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Abstract
This study investigates the interdependent relationships between the stock market 
and economic news in the U.S. context. 2,440 economic tweets from Reuters and 
Bloomberg published in September 2015 were analyzed within short-term intervals 
(5 minutes, 20 minutes, and 1 hour) as well as 50 influential Bloomberg market 
coverage stories distributed via their terminals for the same period of time. Using 
Vector Auto Regression analyses, it was found that news volume, news relevance, 
and expert opinion in tweets seem to influence the fluctuation of the Dow Jones 
Industrial Average (DJI) positively, while economic news appears to respond to 
market fluctuation with less coverage, including fewer retweets, favorites, updates, 
or expert opinions conveyed. Inspecting the influential market stories by Bloomberg, 
the results imply that while Bloomberg terminals provide firsthand information on 
the market to professionals, tweets rather seem to offer follow-up reporting to the 
public. Furthermore, given that the effect of economic tweets on the DJI fluctuations 
was found to be strongest within longer time intervals (i.e., 1 hour), the findings imply 
that public traders need more time to evaluate information and to make a trading 
decision than professional investors.
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Globalization and digital technologies have led to the delivery of economic news in real 
time (Barber & Odean, 2001; Hope, 2010). Microblogging platforms, such as Twitter, pro-
vide news on stocks and the financial market instantly, making it a useful and accessible 
information source for investors. Indeed, several examples of the dissemination of eco-
nomic news on Twitter, leading to severe fluctuations of share prices, suggest that tweets 
can exert a considerable influence not only on stocks but also on the coverage on those 
incidents thereafter (e.g., Tesla’s new product line, April 2015: Sheffield, 2015). Although 
these relationships might be expected in light of public agenda-setting (McCombs & Shaw, 
1972) and media agenda-setting theory (Rogers, Dearing, & Bregman, 1993), it still needs 
to be empirically examined whether general agenda-setting patterns also apply in the eco-
nomic news context. It is still up for discussion to what extent tweets influence the stock 
market, or whether tweets are mainly follow-up reports on recent market events.

Scholars in finance, information systems, and communication science have increas-
ingly devoted attention to the supposed effect of social media and online news on the 
stock market (e.g., Antweiler & Frank, 2004; Bollen, Mao, & Zeng, 2011). However, 
some of these studies lack in terms of external validity and practical implications for 
investors in explaining why certain news drives the stock market while other does not. 
In addition, only few studies have been seeking the reversed relationship, scrutinizing 
whether and how stock market reactions drive news reporting (e.g., Kleinnijenhuis, 
Schultz, Utz, & Oegema, 2015; B. Scheufele, Haas, & Brosius, 2011). And only 
slowly, scholars start to take a step beyond looking at daily stock market and news 
data, investigating high-frequency data and stock market reactions at lower time inter-
vals (e.g., Groß-Klußmann & Hautsch, 2011).

In accounting for these shortcomings, this study contributes to existent work in three 
ways: First, we study the mutual relationships between economic news (i.e., tweets 
released by Reuters and Bloomberg accounts) and the stock market (i.e., fluctuation of 
the Dow Jones Industrial Average [DJI]) in September 2015, providing tentative evi-
dence for both public agenda-setting and media agenda-setting theory. Second, in cod-
ing the tweets manually, we account for the multidimensionality of economic news and 
the actual content. More specifically, we unravel the interdependent relationships of 
various facets of economic news, on one hand (e.g., news volume, relevance, expert 
opinion), and stock market fluctuation of the DJI, on the other hand. And third, by 
applying adequate time series analyses, we investigate intraday interactions (5-minute, 
20-minute, 1-hour interval), revealing the dynamic relationships between economic 
news and the stock market within short-term intervals. Eventually, we contextualize our 
findings by analyzing market-moving Bloomberg news articles, the so-called “influen-
tial market coverage,” that are distributed through Bloomberg terminals—the main 
source of financial news for professional investors (cf. Davis, 2005).

Theoretical Background

The Role of Media

Media are powerful tools to spread information on the financial market and to reflect 
the consensus market opinion (Davis, 2006). Following mass communication 
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theory, organizational and management research has highlighted the crucial role of 
media in informing the market (Deephouse, 2000). Based on intermediaries, such as 
financial news or financial analysts, the media create an interpretative context for 
investors and other market participants (cf. Shiller, 2000). In turn, the information 
provided by the media serves as the foundation for market opinions and trading deci-
sions, which become eventually manifested in investor behavior (cf. Pollock & 
Rindova, 2003).

The mechanism behind information conveyed in the media triggering stock market 
reactions can be substantiated by public agenda-setting theory (e.g., Hügel, Degenhardt, 
& Weiss, 1989). Representatives of this theory assume that the effect of media cover-
age on the public’s agenda is contingent on individual characteristics of the media 
audience (Erbring, Goldenberg, & Miller, 1980). In this sense, not all media messages 
are considered to be equally relevant to every person. Whereas economic news might 
be crucial for traders and individual investors, others might be less interested in news 
about the economy or a specific firm. Hence, following the idea of agenda-setting 
theory (McCombs & Shaw, 1972), media are assumed to direct investors’ attention to 
economic news and listed firms by increasing news coverage about the economy and 
corporations.

Besides creating pure attention, the media are also considered to trigger impression 
formations among the audience by reporting in a certain tone or associating actors 
with particular issues (D. A. Scheufele, 2000). This relates to framing theory 
(McCombs, Llamas, Lopez-Escobar, & Rey, 1997) and the priming hypothesis (D. A. 
Scheufele, 2000). While priming research investigates how issue salience affects judg-
ments of public personalities by the public (e.g., Iyengar & Kinder, 1987), scholars 
investigating frame-settings are interested how media frames of certain issues become 
reflected among perceptions of the audience (e.g., Huang, 1995). Hence, not only the 
extent to which but also the way a firm or the economy is reported in the news might 
potentially impact investors’ evaluations of these firms or the market as a whole (cf. 
Pollock & Rindova, 2003).

Intraday News Trading

Professional investors particularly rely on real-time news wire services (e.g., Reuters 
or Bloomberg) to stay updated on economic news and to anticipate market movements 
(cf. Antweiler & Frank, 2004; Davis, 2005; Thompson, 2009). However, intraday 
stock market trading based on information is questioned in light of the efficient market 
hypothesis (EMH; Fama, 1970), which implies that all publicly available information 
is instantaneously incorporated in stock market prices. In this sense, the prediction of 
the stock market based on news or historical data is unsustainable. Although several 
studies have provided results that are in line with the EMH (e.g., B. Scheufele et al., 
2011; Strauß, Vliegenthart, & Verhoeven, 2016), other studies in finance have ques-
tioned it, implying that information might indeed drive stock market reactions. 
Behavioral finance scholars contend in particular that market behavior is not fully 
based on rational decision making but also influenced by emotions and herd-like 
behavior (e.g., Nofsinger, 2005).



Strauß et al.	 1057

We furthermore argue that one of the major reasons why some studies might not 
have found the media to have a significant effect on the stock market is due to the level 
of data aggregation. A number of studies in this field of research have mainly investi-
gated news information aggregated on a daily level (e.g., Fang & Peress, 2009). 
However, given that information is nowadays distributed and updated constantly via 
various media channels while stock market traders execute trades within (micro)sec-
onds (Lewis, 2014), looking at daily time intervals does not seem to be adequate any-
more. Therefore, following previous research (e.g., Groß-Klußmann & Hautsch, 
2011), we assume the stock market to respond to economic news within a trading day, 
and differently with regard to varying time windows.

Arguing from a psychological stance, we might expect different effects of news on 
the stock market for different time intervals. In fact, Thaler, Tversky, Kahneman, and 
Schwartz (1997) showed in an experimental test that investors who received most 
feedback—in other words, more time and information—were least likely to take risk 
and invest money in stocks. Tversky and Kahneman (1992) defined this as the “myo-
pic loss aversion.” The concept implies two aspects: on one hand, that people are more 
sensitive to losses than to gains; and, on the other hand, that they tend to assess out-
comes more frequently over time.

Following this reasoning, it can be expected that traders who receive more informa-
tion—hence, taking more time to gather and process information—are more likely to 
rethink their trading decisions in a risk-averse direction. Thus, we pose the first 
research question:

Research Question 1 (RQ1): What differences in relations of economic news and 
stock market fluctuations can be observed for various intraday time intervals?

The influence of economic news on investors’ trading decisions might depend not 
only on the time frame but also on the content and characteristics of the news. To 
remain in the field of psychology, it is well known that the cognitive processing of 
stimuli (i.e., economic information) is based on a range of dimensions that affect deci-
sion-making processes (Suedfeld & Tetlock, 1977). Varying aspects of the stimuli 
might be considered in different ways, dependent on the receiver and context. 
Therefore, the response of a receiver to a stimulus (i.e., economic information) is 
assumed to be more complex, the more dimensions the receiver identified and per-
ceived as important (cf. Kleinnijenhuis, Schultz, & Oegema, 2015).

Following this reasoning, it does not suffice to only investigate one dimension of 
stimuli (e.g., either news volume, or sentiment, or news relevance) when aiming at 
making predictions of trading behavior based on information. Trading decisions are 
manifold and might vary depending on the assessment of specific characteristics of a 
news item (cf. Davis, 2006). Hence, we need to analyze news from a wide-ranging 
perspective, accounting for different dimensions and characteristics of information. 
Originating from a literature review on studies dealing with online information, social 
media, news, and the stock market, we have identified five dimensions of economic 
news that are assumed to trigger stock market reactions.
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Dimensions of Economic News

Behavioral finance scholars assume that investors do not act rationally when making 
trading decisions, but are biased by emotions, social mood (Nofsinger, 2005), and 
subject to herd-like behavior (Davis, 2006). It is argued that “rational, self-interested 
individuals can, collectively, behave in mass, irrational ways, and in response to com-
mon sources of media and communications” (Davis, 2006, pp. 621-622). In turn, 
investors might react to new information—although not yet verified—simply because 
they anticipate the market might perceive it as important. This is in line with the theory 
of availability heuristics (Tversky & Kahneman, 1973). Based on this theory, it can be 
assumed that investors are especially prone to respond to information that is more 
salient. Building on this argumentation, we assume the following hypothesis for intra-
day stock market trading within various time intervals:

Hypothesis 1 (H1): News volume of economic news is related to stock market 
fluctuations.

In a similar vein, Groß-Klußmann and Hautsch (2011) found stock markets to react 
stronger to news items that are identified as highly relevant, implying that news items 
send a stronger signal to the market when being repeated, confirmed, or more elabo-
rated (see also Davis, 2005). Thus, news relevance can be reflected by the extent to 
which the news event is novel or an update of a news release. Ensuing from this line 
of thinking, it is important to distinguish news items based on their novelty character. 
Hence, the extent to which a news provider attributes relevance to specific news 
items—for example, by repeatedly reporting on news—might affect stock market 
reactions. We therefore hypothesize the following:

Hypothesis 2 (H2): Relevant appearing economic news is related to stock market 
fluctuations.

Given that not all information might be equally relevant for investors, we follow 
the expertise effect theory (e.g., Thomas-Hunt, Ogden, & Neale, 2003) in expecting 
that news covering analysts’ and experts’ recommendations might be more influential 
in evoking market reactions than general news (cf. Li, Ramesh, Shen, & Wu, 2015). 
Moreover, Bar-Haim, Dinur, Feldman, Fresko, and Goldstein (2011) argued that the 
distinction between expert and nonexpert market opinion is crucial to rule out noise in 
estimating market predictions. Consequently, we assume:

Hypothesis 3 (H3): The presence of expert opinions in economic news is related to 
stock market fluctuations.

Not only might expert opinions and news that appears “relevant” induce market 
reactions, a number of studies in psychology and behavioral finance have provided 
evidence that stock market decisions are also affected by emotions (e.g., Bollen et al., 
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2011). More specifically, it is assumed that investors’ trading behavior is primarily 
determined by their feelings toward the development of the financial markets; in other 
words, whether investors are optimistic (bullish) or pessimistic (bearish) toward mar-
ket movements (Nofsinger, 2005). Nofsinger proposes that positive social mood (e.g., 
hope) gets integrated into stock market prices by increasing trades and the buying of 
stocks, whereas negative social mood (e.g., fear) gets reflected in declining stock mar-
ket prices and higher volatility (e.g., Gilbert & Karahalios, 2010). Based on these 
findings, the fourth hypothesis reads:

Hypothesis 4 (H4): The presence of hope or fear in economic news is related to 
stock market fluctuations.

Eventually, literature dealing with the effects of information on the stock market 
generally distinguishes between marketwide and firm-specific information. Findings 
indicate that firm-specific news has a positive effect on market indicators (e.g., Berry 
& Howe, 1994), whereas macroeconomic news announcements (e.g., unemployment) 
were found to have an influence on stock returns (e.g., Birz & Lott, 2011). To account 
for varying effects with regard to the focus of the news item, we pose the following 
open research question:

Research Question 2 (RQ2): To what extent do the relations of economic news 
and stock market fluctuations vary with regard to the focus of the news?

Reversed Effect

Referring back to the EMH, however, it is likely that economic news does not have an 
effect on fluctuations of the stock market after all. In fact, we find explanations for this 
assumption in mass communication theories. Studies in the field of media agenda-
setting theory, for example, consider the agenda of the mass media as the main depen-
dent variable in their models (Rogers et al., 1993). Following this, scholars are inclined 
to find out how the media agenda is set. In this regard, not only sources of news, 
organizational and extramedia forces, but also individual characteristics of journalists 
are considered as factors that shape the news media (Shoemaker & Reese, 1996). 
Hence, examining economic news as a response to market reactions might not only 
give us useful insights into what drives economic news reporting, but might also reveal 
the complex temporal interrelationships between real-world events, news reporting, 
and market reactions.

The influence of external factors on the media agenda is closely related to news 
value theory (Galtung & Ruge, 1965). Whereas Galtung and Ruge have provided 12 
factors to determine how events overseas become foreign news in Norwegian newspa-
pers, Harcup and O’Neill (2001) have tested these factors in light of domestic and 
foreign news in the United Kingdom, suggesting a more contemporary overview of 
news values. Their findings imply that events are more likely to be selected to become 
news when they contain certain factors such as relevance, bad or good news, or 
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surprise. Therefore, it could be argued that unexpected or severe negative or positive 
shifts of the stock market (i.e., high fluctuation) are more likely to be reported in the 
news. This in turn could be reflected in the magnitude of various news dimensions as 
selected in this article, such as the repeated reporting on events, negative or positive 
emotions, or the usage of expert opinion. Hence, based on media agenda-setting and 
news value theory, we pose the third research question:

Research Question 3 (RQ3): To what extent do stock market fluctuations relate to 
the presence of the dimensions of economic news (news volume, relevance, expert 
opinion, and emotions) within a trading day?

Data and Method

Twitter Accounts of Reuters and Bloomberg

To investigate the interrelationships between economic news and the stock market, 
we chose the Twitter accounts by Reuters and Bloomberg as objects of analyses. 
Microblogging platforms, such as Twitter, excel as online sources for investors, as 
they can provide real-time information on the market and the economy, evaluations 
on firm performances, and up-to-date financial analyses, also having the potential to 
go viral (cf. herd behavior: Yu, Duan, & Cao, 2013).1 While the financial news wire 
sources Reuters and Bloomberg are said to have the widest acceptance in the finan-
cial community (cf. Yang, Mo, & Liu, 2015), Twitter has recently become endorsed 
by the U.S. Securities and Exchange Commission (SEC; 2013) as a distribution chan-
nel for listed firms to announce market relevant information. In this regard, the social 
media accounts of the most relevant news wire services, Bloomberg and Reuters, can 
be considered as proxies for market relevant information and news, likely to affect 
investors’ trading behavior. For our analysis, we focused on all major accounts of 
Reuters and Bloomberg on Twitter, including news about real-world events such as 
mergers and acquisitions, investments, or global and emerging market developments 
(see Online Appendix A for the distribution of tweets per Twitter account for the 
month of investigation, September 2015).2

Intraday Stock Market Data

Given that reactions toward economic information aggregated from Reuters and 
Bloomberg tweets are more likely to be detected on global stock indices than on indi-
vidual stocks, we decided to investigate one of the major U.S. stock market indexes, 
namely, the DJI (cf. Uhl, 2014).3 The fact that most news from our Twitter sample 
deals with the U.S. market, U.S. companies, or U.S.-related topics substantiates our 
selection of the DJI (see Online Appendix B).

We downloaded the closing prices for the DJI on a 5-minute time interval, which 
allowed us to aggregate the data also to 20-minute and 1-hour time intervals for 
further analyses. We chose these three time intervals, as previous studies in finance 
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have shown that stock prices do not react instantly to the release of information, but 
take some time to become integrated in prices (cf. Nassirtoussi, Aghabozorgi, Wah, 
& Ngo, 2014). Chordia, Roll, and Subrahmanyam (2005), for example, suggested 
that it takes at least 5 minutes but less than 60 minutes until the market has con-
verged to efficiency again. Gidófalvi (2001) has shown that there is a time window 
of approximately 20 minutes before and after a financial news article was released 
to predict the stock market price before equilibrium. To investigate the fluctuations 
of the DJI, we used the absolute values of the differenced series of the closing 
prices of the DJI.

Data Management

We automatically retrieved tweets by means of a python script4 from seven Reuters5 
and six Bloomberg6 Twitter accounts for the U.S. trading hours (9:30 a.m. to 16:00 
p.m.) for all trading days in September 2015. In total, 4,186 tweets were down-
loaded for the period of analysis. 13 tweets were deleted from the sample because 
they were not completely downloaded or had too few characters to be correctly 
identified.

Manual coding.  To account for criticism on automated content analyses, and particu-
larly with regard to Twitter (e.g., to understand informal language; Bar-Haim et al., 
2011), we decided to use manual coding for our sample. By reading all tweets of the 
sample in depth and looking up the hyperlinks of the online news by Reuters and 
Bloomberg, it was possible for us to trace back what the tweets were in fact about. 
Two coders coded the tweets based on a prespecified codebook7 between January 
2016 and March 2016. After several rounds of discussions on ambiguous tweets, the 
adjustment of the codebook and two intercoder reliability tests, the alignment 
between the two coders was assessed. See Online Appendix C for an overview of the 
coded items, examples, and their reliability scores. Each coder was randomly 
assigned to code tweets published by Reuters and Bloomberg for 10 or 11 days in 
September 2015. After finishing the coding, the data set was cleaned by removing 
duplicates as well as adjusting some miscoded tweets,8 which left us with 4,114 
tweets. Given that our theoretical assumptions are mainly based on news dealing 
with the economy, only tweets that dealt with economic news were subject of the 
subsequent analyses (N = 2,440).

Measurements

To prepare the Twitter data set for time series analyses, the coded variables had to be 
aggregated in an appropriate manner. News volume was calculated by the number of 
tweets that were released by all Reuters and Bloomberg accounts within the given time 
interval (5 minutes, 20 minutes, 1 hour).9 To measure the relevance of a specific tweet, 
we followed Sprenger, Tumasjan, Sandner, and Welpe (2014) and measured the num-
ber of retweets and favorites for each tweet.
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Furthermore, following Groß-Klußmann and Hautsch (2011), we coded news items 
based on their novelty character by making use of an update indicator (initial news 
item = 0; updates on the news item > 0). To catch the updates of news in the trading 
month September, we had to manually write down the topic of each tweet after coding. 
Having the overview of the topics of each tweet, one coder wrote a tally list and indi-
cated which topic occurred more than one time, and noted in the data set and in the 
tally list the number of updates (see Online Appendix B for the most occurring topics). 
The variable updates is eventually based on the sum of the number of updates per time 
interval (5 minutes, 20 minutes, 1 hour).

Expert opinion was coded for tweets that explicitly dealt with the view of an expert 
on the market, stock, or industry (e.g., financial analyst), or when there was an explicit 
sell or buy recommendation expressed (cf. Bar-Haim et al., 2011). For the analyses, 
the variable expert opinion is based on the number of expert opinions that was coded 
per time interval (5 minutes, 20 minutes, 1 hour).

The measurement of the emotions fear and hope was aimed at capturing the posi-
tive or negative outlook for a stock, company, industry, or the market as a whole. As 
such, it was evaluated whether the tweet reflected optimistic (i.e., hope), pessimistic 
(i.e., fear) prospects, both or none. To make the coding more comprehensible, we 
asked the coders to write down the words that triggered the coding decision. 
Furthermore, a number of examples in the codebook worked as a guideline for the 
coders. For the analyses, we estimated one variable for fear (Σ of fear coded per inter-
val), and one for hope (Σ of hope coded per interval).

Following previous studies (e.g., Berry & Howe, 1994), we also differentiated 
whether the Reuters or Bloomberg tweets dealt with firm-specific (listed firms/stocks, 
nonlisted firms) or marketwide information (international market, national market, 
industry, or others). To test the differences between the two foci in comparison to all 
economic news in the analyses, we split the data set into firm-specific and marketwide 
news.

Vector Auto Regression (VAR) Models

Given that our hypotheses and research questions assume interdependence (endogene-
ity) of economic news and the stock market, an adequate method of time series had to 
be used. We opted for VAR models, as these are particularly useful to examine the 
dynamic effects between two or more variables. More specifically, within VAR analy-
ses, a separate equation is estimated for each variable that is considered to be depen-
dent (Vliegenthart, 2014), also including lags of both variables to control for the past 
of the dependent and independent variables. In our VAR models, this is the closing 
price of the DJI per time interval (5 minutes, 20 minutes, 1 hour), and one of the vari-
ables of the dimensions of economic news (news volume, retweets, favorites, novelty, 
expert opinion, hope, fear). Furthermore, the VAR models were constructed 3 times: 1 
time based on all economic tweets, and the other 2 times using either the data sets for 
firm-specific or marketwide news.10 Online Appendix E shows the means and stan-
dard deviations of the variables included in the VAR models.
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Procedure.  We followed the procedure according to Vliegenthart (2014) when con-
structing the VAR models. In the first step, the Augmented Dickey–Fuller (ADF) test 
was conducted to check whether the time series were stationary and did not contain a 
unit root. All series were stationary after differencing them. In case only one of the two 
series was nonstationary (e.g., DJI) at the first stage, the same level of integration had 
to be chosen by differencing the other series (e.g., news volume) as well.

Second, the optimal lag structure for the VAR models was defined by means of 
selection-order criteria. For the 5-minute intervals, we specified the maximum lag 
number with 24, equaling two trading hours; for the 20-minute intervals, a maximum 
lag number of 12, equaling 4 hours; and for the 1-hour interval, a maximum lag num-
ber of seven was chosen, accounting for a little bit more than one trading day. The 
given selection-order statistics, including the final prediction error (FPE), Akaike’s 
information criterion (AIC), the Hannan and Quinn information criterion (HQIC), and 
the Schwarz’s Bayesian information criterion (SBIC), were consulted to chose the 
optimal number of lags for each VAR model.

After estimating the VAR models, Granger causality tests were performed to eval-
uate whether the dimensions of the economic tweets (e.g., Δnews volume) predict the 
fluctuation of the DJI above and beyond the past values of the DJI, or vice versa. 
Technically, Granger causality tests indicate whether one series (X(t)) is better 
explained by the history of both X(t) and Y(t), instead of its own past (X(t)) solely 
(Vliegenthart, 2014). For reasons of clarity and space, only significant Granger causal-
ity findings are discussed in this article; but all other tables can be requested from the 
corresponding author.

To get a clearer picture of the dynamic effects of the VAR processes, the cumulative 
impulse response functions (CIRF) were estimated, which indicate the response of the 
dependent variable after a one-unit increase in the independent variable (shock) after 
n-steps, that is, the number of lags chosen for the respective VAR model (cf. Luo & 
Zhang, 2013). Furthermore, the forecast error variance (FEV) was estimated to get 
insights of how much variance of the dependent variable (e.g., |∆|DJI) is explained by 
its own past and how much by the independent variable (e.g., Δnews volume) (cf. Luo 
& Zhang, 2013). Results for both CIRF and FEV are discussed for the number of lags 
each particular VAR model was constructed. The graphs for the CIRFs and FEVs can 
be found in the Online Appendices F and G.

VAR robustness checks.  To make sure that the VAR models are stable, and not misinter-
preted due to autocorrelation of a non-White noise process of residuals, a number of 
robustness checks were conducted. First, the Lagrange-multiplier (LM) test was per-
formed, which tests the null hypothesis of no autocorrelation at the lag order chosen 
for the specific VAR model. Second, it was tested for serial correlation by means of the 
Portmanteau (Q) test for autocorrelation of residuals up to the lag order of 20 (Vlieg-
enthart, 2014). In no models, the null hypothesis of no residual autocorrelation had to 
be rejected. In addition, the stability condition of the VAR estimates was checked to 
see whether the Eigenvalues lie inside the unit circle. All our VAR models satisfied the 
stability condition.10
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Contextualization of VAR Results

Bloomberg influential market coverage.  To put our findings from the VAR analyses in 
context, we have collected the “influential market coverage” by Bloomberg. These are 
articles written by Bloomberg and released via their terminals. Hence, these are the 
news stories that professional traders who have subscribed to the Bloomberg terminal 
services usually receive first during a regular trading day. A total of 50 news articles 
were found that were identified as influential market coverage in September 2015. 
Bloomberg marks these news stories itself based on the fact that Bloomberg was the 
first outlet that has reported on the specific news and has thereby considerably moved 
the market in terms of a change of stock market prices. For each article, we wrote 
down the topic of the news story and calculated the percentage change of the share 
prices of the companies that were object of these stories.11 In doing so, we do not only 
give insights in the sort of news that are driving stock market reactions and to what 
extent, we also compare the difference in content between the Bloomberg influential 
market coverage and the Reuters and Bloomberg tweets.

Expert interview.  Furthermore, to get insights into the news production processes at 
Bloomberg itself and how Bloomberg news gets distributed via different channels 
(i.e., terminal vs. tweets), we conducted an expert interview with a manager and editor 
at Bloomberg with more than 20 years of experience in the job. By means of this inter-
view, we were not only able to make sense of the results of our VAR analyses in com-
parison to the findings for the influential market coverage by Bloomberg, but we also 
learned about the different information mechanisms that are at play on financial 
markets.

Results

News Volume

The first hypothesis stated that news volume of economic news is related to stock mar-
ket fluctuations. Although we found no evidence for this supposition on the 5-minute 
intervals, we could evidence strong relationships of DJI with news volume for the 
1-hour and 20-minute intervals (see Table 1). Inspecting the endurance of the effects 
(cf. CIRF; see Online Appendix F), it was found that an additional one-unit increase of 
economic tweets within 1 hour, leads to a significant increase of the fluctuations of the 
DJI by 2.168 points after 2 hours, increases sporadically, but stays significant up to 7 
trading hours (CIRF: 2.776). Hence, the effect persists even until the next day, explain-
ing 6.3% of the variance of the DJI fluctuations. This effect is even more pronounced 
for tweets dealing only with marketwide information, but slightly smaller for 20-min-
ute intervals. Here, the amount of economic tweets by Reuters and Bloomberg only 
Granger causes the fluctuations of the DJI for marketwide news (see Table 1). Similar 
to all economic news, the CIRF only becomes significant after two steps (40 minutes) 
and increases slowly up to 3.468, explaining 5.6% of the variance of the DJI 
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fluctuations. These results lead us to confirm H1 with regard to 1-hour intervals, and 
partly for 20-minute intervals, but to reject H1 for 5-minute intervals. In other words, 
the amount of Reuters and Bloomberg tweets is positively related to the fluctuations of 
stock market prices (i.e., DJI), particularly when considering tweets within 1-hour 
intervals.

Inspecting effects in the opposite direction, namely, the fluctuations of the DJI 
affecting economic news (i.e., number of tweets per interval), we find significant 
Granger causality effects for all time intervals (see Table 2). Furthermore, except for 
firm-specific news within 1-hour intervals, all CIRFs are negative and significant, 
meaning an increase in the fluctuations of the DJI leads to fewer economic Reuters and 
Bloomberg tweets. Interestingly, these effects increase in their scope from 5-minute 
intervals, over 20-minute intervals to 1-hour intervals (see Table 2). This increasing 
effect is also reflected in the character of the CIRFs (see Online Appendix G). While 
for the 5-minute and 20-minute intervals the CIRFs switch from significant to nonsig-
nificant over the long run, the CIRFs stay significant for all steps within the 1-hour 
intervals.

Relevance

The second hypothesis suggested that relevant appearing economic news is related to 
the fluctuations of the stock market. As a reminder, relevance was operationalized by 
means of three variables: favorites, retweets, and updates per time interval. Overall, 
we partly find support for the second hypothesis. Updates Granger causes the fluctua-
tions of the DJI within all time intervals and for both marketwide and all economic 
news (see Table 1). For retweets, we find a Granger causality effect within the 20-min-
ute intervals for marketwide news and within 1-hour intervals for both all economic 
news and marketwide news. The Granger causality effects are less pronounced for 
favorites, however. Favorites only Granger causes the fluctuations of the DJI within 
5-minute intervals for all economic news and within 1-hour intervals for marketwide 
news (see Table 1).

Similar to the findings with regard to news volume, the endurance of the effects 
(CIRF) becomes stronger within 1-hour intervals when compared with 5-minute inter-
vals. For example, an additional increase in updates for all economic tweets leads to 
.027 unit increase of the DJI fluctuations after 5 steps (i.e., 100 minutes) within 
20-minute intervals, while there is .061 unit increase within 1-hour intervals. In addi-
tion, the explained variance of the DJI fluctuations by updates increases from 2.5% 
within 20-minute intervals to 16.9% within 1-hour intervals. However, it should be 
noted that the CIRFs for the news relevance variables are less stable within the 5-min-
ute intervals when compared to the 20-minute or 1-hour intervals (see Online Appendix 
F). Hence, it seems that the more often a topic gets covered in Reuters and Bloomberg 
tweets and the more it is retweeted within an hour, the stronger the fluctuations of the 
DJI as a response.

Investigating the reversed effects, we find the fluctuations of the DJI to have a 
significant Granger causality effect on almost all news relevance variables (see 
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Table 2). However, neither for favorites on the 20-minute intervals, nor for any 
variable within the 1-hour intervals focusing on firm-specific news, could we evi-
dence a relationship. Similar to the previous findings, the effects (i.e., CIRF) 
become stronger from 5-minute intervals over 20-minute intervals to 1-hour inter-
vals. As an example, we find an additional increase in the fluctuations of the DJI to 
significantly and negatively influence updates in all economic Reuters and 
Bloomberg tweets after 18 steps (90 minutes) for 5-minute intervals, explaining 
2.4% of the variance in updates. This effect increases within 20-minute intervals 
and reaches the highest value within the 1-hour intervals (see Table 2). When taking 
a look at the stability of the effects over several time steps (see Online Appendix 
G), it seems that updates has the most stable effect and that overall the CIRFs of the 
news relevance variables become more harmonic within the 1-hour intervals. Thus, 
it seems that an increase in the fluctuation of the DJI leads Reuters and Bloomberg 
to update news less often.

Expert Opinion

The third hypothesis proposed that the presence of expert opinions in economic 
news is related to stock market fluctuations. We find evidence for this hypothesis 
within the 1-hour intervals. For all economic Reuters and Bloomberg tweets as well 
as for marketwide economic news, expert opinion Granger causes the fluctuation of 
the DJI to increase (see Table 1). In addition, within the 5-minute intervals the DJI 
was found to be Granger caused by the presence of expert opinions in tweets. 
However, while we find positive CIRFs within the 1-hour intervals, the enduring 
effect of expert opinions in tweets on the DJI turns negative within the 5-minute 
intervals (see Table 1). Not only does the effect switch from negative to positive, the 
CIRFs are also more stable within the 1-hour intervals (see Online Appendix F). In 
fact, the CIRFs within the 5-minute intervals are never significant. In that sense, we 
can only confirm H4 with regard to tweets released within 1-hour intervals. In other 
words, an increase in expert opinion expressed in economic Reuters and Bloomberg 
tweets only seems to affect the fluctuation of the DJI when considering tweets accu-
mulated for an hour.

In terms of reversed effects, meaning the fluctuations of the DJI affecting the pres-
ence of expert opinion in Reuters and Bloomberg tweets, we find the DJI to Granger 
cause expert opinion within 1-hour intervals for all economic news as well as for 
marketwide news (see Table 2). Furthermore, the fluctuations of the DJI Granger 
causes the presence of expert opinion in all economic news within 20-minute intervals. 
Similar to the previously discussed news variables, the CIRFs for expert opinion are 
more pronounced within 1-hour intervals when compared to the 20-minute intervals 
(see Online Appendix G). While the CIRFs within 20-minute intervals switch from 
positive to negative effects, not always being significant, the CIRFs for the 1-hour 
intervals are steadily negative and constantly significant for marketwide news. Hence, 
an increase in the fluctuation of the DJI seems to come along with fewer expert opin-
ions expressed in Reuters and Bloomberg tweets.
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Emotions

The fourth hypothesis implied that the presence of hope or fear in economic news is 
related to stock market fluctuations. We cannot find any evidence for this hypothesis. 
Emotions, such as fear or hope, neither Granger caused the fluctuations of the DJI on 
the 5-minute, 20-minute, nor on the 1-hour intervals. Hence, we have to reject H3. We 
do, however, find significant Granger causality effects for the opposite direction. Within 
1-hour intervals, the fluctuations of the DJI Granger causes both hope and fear for firm-
specific Reuters and Bloomberg tweets (see Table 2). Although the DJI only Granger 
causes hope within 20-minute intervals for marketwide news, again both hope and fear 
are Granger caused by the fluctuations of the DJI within the 5-minute intervals.

However, when inspecting the long-run effects (CIRFs; see Online Appendix G), it 
becomes obvious that all effects within the 5-minute, 20-minute, and 1-hour intervals 
are not very stable. At most, the effects of the fluctuations of the DJI on fear and hope 
in firm-specific economic news within 1-hour intervals indicate enduring positive 
CIRFs. However, in the graphs (see Online Appendix G), it is shown that an additional 
increase in the fluctuations of the DJI on emotions in firm-specific economic Reuters 
and Bloomberg tweets turns nonsignificant at least twice over the period of 7 hours. In 
that sense, the fluctuation of the DJI does not seem to have a stable influence on fear 
and hope expressed in economic tweets by Reuters and Bloomberg, or vice versa.

Contextualizing the VAR Results

We wanted to put our findings in context by comparing our results with Bloomberg 
influential market stories that were distributed on Bloomberg terminals in September 
2015.12

When comparing the Bloomberg influential market coverage with the tweets by 
Reuters and Bloomberg, it became clear that the topics covered were quite similar. Not 
only were Glencore and Volkswagen present topics in both news outlets, general eco-
nomic topics such as merger and acquisitions (e.g., Anheuser-Busch deal), news about 
the central bank (e.g., the Fed in the United States), debt crises (e.g., Puerto Rico), and 
financial updates on companies (e.g., Caterpillars forecast cut) were identified as the 
most common themes in both outlets. Hence, it seems that news dealing with these 
topics can be considered as market-moving news that are likely to impact stock market 
prices of the companies or industries involved.

When inspecting the changes of stock prices from the day the Bloomberg influen-
tial market story news were released compared with the day after, the stories seemed 
to be indeed influential for the share prices of the companies covered in the stories. 
More specifically, it became evident that the stock market prices swamped up to 9.41% 
(e.g., for China Electronics Corp., which was said to be in talks to acquire Atmel 
Corp.) or down to −41.68% (e.g., for Glencore which was said to hire banks to sell its 
stake in grains unit). Overall, influential market stories by Bloomberg that dealt with 
merger and acquisitions have moved stock market prices of the companies involved in 
the stories the most.
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In this sense, the VAR finding that an increase in fluctuations of the DJI came along 
with fewer tweets, ergo fewer retweets, favorizes, updates, or expert opinions could be 
due to the fact that Reuters and Bloomberg tweets might not provide up-to-date market 
relevant information to the majority of investors anymore. Given that Reuters and 
Bloomberg terminals provide professional investors who subscribe to their services 
with firsthand information on the financial markets, the immediate effect of Reuters 
and Bloomberg tweets on the market becomes questionable. In fact, a manager and 
editor at Bloomberg with more than 20 years of experience has told us in an interview 
that Bloomberg only releases their news and stories online and via Twitter after they 
have first been released on the Bloomberg terminal. The Bloomberg expert estimated 
the time span between the release of information on the terminal to professionals and 
online to the general public at 15 minutes.

Hence, instead of releasing market-moving news, it seems that the tweets by 
Reuters and Bloomberg rather provide subsequent reporting on economic news for the 
public, which could then lead to small stock market reactions. Given that market-
moving stories usually bring about broad reporting, often accompanied by news 
updates and expert opinions, this assumption indeed corresponds with the results of 
our VAR analyses. The finding that there are stronger stock market reactions on the 
DJI index, the more tweets there are within a time interval (i.e., 5 minutes, 20 minutes, 
1 hour), the more relevant a tweet seems (e.g., retweets, favorizes, updates) and the 
more experts raise their voice in these tweets could indicate that Bloomberg and 
Reuters tweets present a follow-up reporting that triggers stock reactions among the 
broad public (i.e., DJI).

In fact, when taking a closer look at the topics of the Reuters and Bloomberg tweets, 
it becomes clear that the most occurring topics in the tweets were rather dealing with 
market reactions to breaking economic news (see Online Appendix D). For example, 
we find that while a Bloomberg market-moving story reported first on Glencore and 
its plan to sell a minority stake in its agricultural business, the tweets were mostly 
reporting on the share price by Glencore as a reaction to this news. Similarly, this was 
the case for news on the Volkswagen emission scandal and the subsequent market 
reactions of its shares as reported by Reuters and Bloomberg tweets. Hence, while 
Bloomberg influential market stories provide firsthand information on their terminals 
to professional investors, tweets by Reuters and Bloomberg can rather be considered a 
subsequent reporting on the stock market to the public, which also seems to impact the 
stock market but to a lower extent (see the CIRFs and FEVs in Table 1).

Discussion

Previous studies dealing with the interrelationship between news and the stock market 
have primarily focused on isolated information characteristics, foremost assessing 
one-way relations, and mainly on a daily level. The purpose of this study was to con-
tribute to this research field by inspecting the various dimensions of economic news 
and by studying the reciprocal effects of news and the fluctuations of the DJI within a 
trading day and for different short-term intervals. To do so, we manually analyzed 
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tweets by Reuters and Bloomberg for one trading month. This did not only allow us to 
make sense of the results of our time series analyses but it also provided us with more 
information on the actual content of the tweets when comparing them with influential 
market coverage distributed via Bloomberg terminals for the same period of analysis. 
The combined analysis of two news outlets to gain insights into the interrelationship 
between economic news and the stock market yielded interesting insights for mass 
communication theory and financial markets.

Answering RQ1, namely, to what extent the relations between economic news and 
the stock market vary with regard to different intraday time intervals, we can conclude 
that all effects found are stronger and more pronounced within the 1-hour intervals 
when compared to 20-minute or 5-minute intervals. In other words, Reuters and 
Bloomberg tweets have a stronger effect on the fluctuations of the DJI when aggregat-
ing the news to 1-hour intervals instead of shorter time intervals. We have previously 
argued from a psychological perspective that when investors are given more time and 
information to evaluate their investment, they are more risk-averse (Thaler et al., 
1997). Although the results of the VAR analysis do not allow conclusions about direc-
tional effects, the stronger and more stable effects of Reuters and Bloomberg tweets on 
the fluctuations of the DJI within 1-hour intervals imply that investors react stronger 
when they are given more time. This is partly in line with the concept of “myopic loss 
aversion” (Tversky & Kahneman, 1992) which states that people are more sensitive to 
losses than to gains and that they tend to assess outcomes more frequently over time. 
Hence, the findings of the VAR analyses suggest that it takes more time for investors 
to assess information (i.e., 1 hour) from Reuters and Bloomberg tweets before they 
make a trading decision. However, whether they indeed react more risk-averse in their 
decisions cannot be concluded from the results of this study.

To answer RQ2, whether there are differences between Reuters and Bloomberg 
tweets that deal with all economic news, marketwide or firm-specific information, it 
can be concluded that the effects do not change, but become stronger when only con-
sidering tweets that deal with information on the market as a whole. For firm-specific 
information, the effects vanished or were not very stable. Given that we investigated 
the DJI, it is reasonable that marketwide tweets affected the fluctuations of the index 
instead of firm-specific tweets that, after all, might have dealt with corporations that 
are not even listed on the DJI. Thus, this finding might imply for investors that it is 
more likely to expect market reactions of indices based on economic news by Reuters 
and Bloomberg when the information is about the market as a whole. It yet cannot be 
excluded that news about companies that are listed on specific indices can also influ-
ence the share price of these firms and those indices, respectively.

RQ3 dealt with reversed effects. Hence, to what extent the stock market has an 
influence on the dimensions of economic news. Except for emotions, we find news 
volume, news relevance, and expert opinion to be negatively related to the fluctuations 
of the DJI. The secondary analysis of influential market coverage distributed via 
Bloomberg terminals brought more clarity in this finding. Although the market-mov-
ing stories by Bloomberg can lead to considerable market reactions through profes-
sional investors, particularly when reporting on mergers and acquisitions, tweets by 
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Reuters and Bloomberg might rather provide follow-up reports that cause public trad-
ers to react to the news. In this sense, the findings from the analyses do not only pro-
vide support for the public agenda-setting theory within the context of financial news, 
the results also correspond with the media agenda-setting theory and the positive feed-
back hypothesis by Shiller (2000).

According to Shiller (2000), the media “create the environment within which the 
stock market events we see are played out” (p. 105). In this sense, media do not only 
induce stock market reactions as seen by the influential market coverage by Bloomberg, 
but—in line with the media agenda-setting theory—media also respond to the market 
by reporting on the movements as shown in the most occurring topics in Reuters and 
Bloomberg tweets. By attaching importance to these stock market reactions, the media 
can drive further market responses as presented in our VAR analyses. In fact, the find-
ing that the effects were more pronounced for 1-hour intervals and for marketwide 
news supports the assumption of Shiller’s hypothesis that the reporting of stock mar-
ket reactions by the public media (e.g., tweets by Reuters and Bloomberg as investi-
gated in this study) can have a feedback effect on the stock market.

However, given that these presumed feedback loops are rather hypothetical, the 
limitations of this study need closer attention at this point. First, the exclusive focus on 
economic Reuters and Bloomberg tweets and influential market coverage by 
Bloomberg might have been too limited to draw general conclusion about the interre-
lationships between economic news and the stock market. Other major financial news 
outlets (e.g., CNBC, The Wall Street Journal, Financial Times), financial TV, and 
financial online communities (e.g., bloggers, marketwatch.com) might also provide 
relevant financial information and should therefore be considered in upcoming related 
research. Second, the rather low reliability scores of the manual analysis might imply 
that economic news can always be considered from two perspectives: seller and buyer. 
Whereas this might be difficult for manual coding, future studies could enhance auto-
mated content analysis, allowing researchers to scrutinize news from various perspec-
tives. In so doing, the dimensions from our study could also be taken into account 
(e.g., updates, expert opinion). Third, although we have attempted to take a multidi-
mensional perspective on economic news, the need of aggregating the data for the time 
series analyses might have vanished the actual relevance of individual news releases 
for moving the market (e.g., as shown in the analysis of Bloomberg influential market 
coverage). Future studies are therefore invited to take a case study approach in inves-
tigating the release of information for a particular event and the subsequent stock 
market reactions over time.

Despite these reservations, this study has contributed valuable insights to the vast 
literature on the interrelation between news and the stock market. First, in showing 
that the news dimensions of Reuters and Bloomberg tweets are negatively influenced 
by the fluctuations of the DJI, suggesting that Twitter might provide outdated market 
information for professional investors when compared to market-moving stories pro-
vided through Bloomberg terminals. Second, by revealing that news volume, news 
relevance, and expert opinion positively influence the fluctuations of the DJI within 
short-term intervals, suggesting that tweets might offer relevant information for public 
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investors. And third, by disclosing that the news effects of tweets on the DJI were at 
all times stronger and more pronounced within 1-hour intervals when compared to 
shorter time intervals, implying that the public seems to need more time to assess news 
and reflect upon trading decisions.
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Notes

  1.	 Although there are no reliable numbers on the usage of tweets for traders and investors 
in general, we chose Twitter to extract economic news because tweets have increasingly 
become acknowledged by the financial industry for making trading decisions (e.g., trading 
firms such as PsychSignal) and have also become incorporated in Bloomberg terminals to 
keep professional investors informed (Stafford, 2015).

  2.	 The online appendix can be found at https://doi.org/10.6084/m9.figshare.4702390.v2
  3.	 Dow Jones Industrial Average (DJI) stock market data were retrieved from http://stooq.

com/db/
  4.	 The python script can be requested from the corresponding author.
  5.	 Reuters Top News, Reuters Business, Thomson Reuters, Reuters Insider, Reuters World, 

Reuters News Agency, Reuters Deals.
  6.	 Bloomberg Business, Businessweek, Bloomberg Markets, Bloomberg Deals, Emerging 

Markets, and Bloomberg Tradebook.
  7.	 The codebook can be requested from the corresponding author.
  8.	 The steps undertaken for cleaning the data set can be requested from the corresponding 

author.
  9.	 We did not distinguish between the two news wire sources to prevent dealing with too 

many missing values within the times series analyses.
10.	 Because there were too many missing values in the time series for firm-specific news and 

marketwide news on the 5-minute interval (more than 10% of the sample), we only con-
ducted the Vector Auto Regression (VAR) analyses for all economic tweets. For the 20-min-
ute interval, it was possible to distinguish between marketwide and all economic tweets.

11.	 The results of the Augmented Dickey–Fuller (ADF) tests, the selection-order statistics, the 
Lagrange-multiplier (LM) tests, the Portmanteau (Q) statistics, and the Eigenvalue stability 
condition tests can be requested from the corresponding author.

12.	 The majority of the influential market coverage dealt with mergers and acquisitions (e.g., 
Expedia Inc. and Orbitz Worldwide, Actelion Ltd. and ZS Pharma, or Glencore Plc.’s plan 
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to sell a minority stake in its agricultural business). Three stories reported on initial public 
offerings (e.g., Ferrari), three dealt with the refinancing of debts of companies (e.g., Amtek 
Auto Ltd.), two dealt with the reduction of jobs (e.g., UniCredit SpA), two with new prod-
uct developments by companies (e.g., Xiaomi Corp.’s new laptop), two with Sri Lanka’s 
central bank decision, two with the Volkswagen emission scandal, and some stories cov-
ered other isolated cases (e.g., insider trading, lawsuit fine, or bankruptcy). An overview of 
the Bloomberg influential market coverage in September 2015, together with the calcula-
tion of the change of stock market prices of the companies involved, can be requested from 
the corresponding author.

Supplemental Material

Supplemental Material is available for this article online.

References

Antweiler, W., & Frank, M. Z. (2004). Is all that talk just noise? The information content of 
internet stock message boards. The Journal of Finance, 59, 1259-1294. doi:10.1111/j.1540-
6261.2004.00662.x

Barber, B. M., & Odean, T. (2001). The internet and the investor. Journal of Economic 
Perspectives, 15, 41-54.

Bar-Haim, R., Dinur, E., Feldman, R., Fresko, M., & Goldstein, G. (2011). Identifying and fol-
lowing expert investors in stock microblogs. In EMNLP ’11 Proceedings of the Conference 
on Empirical Methods in Natural Language Processing (pp. 1310-1319). Stroudsburg, PA: 
Association for Computational Linguistics.

Berry, T. D., & Howe, K. M. (1994). Public information arrival. The Journal of Finance, 49, 
1331-1346. doi:10.1111/j.1540-6261.1994.tb02456.x

Birz, G., & Lott, J. R. (2011). The effect of macroeconomic news on stock returns: New evidence 
from newspaper coverage. Journal of Banking & Finance, 35, 2791-2800. doi:10.1016/j.
jbankfin.2011.03.006

Bollen, J., Mao, H., & Zeng, X. (2011). Twitter mood predicts the stock market. Journal of 
Computational Science, 2(1), 1-8. doi:10.1016/j.jocs.2010.12.007

Chordia, T., Roll, R., & Subrahmanyam, A. (2005). Evidence on the speed of convergence 
to market efficiency. Journal of Financial Economics, 76, 271-292. doi:10.1016/j.
jfineco.2004.06.004

Davis, A. (2005). Media effect and the active elite audience: A study of communication 
in the London Stock Exchange. European Journal of Communication, 20, 303-306. 
doi:10.1177/0267323105055260

Davis, A. (2006). Media effects and the question of the rational audience: Lessons 
from the financial market. Media, Culture & Society, 28, 603-625. doi:10.1177/ 
0163443706065035

Deephouse, D. L. (2000). Media reputation as a strategic resource: An integration of mass 
communication and resource based theories. Journal of Management, 26, 1091-1112. 
doi:10.1177/014920630002600602

Erbring, L., Goldenberg, E., & Miller, A. (1980). Front page news and real world cues: A new 
look at agenda-setting by the media. American Journal of Political Science, 24, 16-49. 
doi:10.2307/2110923



Strauß et al.	 1075

Fama, E. F. (1970). Efficient capital markets: A review of theory and empirical work. The 
Journal of Finance, 25, 383-417. doi:10.1111/j.1540-6261.1970.tb00518.x

Fang, L., & Peress, J. (2009). Media coverage and the cross-section of stock returns. The Journal 
of Finance, 64, 2023-2053. doi:10.1111/j.1540-6261.2009.01493.x

Galtung, J., & Ruge, M. H. (1965). The structure of foreign news: The presentation of the 
Congo, Cuba, and Cyprus crises in four Norwegian newspapers. Journal of International 
Peace Research, 2, 64-91.

Gidófalvi, G. (2001). Using news articles to predict stock price movements (Tech. Rep.). 
Department of Computer Science and Engineering, University of California, San Diego. 
Retrieved from http://cseweb.ucsd.edu/~elkan/254spring01/gidofalvirep.pdf

Gilbert, E., & Karahalios, K. (2010). Widespread worry and the stock market. In Fourth 
International AAAI Conference on Weblogs and Social Media (pp. 58-65). Palo Alto, CA: 
Association for the Advancement of Artificial Intelligence.

Groß-Klußmann, A., & Hautsch, N. (2011). When machines read the news: Using automated 
text analytics to quantify high frequency news-implied market reactions. Journal of 
Empirical Finance, 18, 321-340. doi:10.1016/j.jempfin.2010.11.009

Harcup, T., & O’Neill, D. (2001). What is news? Galtung and Ruge revisited. Journalism 
Studies, 2, 261-280. doi:10.1080/14616700120042114

Hope, W. (2010). Time, communication, and financial collapse. International Journal of 
Communication, 4, 649–669.

Huang, K. S. (1995). A comparison between media frames and audience frames: The case of 
the Hill–Thomas controversy (Unpublished doctoral dissertation). Madison: University of 
Wisconsin.

Hügel, R., Degenhardt, W., & Weiss, H.-J. (1989). Structural equation models for the anal-
ysis of the agenda-setting process. European Journal of Communication, 4, 191-210. 
doi:10.1177/0267323189004002005

Iyengar, S., & Kinder, D. R. (1987). News that matters: Television and American opinion. 
Chicago, IL: University of Chicago Press.

Kleinnijenhuis, J., Schultz, F., & Oegema, D. (2015). Frame complexity and the financial crisis: 
A comparison of the United States, the United Kingdom, and Germany in the period 2007-
2012. Journal of Communication, 65, 1-23. doi:10.1111/jcom.12141

Kleinnijenhuis, J., Schultz, F., Utz, S., & Oegema, D. (2015). The mediating role of the news 
in the BP oil spill crisis 2010: How U.S. news is influenced by public relations and in turn 
influences public awareness, foreign news, and the share price. Communication Research, 
42, 408-428. doi:10.1177/0093650213510940

Lewis, M. (2014). Flash boys. New York, NY: W.W. Norton.
Li, E. X., Ramesh, K., Shen, M., & Wu, J. S. (2015). Do analyst stock recommendations pig-

gyback on recent corporate news? An analysis of regular-hour and after-hour revisions. 
Journal of Accounting Research, 53, 821-861. doi:10.1111/1475-679X.12083

Luo, X., & Zhang, J. (2013). How do consumer buzz and traffic in social media marketing 
predict the value of the firm? Journal of Management Information Systems, 30, 213-238. 
doi:10.2753/MIS0742-1222300208

McCombs, M., Llamas, J. P., Lopez-Escobar, E., & Rey, F. (1997). Candidate images in 
Spanish elections: Second-level agenda-setting effects. Journalism & Mass Communication 
Quarterly, 74, 703-717. doi:10.1177/107769909707400404

McCombs, M., & Shaw, D. (1972). The agenda-setting function of mass media. Public Opinion 
Quarterly, 36, 176-185. doi:10.1086/267990



1076	 Communication Research 45(7)

Nassirtoussi, A. K., Aghabozorgi, S., Wah, T. Y., & Ngo, D. C. L. (2014). Text mining for 
market prediction: A systemic review. Expert Systems With Applications, 41, 7653-7670. 
doi:10.1016/j.eswa.2014.06.009

Nofsinger, J. R. (2005). Social mood and financial economics. Journal of Behavioral Finance, 
6, 144-160. doi:10.1207/s15427579jpfm0603_4

Pollock, T. G., & Rindova, V. P. (2003). Media legitimation effects in the market for initial pub-
lic offerings. The Academy of Management Journal, 46, 631-642. doi:10.2307/30040654

Rogers, E. M., Dearing, J. W., & Bregman, D. (1993). The anatomy of agenda-setting research. 
Journal of Communication, 43, 68-84. doi:10.1111/j.1460-2466.1993.tb01263.x

Scheufele, B., Haas, A., & Brosius, H.-B. (2011). Mirror or molder? A study of media cover-
age, stock prices, and trading volumes in Germany. Journal of Communication, 61, 48-70. 
Retrieved from http://doi.wiley.com/10.1111/j.1460-2466.2010.01526.x

Scheufele, D. A. (2000). Agenda-setting, priming, and framing revisited: Another look at cog-
nitive effects of political communication. Mass Communication & Society, 3, 297-316. 
doi:10.1207/S15327825MCS0323_07

Sheffield, H. (2015, April 2). Elon Musk posted one tweet and Tesla shares went haywire. 
The Independent. Retrieved from http://www.independent.co.uk/news/business/news/elon-
musk-posted-one-tweet-and-tesla-shares-went-haywire-10151028.html

Shiller, R. J. (2000). Irrational exuberance. Princeton, NJ: Princeton University Press.
Shoemaker, P. J., & Reese, S. D. (1996). Mediating the message: Theories of influences on mass 

media content (2nd ed.). White Plains, NY: Longman.
Sprenger, T. O., Tumasjan, A., Sandner, P. G., & Welpe, I. M. (2014). Tweets and trades: the 

information content of stock microblogs. European Financial Management, 20(5), 926–
957. doi: 10.1111/j.1468-036X.2013.12007.x

Stafford, P. (2015). Traders and investors use Twitter to get ahead of market moves. 
Financial Times. Retrieved from https://www.ft.com/content/c464d944-ee75-11e4-98f9-
00144feab7de

Strauß, N., Vliegenthart, R., & Verhoeven, P. (2016). Lagging behind? Emotions in newspaper 
articles and stock market prices in the Netherlands. Public Relations Review, 42, 548-555. 
doi:10.1016/j.pubrev.2016.03.010

Suedfeld, P., & Tetlock, P. (1977). Integrative complexity of communications in international 
crises. The Journal of Conflict Resolution, 21, 169-184. doi:10.1177/002200277702100108

Thaler, R. H., Tversky, A., Kahneman, D., & Schwartz, A. (1997). The effect of myopia and 
loss aversion on risk taking: An experimental test. The Quarterly Journal of Economics, 
112, 647-661.

Thomas-Hunt, M. C., Ogden, T. Y., & Neale, M. A. (2003). Who’s really sharing? Effects of 
social and expert status on knowledge exchange within groups. Management Science, 49, 
464-477. doi:10.1287/mnsc.49.4.464.14425

Thompson, P. A. (2009). Market manipulation? Applying the propaganda model to finan-
cial media reporting. Westminster Papers in Communication and Culture, 6(2), 73-96. 
doi:10.16997/wpcc.125

Tversky, A., & Kahneman, D. (1973). Availability: A heuristic for judging frequency and prob-
ability. Cognitive Psychology, 5, 207-232. doi:10.1016/0010-0285(73)90033-9

Tversky, A., & Kahneman, D. (1992). Advances in prospect theory: Cumulative representation 
of uncertainty. Journal of Risk and Uncertainty, 5, 297-323. doi:10.1007/BF00122574

Uhl, M. W. (2014). Reuters sentiment and stock returns. Journal of Behavioral Finance, 14, 
287-298. doi:10.1080/15427560.2014.967852



Strauß et al.	 1077

U.S. Securities and Exchange Commission. (2013). SEC says social media OK for company 
announcements if investors are alerted. Retrieved from https://www.sec.gov/News/
PressRelease/Detail/PressRelease/1365171513574

Vliegenthart, R. (2014). Moving up. Applying aggregate level time series analysis in the study 
of media coverage. Quality & Quantity, 48, 2427-2445. doi:10.1007/s11135-013-9899-0

Yang, S. Y., Mo, S. Y. K., & Liu, A. (2015). Twitter financial community sentiment and its 
predictive relationship to stock market movement. Quantitative Finance, 15, 1637-1656. 
doi:10.1080/14697688.2015.1071078

Yu, Y., Duan, W., & Cao, Q. (2013). The impact of social and conventional media on 
equity value: A sentiment analysis approach. Decision Support Systems, 55, 919-926. 
doi:10.1016/j.dss.2012.12.028

Author Biographies

Nadine Strauß is a PhD candidate in Corporate Communication at the Amsterdam School of 
Communication Research (ASCoR), University of Amsterdam (UvA). Her research focuses on 
the interrelations between media and the stock market, financial journalism, investor relations, 
and issue management.

Rens Vliegenthart (PhD) is full professor for Media and Society at the Amsterdam School of 
Communication Research (ASCoR), University of Amsterdam (UvA). His research focuses on 
media-politics relations, media coverage of social movements and businesses, election cam-
paigns, and economic news coverage.

Piet Verhoeven (PhD) is Associate Professor Corporate Communication at the Amsterdam 
School of Communication Research (ASCoR) at the University of Amsterdam (UvA). His 
research focuses on corporations and the news media and empirical explorations of organiza-
tional communication practice.


