroskedasticity not, the most parsimonious model was chosen; 
hence accepting heteroskedasticity over autocorrelation, using a less complex model. 
Impairments of the series are indicated in Table 7.4 and Table 7.5.34 However, the VAR 
models were furthermore checked for their eigenvalue stability condition. All the VAR 
models passed this test, indicating stable estimations.   

 
Qualitative Analysis of QE Announcements 
In order to put the results of the VAR analyses in context, the findings were juxtapositioned 
with data from financial online news media and the DJI companies themselves. To do so, first 
all the press releases of the 27 DJI firms were looked up that announced their QE between 
June and August 2017. Based on the major message points of the press releases (cf. bullet 
points in the header of the press release) and the lead paragraph of the text, each QE release 
was assessed whether it was portrayed as positive, neutral or negative. Secondly, it was 
looked into how major financial news online (e.g., thestreet.com, seekingalpha.com, 
investors.com, cnbc.com, etc.) that was still available via Google News reported on the QE 
announcement the day prior and on the day of the QE itself. The analysis of the secondary 
data will be reported in more detail below.35  
 
 

Results 
 

Financial Network Analysis 
To answer the first research question (RQ1), the betweenness centrality measurement and 
PageRank were investigated. Furthermore, the most relevant Twitter accounts (based on the 
two network metrics) were categorized and plotted based on a profile research. 

Betweenness centrality. It appears that the values for betweeness centrality are quite 
low, ranging only from 4.940E-05 up to 0.0004 for the five Twitter accounts with the highest 
betweenness centrality, both verified and unverified users (see Table 7.2). Hence, none of the 
actors plays a “necessary” (p. 129) role in the terms used by Freeman et al. (1979/80). 
However, a variety of accounts seem to rank on top in term of betweenness centrality. 
Whereas for verified users news outlets such as CNBC or TheStreet and individuals such as 

                                                
34 Heteroscedasticity is a common problem in studies dealing with stock data, and has been dealt with GARCH 
models in the past (e.g., Lanne & Lütkepohl, 2010). GARCH models are however used for directional effect 
assumptions and thus not desirable in this study where mutual influences are investigated. 
35 The excel file with the overview of the coding of the financial media coverage and press releases by the 27 
DJIA companies can be requested from the author of this dissertation. 
 

 

 

Jim Cramer (a popular TV personality, former hedge fund manager and currently host of the 
CNBC show “Mad Money”) or investment advisors with their firms such as Gerber 
Kawasaki are at the center of the network, the overview of unverified users suggests that 
rather journalists, particularly those writing for TheStreet (e.g., Brown_TheDeal or 
TomTerrarosa), are crucial in distributing information among the network. Among unverified 
users, one also finds users that barely identify themselves on their profiles (e.g., davidmoble, 
AsymmetricAlpha), but who seem to be well connected among others in the network. 
Besides, trading networks, communities and trading institutions appear to be represented 
among the top five users in the network consisting of unverified users. 

PageRank. Similar to the betweenness centrality measure, the values of the 
PageRank for the financial network under investigation indicate rather low values (see Table 
7.3). With regard to the verified users, particularly news outlets such as the financial 
broadcaster CNBCnow, the financial news The Wall Street Journal (i.e., WSJD), the financial 
news and services websites TheStreet and YahooFinance, or the social trading network 
StockTwits evince the highest PageRanks. Unverified users have overall lower PageRanks, 
while here particularly individuals such as journalists writing for YahooFinance (i.e., 
SeanaNSmith), individual traders (i.e., StockConfirms) or unidentifiable users (i.e., 
BryceFaubel) rank on top of the list. Furthermore, news distribution channels—thus, mainly 
platforms that distribute stock market and trading alerts in real time—are found among the 
top five with the highest PageRank of unverified users.  

Categories. After having grouped the Twitter users from the financial network related 
to the QE announcements of the DJI firms, a similar picture as the one described for the 
betweenness and PageRank measurements emerged (see Figure 7.1). The most prevalent 
category in the financial network among verified users can be attributed to news outlets (e.g., 
CNBC, TheStreet, YahooFinance, The Wall Street Journal, Business Insider, MarketWatch, 
or Reuters), followed by journalists (e.g., financial/business journalists, editors or industry 
reporters), corporate sources (e.g., from Goldman Sachs, Cisco or Chevron) and individuals 
(e.g., investment experts or private investors). With regard to unverified users, most accounts 
have been identified as individuals (e.g., private investor, trading expert or financial 
consultant), while quite a few could not be attributed to a category at all, due to missing 
descriptions in their profiles (n = 47).  

Hence, besides the few unidentifiable users found to be ranked central in the network, 
the betweenness centrality measure, the PageRank and the categorization of the users have 
shown that financial news media and financial journalists seem to be at the core of financial 
networks surrounding the QE announcements of the DJI firms. While actors such as CNBC, 
TheStreet, YahooFinance or Jim Cramer are generally well-known sources on the financial 
market, anonymous sources as well as individuals such as investors and trading experts also 
seem to take a central role in the network. Furthermore, trading platforms/institutes as well as 
news distribution channels that provide the trading community with real-time news alerts and 
analyses appear to be relatively influential.  
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announcement the day prior and on the day of the QE itself. The analysis of the secondary 
data will be reported in more detail below.35  
 
 

Results 
 

Financial Network Analysis 
To answer the first research question (RQ1), the betweenness centrality measurement and 
PageRank were investigated. Furthermore, the most relevant Twitter accounts (based on the 
two network metrics) were categorized and plotted based on a profile research. 

Betweenness centrality. It appears that the values for betweeness centrality are quite 
low, ranging only from 4.940E-05 up to 0.0004 for the five Twitter accounts with the highest 
betweenness centrality, both verified and unverified users (see Table 7.2). Hence, none of the 
actors plays a “necessary” (p. 129) role in the terms used by Freeman et al. (1979/80). 
However, a variety of accounts seem to rank on top in term of betweenness centrality. 
Whereas for verified users news outlets such as CNBC or TheStreet and individuals such as 

                                                
34 Heteroscedasticity is a common problem in studies dealing with stock data, and has been dealt with GARCH 
models in the past (e.g., Lanne & Lütkepohl, 2010). GARCH models are however used for directional effect 
assumptions and thus not desirable in this study where mutual influences are investigated. 
35 The excel file with the overview of the coding of the financial media coverage and press releases by the 27 
DJIA companies can be requested from the author of this dissertation. 
 

 

 

Jim Cramer (a popular TV personality, former hedge fund manager and currently host of the 
CNBC show “Mad Money”) or investment advisors with their firms such as Gerber 
Kawasaki are at the center of the network, the overview of unverified users suggests that 
rather journalists, particularly those writing for TheStreet (e.g., Brown_TheDeal or 
TomTerrarosa), are crucial in distributing information among the network. Among unverified 
users, one also finds users that barely identify themselves on their profiles (e.g., davidmoble, 
AsymmetricAlpha), but who seem to be well connected among others in the network. 
Besides, trading networks, communities and trading institutions appear to be represented 
among the top five users in the network consisting of unverified users. 

PageRank. Similar to the betweenness centrality measure, the values of the 
PageRank for the financial network under investigation indicate rather low values (see Table 
7.3). With regard to the verified users, particularly news outlets such as the financial 
broadcaster CNBCnow, the financial news The Wall Street Journal (i.e., WSJD), the financial 
news and services websites TheStreet and YahooFinance, or the social trading network 
StockTwits evince the highest PageRanks. Unverified users have overall lower PageRanks, 
while here particularly individuals such as journalists writing for YahooFinance (i.e., 
SeanaNSmith), individual traders (i.e., StockConfirms) or unidentifiable users (i.e., 
BryceFaubel) rank on top of the list. Furthermore, news distribution channels—thus, mainly 
platforms that distribute stock market and trading alerts in real time—are found among the 
top five with the highest PageRank of unverified users.  

Categories. After having grouped the Twitter users from the financial network related 
to the QE announcements of the DJI firms, a similar picture as the one described for the 
betweenness and PageRank measurements emerged (see Figure 7.1). The most prevalent 
category in the financial network among verified users can be attributed to news outlets (e.g., 
CNBC, TheStreet, YahooFinance, The Wall Street Journal, Business Insider, MarketWatch, 
or Reuters), followed by journalists (e.g., financial/business journalists, editors or industry 
reporters), corporate sources (e.g., from Goldman Sachs, Cisco or Chevron) and individuals 
(e.g., investment experts or private investors). With regard to unverified users, most accounts 
have been identified as individuals (e.g., private investor, trading expert or financial 
consultant), while quite a few could not be attributed to a category at all, due to missing 
descriptions in their profiles (n = 47).  

Hence, besides the few unidentifiable users found to be ranked central in the network, 
the betweenness centrality measure, the PageRank and the categorization of the users have 
shown that financial news media and financial journalists seem to be at the core of financial 
networks surrounding the QE announcements of the DJI firms. While actors such as CNBC, 
TheStreet, YahooFinance or Jim Cramer are generally well-known sources on the financial 
market, anonymous sources as well as individuals such as investors and trading experts also 
seem to take a central role in the network. Furthermore, trading platforms/institutes as well as 
news distribution channels that provide the trading community with real-time news alerts and 
analyses appear to be relatively influential.  
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Figure 7.1 Number of Twitter accounts per group (N=344); included are the 
accounts with the highest betweenness centrality measure (verified: n=80; unverified: 
n=100) and highest PageRank (verified: n=100; unverified: n=100); duplicates were 
excluded.  

 
 
VAR Analyses: Twitter and the Stock Market 
To answer the second research question (RQ2), it was furthermore investigated how the 
tweets affected the stock market prices of the DJI firms, or vice versa. The results of the VAR 
models with the Twitter variables (e.g., negativity) as the independent variables can be found 
in Table 7.4, while the findings for the VAR analyses in which the stock market prices are the 
independent variables are shown in Table 7.5. The graphs of the cumulative impulse response 
functions (CIRF) for the stable and significant VAR findings reported here are displayed in 
Figure 7.2 and 7.3.   

Number of tweets. The variable for the number of tweets evinces the most significant 
and stable VAR findings with regard to the 27 DJI firms. Except for Nike, all significant 
VAR results point into a negative direction, suggesting that an increase in the number of 
tweets (change) brings about a negative change in the stock prices of Disney, IBM, Intel, JP 
Morgan and Exxon Mobile. However, the cumulative impulse response functions (CIRF) are 
overall quite low and only range between -0.001 (JP Morgan) up to -0.028 (IBM) (see Figure 
7.2). Moreover, a change in the number of tweets only explains between zero (JP Morgan) 
after five minutes, but up to 64.1% (Intel) of the variation in the change of the stock prices 
after 30 minutes, while the rest can be attributed to the stock price series themselves. 

55

25
14

29
18 9 2

47

9

2
3

43

0

74

12

2

0
10
20
30
40
50
60
70
80
90

Verified Accounts

Unverified Accounts

  T
ab

le
 7

.4
 

Si
gn

ifi
ca

nt
 R

es
ul

ts
 fo

r t
he

 V
AR

 A
na

ly
se

s:
 T

w
itt

er
 V

ar
ia

bl
es

 a
s I

nd
ep

en
de

nt
 V

ar
ia

bl
es

 a
nd

 S
to

ck
 M

ar
ke

t P
ri

ce
s a

s D
ep

en
de

nt
 V

ar
ia

bl
es

 
 N

ot
es

. A
ll 

Se
rie

s 
ar

e 
di

ff
er

en
ce

d 
(e

xc
ep

t f
or

 IB
M

, C
oc

a-
C

ol
a)

; m
ax

im
um

 la
g 

st
ru

ct
ur

e 
is

 6
 (~

30
 m

in
ut

es
); 

al
l m

od
el

s 
sa

tis
fie

d 
th

e 
st

ab
ili

ty
 c

on
di

tio
n;

 1 Po
rtm

an
te

au
 T

es
t f

or
 

sq
ua

re
d 

re
si

du
al

s 
of

 tw
ee

ts
 s

er
ie

s 
ne

ga
tiv

e;
 2 Po

rtm
an

te
au

 T
es

t f
or

 s
qu

ar
ed

 re
si

du
al

s 
of

 s
to

ck
 s

er
ie

s 
ne

ga
tiv

e;
 3 Po

rtm
an

te
au

 T
es

t f
or

 re
si

du
al

s 
of

 tw
ee

t s
er

ie
s 

ne
ga

tiv
e;

 
4 Po

rtm
an

te
au

 T
es

t f
or

 re
si

du
al

s 
of

 s
to

ck
 s

er
ie

s 
ne

ga
tiv

e;
 *

p 
< 

.0
5,

 *
*p

 <
 .0

1,
 *

**
p 

< 
.0

01
. 

 St
oc

k 
In

du
st

ry
 

T
w

ee
ts

 
Po

si
tiv

e 
N

eg
at

iv
e 

Se
nt

im
en

t 
E

m
ot

io
na

lit
y 

C
oc

a-
C

ol
a 

C
on

su
m

er
s 

L(
2)

 c
2  =

 3
.6

14
, n

s2,
4 

N
 =

 1
56

 
L(

5)
 c

2  =
 7

.5
57

, n
s1 

N
 =

 1
53

 
L(

2)
 c

2  =
 1

3.
20

4*
*2 

C
IR

F 
= 

0.
03

0 
FE

V
 =

 0
.0

07
, n

s 
N

 =
 1

56
 

L(
2)

 c
2  =

 7
.4

62
*1,

2 

C
IR

F 
= 

0.
03

6 
FE

V
 =

 0
.0

07
, n

s 
N

 =
 1

56
 

L(
2)

 c
2  =

 1
1.

02
1*

*1,
2 

C
IR

F 
= 

-0
.0

17
 

FE
V

 =
 0

.0
06

, n
s 

N
 =

 1
56

 
D

is
ne

y 
C

on
su

m
er

s 
L(

6)
 c

2  =
 2

1.
80

5*
*1,

2 

C
IR

F 
= 

-0
.0

03
, n

s 
FE

V
 =

 0
.1

21
 

N
 =

 1
51

 

L(
6)

 c
2  =

 5
.2

28
, n

s2 

N
 =

 1
51

 
L(

6)
 c

2  =
 4

.5
17

, n
s1,

2 

N
 =

 1
51

 
L(

6)
 c

2  =
 2

.0
65

, n
s2 

N
 =

 1
51

 
L(

6)
 c

2  =
 6

.3
33

, n
s1,

2 

N
 =

 1
51

 

E
xx

on
 M

ob
il 

En
er

gy
 

L(
5)

 c
2  =

 1
1.

51
8*

1 

C
IR

F 
= 

-0
.0

05
 

FE
V

 =
 0

.0
57

, n
s 

N
 =

 1
52

 

L(
3)

 c
2  =

 0
.5

83
, n

s1 

N
 =

 1
54

 
L(

2)
 c

2  =
 0

.8
58

, n
s 

N
 =

 1
55

 
L(

3)
 c

2  =
 1

.5
22

, n
s 

N
 =

 1
54

 
L(

3)
 c

2  =
 0

.6
49

, n
s1 

N
 =

 1
54

 

IB
M

 
  

Te
ch

no
lo

gy
 

L(
5)

 c
2  =

 1
2.

33
2*

 

C
IR

F 
= 

-0
.0

28
 

FE
V

 =
 0

.0
81

, n
s 

N
 =

 1
53

 

L(
2)

 c
2  =

 1
.7

85
, n

s1 

N
 =

 1
56

 
L(

2)
 c

2  =
 1

.9
36

, n
s 

N
 =

 1
56

 
L(

2)
 c

2  =
 4

.0
54

, n
s 

N
 =

 1
56

 
L(

2)
 c

2  =
 1

.2
10

, n
s1 

N
 =

 1
56

 

In
te

l 
Te

ch
no

lo
gy

 
L(

6)
 c

2  =
 2

80
.4

6*
**

 

C
IR

F 
= 

-0
.0

19
 

FE
V

 =
 0

.6
41

 
N

 =
 1

51
 

L(
6)

 c
2  =

 2
.1

56
, n

s3 

N
 =

 1
51

 
L(

3)
 c

2  =
 0

.7
12

, n
s3 

N
 =

 1
54

 
L(

3)
 c

2  =
 0

.3
05

, n
s 

N
 =

 1
54

 
L(

2)
 c

2  =
 0

.1
84

, n
s3 

N
 =

 1
55

 

JP
 M

or
ga

n 
Fi

na
nc

ia
ls

 
L(

1)
 c

2  =
 5

.5
09

*1,
2 

C
IR

F 
= 

-0
.0

01
 

FE
V

 =
 0

 
N

 =
 1

56
 

L(
4)

 c
2  =

 0
.5

16
, n

s1,
2 

N
 =

 1
53

 
L(

4)
 c

2  =
 0

.5
39

, n
s1,

2 

N
 =

 1
53

 
L(

4)
 c

2  =
 2

.1
58

, n
s2 

N
 =

 1
53

 
L(

4)
 c

2  =
 0

.2
58

, n
s1,

2 

N
 =

 1
53

 

M
er

ck
 

H
ea

lth
 C

ar
e 

L(
4)

 c
2  =

 5
.0

93
, n

s 

N
 =

 1
53

 
L(

6)
 c

2  =
 3

.7
44

, n
s 

N
 =

 1
51

 
L(

6)
 c

2  =
 1

9.
54

2*
*3 

C
IR

F 
= 

0.
05

7 
FE

V
 =

 0
.0

99
 

N
 =

 1
51

 

L(
6)

 c
2  =

 1
7.

02
7*

* 

C
IR

F 
= 

0.
06

3 
FE

V
 =

 0
.0

85
 

N
 =

 1
51

 

L(
4)

 c
2  =

 7
.5

52
, n

s3 

N
 =

 1
53

 

N
ik

e 
C

on
su

m
er

s 
L(

2)
 c

2  =
 9

.4
34

**
2 

C
IR

F 
= 

0.
00

5 
FE

V
 =

 0
.0

06
, n

s 
N

 =
 1

55
 

L(
4)

 c
2  =

 2
.1

70
, n

s,2
 

N
 =

 1
53

 
L(

2)
 c

2  =
 0

.7
37

, n
s,1

,2
 

N
 =

 1
55

 
L(

6)
 c

2  =
 2

.2
10

, n
s2 

N
 =

 1
51

 
L(

1)
 c

2  =
 9

.9
e-

05
, n

s2 

N
 =

 1
56

 



155  Financial Networks: Describing Network and Stock Price Dynamics 
                      During Quarterly Earnings Announcements

 

 

 
Figure 7.1 Number of Twitter accounts per group (N=344); included are the 
accounts with the highest betweenness centrality measure (verified: n=80; unverified: 
n=100) and highest PageRank (verified: n=100; unverified: n=100); duplicates were 
excluded.  

 
 
VAR Analyses: Twitter and the Stock Market 
To answer the second research question (RQ2), it was furthermore investigated how the 
tweets affected the stock market prices of the DJI firms, or vice versa. The results of the VAR 
models with the Twitter variables (e.g., negativity) as the independent variables can be found 
in Table 7.4, while the findings for the VAR analyses in which the stock market prices are the 
independent variables are shown in Table 7.5. The graphs of the cumulative impulse response 
functions (CIRF) for the stable and significant VAR findings reported here are displayed in 
Figure 7.2 and 7.3.   

Number of tweets. The variable for the number of tweets evinces the most significant 
and stable VAR findings with regard to the 27 DJI firms. Except for Nike, all significant 
VAR results point into a negative direction, suggesting that an increase in the number of 
tweets (change) brings about a negative change in the stock prices of Disney, IBM, Intel, JP 
Morgan and Exxon Mobile. However, the cumulative impulse response functions (CIRF) are 
overall quite low and only range between -0.001 (JP Morgan) up to -0.028 (IBM) (see Figure 
7.2). Moreover, a change in the number of tweets only explains between zero (JP Morgan) 
after five minutes, but up to 64.1% (Intel) of the variation in the change of the stock prices 
after 30 minutes, while the rest can be attributed to the stock price series themselves. 
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When assessing the analyst and media coverage on the QE announcements and the actual 
reporting of the quarterly figures by the DJI companies, the negative reactions of the stock 
prices of Disney, IBM, Intel, JP Morgan Chase and Exxon Mobile become more accessible. 
For example, the financial media did not only expect Exxon to report negative QE results, but 
the results were also evaluated negatively after the release (thestreet.com). Similarly, the QE 
results of Intel—although expected being positive by analysts beforehand (investors.com)—
was negatively portrayed by the media after the announcement (the street.com). In fact, both 
stocks Exxon Mobil and Intel closed lower one day after the release of the QE 
announcements (XOM: -3.47%; INTC: -3.98%).  

However, the VAR findings for Disney, IBM and JP Morgan Chase are less in line 
with the secondary data. All three companies reported positive results, were positively 
assessed by analysts and the media, and closed with a plus in their stock price the day after 
the release of the QE (DIS: 1.23%; IBM: 1.12%; JPM: 0.09%). This contradiction with the 
VAR results might have something to do with the fact that the changes of stock prices for 
Disney, IBM, and JP Morgan Chase were not strong enough, or that simply the variable 
number of tweets was not a reliable factor for these firms to predict their stock movements.  

Conversely, the stock price of Nike seems to be slightly positively influenced by a 
change of the number of tweets (CIRF: 0.005) during its QE announcement, explaining 0.6% 
of the variance of the stock price after two steps (cf. 10 minutes). Investigating the secondary 
data, it becomes clear that although the media reported negatively on the QE beforehand and 
on the day of the announcement itself (cnbc.com, thestreet.com), Nike published overall 
positive earnings (Nike press release) and also closed 3.84% higher at 55.13 the day after the 
earnings release.  
 Investigating the reversed effects, only two significant and stable VAR findings 
emerge for the variable number of tweets. Here, the number of tweets (change) related to the 
QE of Coca-Cola appears to be negatively influenced by a change in the stock market price 
of the firm (CIRF: -38.836), yet explaining only 6.6% of the variation after two steps (cf. 10 
minutes). Reversely, the number of tweets dealing with Procter & Gamble and its QE seems 
to be positively influenced by an increase in the stock price (change) of the firm after two 
steps (CIRF: 6.350), but only explaining 2.6% of the variation. When reversing these findings 
(i.e., a decrease in the change of the stock price leads to a 6.350 decrease in the change of the 
number of tweets), these results make sense in light of the secondary data on Procter & 
Gamble. While the expectations were rather negative (thestreet.com) and while P&G reported 
in line with the expectations that caused a neutral coverage on the QE in the aftermaths 
(247wallst.com), its stock price decreased slightly by 0.91% the day after the announcement. 
Hence, the fact that the QE announcement of P&G was in line with the market expectations, 
causing less comprehensive reporting and a decrease in the stock price confirm the results of 
the VAR analysis for P&G when looking at it from a reversed perspective.  

Positivity, negativity, sentiment and emotionality. While there are no significant 
and stable VAR findings for positive tweets in relation to the stock market prices of the DJI 
firms, or vice versa, there are a few findings for negativity, sentiment and emotionality. The 
stock price of Coca-Cola appears to be slightly positively influenced by an increase in 
negative tweets (CIRF: 0.030) and sentiment (CIRF: 0.036), explaining both 0.7% of the 
variation of the stock price after 10 minutes. With regard to the measurement of emotionality, 
a negative effect was found for Coca-Cola (CIRF: -0.017), but only explaining 0.6% of the 
variation after two steps. In line with these findings, the stock price (change) of Merck also 
displays small positive reactions toward an increase in the change of negativity (CIRF: 0.057) 
and sentiment in tweets (CIRF: 0.063) after 30 minutes, explaining 9.9% and 8.5% of the 
variation respectively.  
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(247wallst.com), its stock price decreased slightly by 0.91% the day after the announcement. 
Hence, the fact that the QE announcement of P&G was in line with the market expectations, 
causing less comprehensive reporting and a decrease in the stock price confirm the results of 
the VAR analysis for P&G when looking at it from a reversed perspective.  

Positivity, negativity, sentiment and emotionality. While there are no significant 
and stable VAR findings for positive tweets in relation to the stock market prices of the DJI 
firms, or vice versa, there are a few findings for negativity, sentiment and emotionality. The 
stock price of Coca-Cola appears to be slightly positively influenced by an increase in 
negative tweets (CIRF: 0.030) and sentiment (CIRF: 0.036), explaining both 0.7% of the 
variation of the stock price after 10 minutes. With regard to the measurement of emotionality, 
a negative effect was found for Coca-Cola (CIRF: -0.017), but only explaining 0.6% of the 
variation after two steps. In line with these findings, the stock price (change) of Merck also 
displays small positive reactions toward an increase in the change of negativity (CIRF: 0.057) 
and sentiment in tweets (CIRF: 0.063) after 30 minutes, explaining 9.9% and 8.5% of the 
variation respectively.  
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Investigating the reversed effects, a similar picture emerges. Here, a one-unit increase 
in the change of the stock price of Coca-Cola comes along with an increase in the change of 
negativity in tweets (CIRF: 3.989) and sentiment (CIRF: 2.772) in tweets, explaining 1.1% 
and 1.2% of the variation in negativity after 10 minutes respectively. Negative reactions 
toward changes in the stock market prices can be detected for Coca-Cola regarding 
emotionality (CIRF: -5.881; FEV: 1%), for Merck with reference to sentiment (CIRF: -3.414; 
FEV: 0.9%) and for Travelers Companies Inc. with respect to emotionality (CIRF: -2.528; 
FEV: 0.2%).   

The small effects regarding Merck reflect the nature of the secondary data related to 
its QE release. It appeared that the QE announcement by Merck was reported in a rather 
neutral and unagitated way. Not only did the media report mixed about the market 
expectations of the QE beforehand (investors.com), Merck itself reported neutrally on its 
figures (Merck press release), whereas the media assessed the QE again mixed after its 
release (investors.com). Given that the actual earnings of Merck mostly met market 
expectations, it was less surprising that the stock price of Merck did not change one day after 
the QE release.  

Regarding Coca-Cola, it seemed that the company even exceeded the negative 
expectations of the market expressed prior to the QE announcement (reuters.com). Although 
Coca-Cola reported overall positively about their earnings (Coca Cola press release), the 
market did not buy in the optimistic outlook. The stock market price closed only 0.58% 
higher the day after the QE release. Hence, it might have been due to the disappointing 
figures of Coca-Cola and the worries the media and analysts emphasized therewith that the 
change in the stock price has caused more negativity, stronger sentiment, but less overall 
emotionality in the tweets as found in the VAR analyses. 

Lastly, there were no explicit earnings forecasts expressed in the media referring to 
Travelers Company Inc.’s earnings beforehand. Although the company itself reported 
neutrally on the mixed earnings, the media afterwards declared that Travelers Company Inc. 
had exceeded the expectations of the market positively (247wallst.com). Yet, the positive 
news failed to materialize, as the stock price of Travelers Company Inc. closed only 0.37% 
higher the day after the release. The absence of the excitement among traders can also be 
seen in the VAR analyses for Travelers Company Inc. that showed a decrease in emotionality 
after an increase of its stock price (change). 

 
 

Discussion 
 

This study has presented a first attempt in communication science to analyze financial 
networks online on Twitter. Focusing on the QE announcements of 27 DJI companies in 
summer 2016, the network analyses suggested that the most central actors in the financial 
network under study are established financial media (e.g., CNBC, YahooFinance, TheStreet), 
financial journalists working for these outlets, as well as individuals who are well-known for 
their investment advisory in the financial industry (e.g., Jim Cramer). However, also less 
prominent private investors, investment firms as well as trading networks or institutions as 
well as news distribution channels could be identified among the top accounts in the financial 
network investigated. 

Answering the first research question (RQ1), the findings suggest that the financial 
network surrounding QE announcements of DJI companies is rather closed and represents an 
elite audience that is reflecting a self-constitutive and self-reinforcing financial system that 
has also been identified in earlier research dealing with information distribution among 
financial market participants (e.g., Davis, 2005; Knorr-Cetina & Bruegger, 2002a, 2002b; 

 

 

Thompson, 2013). Although it seems to be possible for anonymous individuals to get access 
to these networks on Twitter (cf. the unidentifiable accounts), the coding of the 344 most 
prevalent accounts showed that news outlets, journalists as well as traders or investment 
experts still constitute the majority of the most central network actors. In this vein, the 
findings can also be considered in light of the two-step flow theory (Katz & Lazarsfeld, 
1966), implying that financial news, financial journalists and professional traders function as 
opinion leaders that distribute information to other members of the financial Twitter network. 
Thus, the three main groups of actors are not only influenced by financial news about QE, but 
partly constitute or produce the news themselves.  

Furthermore, the findings of the VAR analyses combined with the secondary data 
analyses imply three conclusions that answer the second research question (RQ2): First, there 
were overall few relationships found between tweets surrounding the QE announcements and 
the stock market prices of the DJI firms overall. This might be due to the fact that most 
companies who had reported their QE in summer 2016 met the expectations of the market, as 
shown by the inspection of the financial media coverage on the QE announcements. Indeed, 
and considering that the most central accounts in the financial Twitter network belonged to 
the news media, financial media or distribution channels of news, the findings of this study 
correspond with previous research that has found either only small, moderate or no effects 
between news media and the stock market after all (e.g., Bhattacharya, Galpin, Ray, & Yu, 
2009; Davis, 2005).  

However, and second, a number of small public agenda-setting effects, but fewer and 
stronger media agenda-setting (cf. reversed) effects could be identified for the DJI companies 
who reported their QE. While support for the public agenda-setting effect has been mostly 
found for the number of tweets posted during the day of the QE up to one day after, media 
agenda-setting effects were less numerous or consistent, but have particularly emerged for the 
variable negativity, sentiment and emotionality of tweets. Overall, it seems that the more 
tweets are posted on Twitter surrounding a QE announcement, the more it might cause the 
stock price of the reporting company to decline. This is in line with previous research that has 
shown that stock market prices of companies react with increased trading volume (e.g., 
Antweiler & Frank, 2004) or negative returns (e.g., Fang & Peress, 2009) when media raises 
attention toward companies. 

On the other hand, an increase in the stock price of the reporting company might also 
come along with mixed effects regarding the communication of the financial network on 
Twitter. While the media agenda-setting effects are less informative in this vein, the analysis 
of the secondary data has shown that the way the financial network on Twitter was 
communicating about the QE announcements (e.g., negativity) might have been related to the 
actual results of the QE announcements and whether the companies met the expectations of 
the market or not (cf. as interpreted by financial media). Confirming these findings, previous 
research has shown that stocks do not only evince stronger trading volatility and liquidity in 
times of QE announcements (Blankespoor et al., 2017, in press), it has also been found that 
the assessment by analysts as well as revisions on forecasts can have an impact onto how the 
reported numbers are played out in share prices (e.g., Ramnath, Rock, & Shane, 2008).  

However, this study does not come without limitations. Given that the data collection 
with the Twitter API has a rate limitation (Boyd & Crawford, 2012), it might have been the 
case that we were not able to retrieve all the Twitter data that was actually released during the 
QE announcements of the stocks under investigation. Furthermore, the automated content 
analysis by means of SentiStrength might not have entirely captured the sentiment that the 
Twitter accounts wanted to express about the QE announcements (cf. Kalampokis, 
Tambouris, & Tarabanis, 2013). Future research might profit from looking up the hyperlinks 
used in those tweets that refer to third sources (e.g., news websites). Moreover, upcoming 
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studies could do more in mapping the overtime network dynamics of users tweeting about 
financial events and investigating the interactions with the share prices of stocks over time.  

Yet looking into the future, and acknowledging recent trends in algorithm trading 
(Lewis, 2014), automated news production and analyses (Blankespoor et al., 2017, in press), 
we are confident that upcoming research will continue to question the black box of financial 
networks in the online sphere and their reciprocal relationships with the stock market. To this 
point, this study has delivered important contributions to the field of financial communication 
and offered a more hands-on analysis of financial networks on Twitter, demonstrating how 
the communication therein interacts with the stock market prices of companies reporting on 
their QE, but also showing that financial networks online might be similarly elitist and self-
referential as financial networks having previously been studied offline.  




