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A B S T R A C T

This study tackles the complex task of measuring investor sentiment, a latent variable often measured through
various proxies. The focus here is on textual sentiment extracted from online sources, specifically news media
and social media sentiment. The central inquiry is whether these proxies are equivalent indicators of investor
sentiment. Employing firm-level daily sentiment scores for DJIA stocks and leveraging Granger causality and
transfer entropy, the research investigates the dynamics of information flow between these proxies. The findings
show a prevailing pattern: information predominantly flows from social media to news for the majority of stocks
while a reverse relationship is established for some stocks. The variations across stocks suggest that these proxies
do not uniformly capture the same underlying phenomena. The study shows the significant role of social media in
shaping news media sentiment and prompts considerations about regulating social media platforms in the
context of their impact on financial markets.

1. Introduction

Research in information systems and related fields has explored how
information and communication technologies, particularly social media
and online news media, can empower communities by facilitating
communication, sharing reliable information, and identifying opportu-
nities for collective action (Eismann et al., 2021). This has permeated
different domains including financial markets where the collective ac-
tion of investors has been associated with stock market outcomes like
returns, trading volume and volatility (Chen et al., 2021; Maqsood et al.,
2020; Peng et al., 2022). Information from online media has been used
in various studies in attempts to understand how sentiment inferred
from these sources of information can be used for market timing pur-
poses. Advances in big data have further amplified this by using
data-driven and theory-driven approaches to understand how investor
sentiment extracted from news and social media can be used to gauge
the pulse of financial markets (Maass et al., 2018).

Though the literature is unanimous on the role of investor sentiment
in financial markets, various proxies exist. The challenge with
measuring investor sentiment is that it is not observable. The question
that remains is whether these different proxies of investor sentiment
measure the same phenomena. Smales (2016) outlines the significance
of exploring the relationship between various proxies of investor

sentiment. Intuitively if certain market sentiment measures lack corre-
lation, it raises doubts about the validity of at least one aspect of the
evolving literature on investor sentiment.

According to Chan et al. (2017), if sentiment proxies measure the
same phenomenon, they should at least be correlated with each other. In
a test of this hypothesis, Chan et al. (2017) constructed text-based
sentiment proxies and compared them with the traditionally used
sentiment proxies formalised by Baker and Wurgler (2006) and Baker
and Wurgler (2007). The authors reported that these proxies of investor
sentiment are not correlated and concluded that at least one or perhaps
all the sentiment proxies considered were not valid proxies of investor
sentiment. Bu (2023) compares indirect proxies of investor sentiment
and direct proxies of investor sentiment and reports that they are weakly
correlated, which implies that they might be measuring different
phenomena.

Though investor sentiment is not directly observable, studies have
used various latent variables to represent it. These include inter-alia
market variables (e.g. Baker & Wurgler, 2006), surveys (e.g. Solanki &
Seetharam, 2014) and textual sentiment (Hong et al., 2020; Nyakur-
ukwa & Seetharam, 2023a; Wilksch & Abramova, 2023). Textual
sentiment is sentiment that is extracted from text posted on online
platforms like news and social media platforms. According to Kushwaha
et al. (2021), the past decade has witnessed the integration of text-based
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and multimedia (image and video)-based information retrieval as
essential components in various research domains within the analytics
field. News and social media platforms have emerged as some of the
most used sources of information in empirical finance. However, there is
increasing convergence between these two sources of information as
there is a constant flow of information between them.

This intertwining of news and social media is indicative of a sym-
biotic relationship, where news outlets harness the immediacy and vir-
ality of social platforms to broaden their audience reach.
Simultaneously, social media platforms benefit from the credibility and
journalistic rigour associated with traditional news sources, enhancing
the overall reliability of the information disseminated through these
channels. A typical individual is no longer only a consumer of infor-
mation but a “prosumer” capable of producing and consuming infor-
mation (Grover et al., 2022). This convergence has redefined the
landscape of information dissemination, blurring the lines between
traditional journalism and user-generated content on social media. As a
consequence, individuals are exposed to a diverse range of news content,
with the collaborative efforts of news media and social platforms
creating a more interconnected and accessible information ecosystem
(Kim et al., 2023). This evolution reflects the need for an understanding
of the interconnected dynamics shaping contemporary media
landscapes.

Ren et al. (2021) contend that previous studies on the correlation
between sentiment from news media and social media have neglected
the growing interdependence between these two sources of information.
They propose a model that illustrates how information diffuses between
the two sources while acknowledging their increased interdependence.
This mechanism suggests that media outlets are compelled to cater to the
demands of their readership. This is rooted in the theoretical rationale of
“demand-driven media bias” (Mullainathan & Shleifer, 2005). Accord-
ing to confirmation bias, people tend to experience psychological stress
when confronted with information that contradicts their pre-existing
beliefs, compared to information that supports their beliefs (Festinger,
1957). Consequently, media outlets may design news articles that align
with readers’ beliefs to attract their attention and enhance audience
engagement, leading to higher advertising revenues. Accordingly, mass
media platforms might feel inclined to align their news coverage with
the sentiments expressed on social media, especially when reinforced by
widespread agreement within social media circles. The demand-driven
media bias therefore hypothesises that there is a dominant flow of in-
formation from social media to news media sentiment.

The “echo chamber effect” model can also be used as a theoretical
model to explain the flow of information from traditional news to social
media. According to this model, social media platforms often reiterate
signals from traditional news sources. This repetition creates an "echo
chamber" where information is continuously reinforced without the
introduction of new perspectives. The model posits that within these
echo chambers, a subset of “behavioural” traders misinterpret repeated
information as new. This misinterpretation occurs because these traders
neglect the correlation between the original news signals and their
repetitions on social media. Consequently, the echo chamber effect
amplifies the impact of traditional news on social media sentiment, as
the same piece of information is perceived multiple times as fresh and
relevant. This model provides a framework for understanding how in-
formation flows from traditional news sources to social media, influ-
encing market behaviour and sentiment through repeated exposure and
reinforcement. Thus, the echo chamber effect suggests a dominant flow
of information from traditional news to social media. Fig. 1 visualises
the two models that explain the potential flow of information between
traditional news media and social media:

Our findings indicate that, in most cases, information primarily flows
from social media sentiment to news media sentiment in the majority of
stocks. However, there are some stocks in which information domi-
nantly flows from news to social media. Thus, our findings mostly sup-
port the demand-driven bias model. Also, our results show that these

two proxies of investor sentiment cannot be regarded as equivalent as
they are likely to be measuring different phenomena.

We proceed as follows; in Section 2, we look at the literature review,
Section 3 describes the data and methods, Section 4 reports the findings
of the study, Section 5 discusses the results and Section 6 concludes.

2. Literature review

2.1. Proxies of investor sentiment

Within the domain of behavioural finance investor sentiment has
been measured using different proxies because it is not directly
observable. This is even more significant in this age of big data where
individuals can easily depend on online sources to gauge sentiment (e.g.
online news platforms). This is because different sources of information
can be used to gauge the pulse of the market (e.g. news platforms, social
media platforms, online search engines etc.). According to Shleifer and
Vishny (1997), such information gathering using online sources is
associated with unsophisticated investors, who are generally regarded
as being at an information disadvantage compared to institutional in-
vestors. The problem is that different online sources of information
measure different phenomena and rather than trying to isolate which
one is better, it is ideal to understand how these sources are related. This
can be established by trying to identify which one, within a network, is
more dominant in transmitting information.

2.2. Theoretical framework

Theoretically, Milas et al., 2021 employ the agenda-setting theory of
media in political contexts (see Neuman et al., 2014), which posits that
the media holds the authority to shape the salient topics of the day. This
principle applies to both Twitter1 and conventional media outlets. The
authors investigate the agenda-setting hypothesis by empirically testing
its applicability to a subject concerning the sovereign bond markets. A
unique dataset focusing on news related to the “Grexit” topic was
created and included news from both Twitter and traditional media
sources. A bivariate system was used to establish the causal relationship
between news and social media using Dufour et al., (2006) causality
framework that employs multiple horizon VAR specifications. The study
reveals a two-way exchange of information between Twitter and tradi-
tional news outlets. This implies that both forms of news play a crucial
role in predicting the behaviour of the sovereign bond market, indi-
cating a connection between the "old" (traditional news) and the "new"

Fig. 1. Models explaining the potential flow of information between news
media and social media.

1 The social media platform is now called X. In this study, we use Twitter
since the data were collected before the platform was acquired by X.
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(Twitter) media. Moreover, the influence of Twitter on traditional news
is found to be more enduring, influential, and statistically significant,
highlighting the dominance of Twitter as the primary agenda-setting
news source in the European sovereign bonds market. Furthermore,
even after removing the influence of traditional news (by orthogonal-
ising the Twitter variable with respect to the traditional news variable),
Twitter continues to exhibit significant predictive power. The
demand-driven media bias also complies with the agenda-setting theory
explained above, as both theories elevate the role of social media in
affecting public opinions used by traditional media companies in setting
public agenda. Thus, sentiment can flow from social media to traditional
news media.

2.3. Information flow between different proxies of investor sentiment

One question that has dominated scholarly discourse is whether
different proxies of investor sentiment can be regarded as equivalent.
Behrendt and Prange (2021) use two online searches as proxies for
investor sentiment; Google searches and company-specific Wikipedia
queries to establish if they could be considered equivalent proxies. Ac-
cording to Behrendt and Prange (2021), studies examining the equiva-
lence of online investor sentiment are associated with ongoing research
that seeks to establish the preferred proxy. Behrendt and Prange (2021)
use a dataset of Google stock ticker searches and company-specific
Wikipedia queries for DJIA stocks to establish the equivalence of the
two proxies using an information-theoretic framework. Linear Granger
causality was also used to compare the results and establish if nonlinear
dynamics are important in modelling the relationship between the
variables.

The results by Behrendt and Prange (2021) reveal no particular
pattern in terms of the dominant direction of information transfer be-
tween Google and Wikipedia searches. Some companies exhibit a
dominant direction of information flow from Google to Wikipedia while
others exhibit a reverse relationship. Based on these findings, the au-
thors conclude that the two proxies do not measure the same online
phenomena, and cannot, therefore, be regarded as equivalent. Behrendt
and Prange (2021) define an unambiguous flow of information flow
between the variables as being detected if information transfer is sta-
tistically significant in one direction. Also, the study establishes
nonlinear information transfer between the variables as revealed by the
significant effective transfer entropy values for the residual series that
are purged of any auto and cross-correlations. Thus, modelling the de-
pendencies between Google searches and Wikipedia queries for the
sampled companies using linear Granger causality could not capture the
nonlinear dependencies.

While there are studies that have sought to understand information
flow between different proxies of investor sentiment, the most
researched aspect in this strand of literature is the potential diffusion of
information between social media and news media. Most naïve investors
tend to repeat on social media information what they would already
have encountered on traditional news platforms. On the other hand, in
the contemporary world, most traditional media companies have also
adopted social media handles which they use to give a snapshot of their
news to increase traffic to their news websites. Thus, there is informa-
tion flow between these two sources of information, but the question
remains; what is the dominant direction in the flow of information be-
tween these important sources of financial information? An interesting

angle on understanding the phenomenon can be seen from the proposal
by the European Union Parliament to impose a “link tax”2 on social
media platforms that use links to news articles on the presumption that
this hurts mass media by “stealing” news. Thus, this proposal by the EU
parliament acknowledges the diffusion of information between news
media and social media. Various studies have examined the dynamics of
information flow between social media and news media using textual
analysis.

Beckers (2018) reasons that though several studies have been done
on the role played by social media and news media sentiment in
financial markets, these studies have failed to allow inference of
whether these two proxies of investor sentiment are competitive or
complementary. To fill this gap, Beckers (2018) utilises a universe of
data gathered from Thomas Reuters MarketPsych indices (TRMI) that
provide an inclusive source of sentiment extracted from text. News
sentiment is extracted from media articles originating from >2000 in-
ternational news publications. Social media content on the other hand is
gathered from stock forums, tweets, comment streams as well as blogs
originating from >700 primary sources. In a direct comparison of social
media and news media sentiment, Beckers (2018) reports that these two
proxies for investor sentiment are moderately correlated. Notably, the
study reported that news trumps social media as a sentiment source for
market timing.

In their study, Gan et al. (2020) sought to find the dynamics of in-
formation flow between social media and traditional news media using
sentiment scores extracted from TRMI. Their main aim was to capture
the dependencies between the two types of online textual sentiment
proxies using a vector autoregressive framework to avoid explicit exo-
geneity assumptions. The study used two proxies for investor sentiment;
buzz – which was used as a measure of the volume of the information
flow and sentiment – which was created from a principal component
analysis of the various emotional states existing in the TRMI database. A
rolling window approach was utilised to establish the dynamic rela-
tionship between the two proxies of online investor sentiment for
companies listed on the SP500. The findings from the empirical model
based on VAR revealed a waning of the news media in terms of
imparting sentiment between 2011 and 2017. Notably, the study reports
that by 2016, social media had become the dominant source of infor-
mation in generating media activity.

Jiao et al. (2020) used news media and social media buzz for 1848
stocks between 2009 and 2014. The ultimate panel dataset excluded
regulated utilities, depository institutions as well as holding and in-
vestment companies. The authors also excluded stocks that were delisted
within the sample period. The study specifically investigated the
mechanisms at play between social media sentiment and news media
sentiment using a stock-level panel VAR including the two sentiment
indexes as well as volatility and turnover as endogenous variables. The
empirical findings indicate that a rise in news media correlates with a
subsequent increase in social media activity, as demonstrated by
Granger causality. The relationship is unidirectional as there is no evi-
dence of a statistically significant reverse relationship between the
variables. This is consistent with the view that content posted on social
media platforms is generated by repeating and retweeting content that
has already appeared on traditional news platforms.

Though various studies have used Twitter and StockTwits as proxies
for social media, alternative proxies for social media have also been used
in other studies. In China, western social media platforms like Twitter

2 The link tax is a component of a law that would provide publishers
ownership over anything that is shared online via Facebook or YouTube as well
as other social media platforms and would also apply to services that aggregate
news, like Google News. Anyone who intends to use online journalistic content
excerpts must first obtain permission from the publisher. This new publisher
privilege would be valid for 20 years following publication (https://felixreda.eu
/eu-copyright-reform/extra-copyright-for-news-sites/).
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and StockTwits are not allowed. However, there are alternative proxies
for social media used in China such as Baidu and Sina Weibo. Dong and
Gil-Bazo (2020) used Sina Weibo (A Twitter-like platform as a proxy for
social media) and Sina Finance (For the extraction of news sentiment) to
examine how mass media affects social media for finance-related posts.
The study included 2501 stocks in a two-year-period between 2013 and
2014 and found that social media amplifies the persistence of news
media over time.

3. Research methodology

3.1. Data

The study uses a population of firms constituting the Dow Jones
Industrial Average (DJIA) between 1 January 2016 and 30 April 2023.
DJIA stocks have been chosen because of the high quality of textual
sentiment data extracted from the Bloomberg terminal. We targeted all
DJIA constituent stocks because they attract considerable media atten-
tion because of their sizes. Moreover, several studies have used DJIA
stocks in studies investigating the role of textual sentiment in stock
markets (e.g. Nyakurukwa & Seetharam, 2023b). Sentiment scores from
both social media and news media are sourced from the Bloomberg
terminal. While Bloomberg began including social media sentiment data
on January 1, 2015, the quality of these sentiment scores notably
improved in 2016, marked by a decrease in the percentage of missing
values. We, therefore, restrict the study period to the period after 31
December 2015. This leads us to an ultimate dataset of 29 DJIA con-
stituent stocks. Ultimately, the dataset contains 1906 daily observations
of news sentiment and social media scores, together constituting 55,274
firm-day observations for each variable.

In Tables A1 and A2, most of the stocks have a positive news media
and social media score average. This means that on average, the listed
stocks were associated with positive sentiment on the two media plat-
forms (News and Twitter). In terms of stationarity, using the bootUR
(Smeekes &Wilms, 2022) test under the null hypothesis that each series
has a unit root, the results across all the markets and all the variables for
each stock sampled show statistically significant results at the 1 % level
of significance. This means that all the series do not have a unit root and
are therefore stationary. Using the Fat-tailed normality test because of
its robustness for financial variables (Jelito & Pitera, 2021), we observe
that for all stocks the test statistic is statistically significant at the 1 %
level of significance. As expected, we conclude that our firm-level var-
iables are all not normally distributed at the 1 % level of significance.

3.2. Variables

For this study, average sentiment from Twitter and news was taken
from Bloomberg Inc. Bloomberg Inc. uses human specialists to manually
analyse massive datasets of tweets and news items to determine the
average sentiment. Each tweet or news article is then given a label,
which can be divided into positive, neutral and negative categories.
Following manual classification, the feeds are fed into machine-learning
models that are trained to mimic the analysis of text communications by
language specialists. Once the machine learning models are finished,
they are applied to new tweets and news stories that have been tagged
with tickers. Each tweet or news story is then given a sentiment score,
which ranges from − 1 to +1, in real-time.

3.3. Methods

3.3.1. Linear causality
The Granger causality test (Granger, 1980) is a traditional method

used to establish if one variable causes another. Specifically, it helps
figure out if a variable (X) has an impact on predicting another variable
(Y). We create two models to predict Y. Model 1 looks at Y’s past values
to make predictions. Model 2 considers both the past values of Y and X to

predict Y. The models essentially help us see if adding X improves our
ability to predict Y. Using a VAR model that includes firm-level news
sentiment and social media sentiment, we calculate a Granger causality
index (GCI)3 to measure how much better Model 2 predicts Y compared
to Model 1. This index is based on the difference in errors between the
two models and is computed as follows:

GCI = log
(

σ21
σ22

)

(1)

where σ21 and σ22 are the variances of the errors in Models 1 and 2,
respectively. We use the Fisher test to check if the improvement in
predictions is statistically significant. This involves comparing the error
differences from both models against a critical value. We set up hy-
potheses to test if X indeed affects Y. The null hypothesis assumes X does
not Granger cause Y, and the alternative hypothesis assumes significant
Granger causality from X to Y. To determine the dominant direction of
information flow, we use the GCI. If GCI values show that news Granger
causes Twitter more than the other way around for a company, we
conclude that information flows mainly from news to social media. If,
for all sampled stocks, the results consistently show that information
flows dominantly from news (social media) to social media (news), we
conclude that the two are similar equivalent proxies of sentiment.

3.3.2. Transfer entropy
The Granger causality test described above has several limitations. It

typically assumes that the variables involved are normally distributed
and have linear relationships. This can be problematic when dealing
with real-world data, which often exhibits non-normal distributions and
nonlinearities. Transfer entropy offers an alternative approach. It is a
non-parametric measure, meaning it does not rely on specific assump-
tions about the underlying data-generating process. This makes it more
robust in the presence of non-normal distributions and nonlinearities,
which are common in financial data. Transfer entropy focuses on in-
formation transfer between two time series. Here, Shannon entropy
(Shannon, 1948) plays a key role. Shannon entropy essentially quan-
tifies the uncertainty associated with a random variable. In simpler
terms, it tells us how much information, on average, is needed to
represent the variable. The formula for Shannon entropy for a discrete
random variable X with probability distribution p(x):

HJ = −
∑

p(j) . log(p(j)) (2)

Here, Σ represents the sum across all possible outcomes (x) that the
variable X can take, and log denotes the logarithm to base 2. The sum-
mation calculates the average number of bits needed to optimally
encode the information about X based on its probability distribution.
Transfer entropy builds upon Shannon entropy and quantifies the
directed information flow between two time series, X and Y. It utilizes
the concept of a Markov process, where the probability of a future state
depends only on the current state and not on the entire history. The
transfer entropy, TE(X->Y), measures the information gained about the
future of Y by knowing the past and present of X, beyond what is already
predictable from the past of Y alone.

The Effective transfer entropy (ETE) addresses the small sample bias
by comparing the actual transfer entropy with a shuffled version of the
time series where dependencies are shuffled. The statistical significance
of transfer entropy estimates is evaluated through Markov block boot-
strap, a method designed to maintain the temporal dependencies within
the time series. The presented approach assumes discrete data. When
working with continuous data, such as sentiment scores, symbolic cod-
ing is utilized. This involves dividing the data into a limited number of
bins determined by the quantiles of the empirical distribution. Each data

3 For more details on the details please read Nyakurukwa and Seetharam
(2023).
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point is subsequently assigned a symbol associated with the bin to which
it belongs.

If the bounds specified for n bins are represented by q1, q2,…, qn
where q1 < q2… < qn and yt represents the time series under investi-
gation, the data points are recoded as follows:
⎧
⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎩

1 for yt ≤ q1
2 for q1 < yt ≤ q2
⋮ ⋮

n − 1 for qn− 1 < yt ≤ q2
n for yt ≥ qn

Each value in the time series yt is substituted with an integer
(1, 2,…, n) based on how St corresponds to the interval defined by the
lower and upper bounds q1 to qn. The choice of bins was justified by the
empirical distribution of the data. The dominant direction of informa-
tion flow is determined by comparing the effective transfer entropies in
both directions (ETE(X->Y) and ETE(Y->X)). The difference between
these values indicates a stronger information flow direction. If the sign
(positive or negative) of the difference in ETEs is consistent across all
sampled firms, then we conclude that there is evidence for equivalence
between the two investor sentiment proxies. However, we only consider
a significant flow of information if at least one of the directional infor-
mation flows (ETE(X->Y) or ETE(Y->X)) is statistically significant at the
5 % level of significance. If this condition is not met, we conclude that
for that stock, there is no statistically significant flow of information
between news media sentiment and social media sentiment.

4. Results

In this section, we report the findings on the extent of information
flow between news media sentiment and social media sentiment at the
firm level using Granger causality. We start by recalling the definition of
equivalence of sentiment proxies. The two proxies of online investor
sentiment are regarded as equivalent if information unambiguously
flows from one sentiment proxy to the other. Thus, if for some stocks
information flows dominantly from news to social media while for
others information dominantly flows from social media to news, then we
conclude that these proxies are not equivalent.

4.1. Granger causality

In the Granger causality models used for each stock level data, the lag
length was chosen using the Bayesian information criterion (BIC). The
results on the information flow between news media sentiment and
social media sentiment at the firm level are presented in Table 1. Sta-
tistically significant flow of information for each stock is considered if
one of the causal relationships in the bidirectional tests is significant4 at
the 5 % level.

The findings from Table 1 show that the stocks that exhibit a sig-
nificant flow of information from news to social media and from social
media to news are 6 and 15 respectively, while 8 stocks show no sta-
tistically significant flow of information at the 5 % level. What we can
conclude from the results of the Granger causality test using the USA
market is that information flow does not follow a predictable trend.
There are stocks where information dominantly flows from news (social
media), while for others, no statistically significant flow of information
can be observed. Thus, using the definition of equivalence of investor
sentiment proxies used by Behrendt and Prange (2021) where there
should be an unambiguous dominant flow of information from one
proxy to another for all sampled stocks, we can conclude that these two
proxies of online investor sentiment cannot be regarded as equivalent
proxies.

4.2. Findings from transfer entropy

Transfer entropy uses the probability theory to determine the flow of
information between two time series and is effective even with nonlinear
variables. In this section, we present the findings of the flow of infor-
mation between the two proxies of investor sentiment. Like the criteria
used in the Granger causality models, we only consider the existence of a
significant flow of information between variables if at least one of the
causal directions (news to Twitter or Twitter to news) is statistically
significant at the 5 % level. To determine the dominant flow of infor-
mation, we use the ETE scores for each stock. News (social media) is
presumed to be dominant if the ETE score for transfer entropy from the
news (social media) is higher than the ETE score for transfer entropy
from social media (news) for each stock. According to Behrendt et al.
(2019), choosing the lag length in transfer entropy is not a trivial task as
it depends on the time series being considered. In this study, for the lag
length, we follow Behrendt and Prange (2021) by selecting an appro-
priate lag length using the BIC recovered from a bivariate VAR model
that includes time series vectors of social media sentiment and news
media sentiment scores for each stock. We use the same lag length for
investigating the bidirectional flow of information for each stock in line
with Schreiber (2000) who argues that the interpretation of results is
facilitated by setting the same number of lags. Table 2 shows the results
of the dominant flow of information between the two proxies of investor
sentiment.

Slight differences can be seen in the results reported in terms of
percentage dominance in information flow using transfer entropy
compared to the results obtained using Granger causality. Eight stocks
(27.58 %) are associated with an insignificant flow of information while
in 6 (20.68 %) stocks, news sentiment is dominant and in 15 stocks
(51.29 %) social media is dominant.

4.3. Robustness

To guarantee that our findings are not influenced by specific model

Table 1
Information flow using Granger causality.

Ticker News → Twitter Twitter → News Dominance

F-test GCI F-test GCI

AAPL 6.2885*** 0.0132 13.1210*** 0.0273 Twitter
AMGN 0.0573 0.0000 2.2759 0.0012 Insignificant
AXP 0.6646 0.0011 1.2177 0.0019 Insignificant
BA 0.9996 0.0021 12.9356*** 0.0270 Twitter
CAT 10.3660*** 0.0054 38.4574*** 0.0200 Twitter
CRM 7.5386*** 0.0040 12.4471*** 0.0065 Twitter
CSCO 6.4606** 0.0034 10.8079*** 0.0057 Twitter
CVX 4.0938** 0.0021 9.1360*** 0.0048 Twitter
DIS 17.3254*** 0.0091 3.5625* 0.0019 News
GS 0.0018 0.0000 41.2100*** 0.0214 Twitter
HD 15.2637*** 0.0080 18.2317*** 0.0095 Twitter
HON 6.6585*** 0.0070 3.9298** 0.0041 News
IBM 1.5768 0.0008 20.1405*** 0.0105 Twitter
INTC 5.5270*** 0.0116 2.1924* 0.0046 News
JNJ 17.0585*** 0.0089 3.7807* 0.0020 News
JPM 2.0384* 0.0043 6.1273*** 0.0129 Twitter
KO 10.4326*** 0.0055 10.9040*** 0.0057 Twitter
MCD 4.6289** 0.0024 2.5342 0.0013 News
MMM 2.6443** 0.0042 2.7050* 0.0043 Twitter
MRK 3.9576** 0.0021 5.2770** 0.0028 Twitter
MSFT 0.9814 0.0005 3.0937* 0.0016 Insignificant
NKE 2.5696 0.0013 12.4621*** 0.0065 Twitter
PG 9.1663*** 0.0048 21.1092*** 0.0110 Twitter
TRV 2.4673 0.0013 0.3933 0.0002 Insignificant
UNH 22.3083*** 0.0117 16.1702*** 0.0085 News
V 1.4051 0.0015 0.7730 0.0008 Insignificant
VZ 0.8175 0.0004 0.1532 0.0001 Insignificant
WBA 0.6681 0.0004 3.5912* 0.0019 Insignificant
WMT 0.6804 0.0004 1.8776 0.0010 Insignificant

4 i.e if one of the tests of Granger causality to news (twitter) is statistically
significant at the 5% level.
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specifications, we implement a series of robustness checks to determine
if our results are responsive to changes in model parameters. First, as
explained earlier, setting the lag length in transfer entropy models
highly depends on the nature of the time series being analysed. In the
results reported in this study, we used a commonly utilised approach of
determining the lag length using a bivariate VARmodel that includes the
two proxies of investor sentiment and choosing the lag length that
minimises the BIC. In further robustness checks, we choose a lag length
of one for all transfer entropy models. The decision to use a lag length of
one is based on literature indicating that financial time series can be
effectively modelled using Markov chains of order one (Mcqueen &
Thorley, 1991; Turner et al., 1989). Second, instead of discretisation
based on the 5 % and 95 % quantiles, we follow Behrendt and Prange
(2021) by also utilising discretisation based on the 10 % and 90 %
quantiles. Using both robustness checks, our results do not qualitatively
change. Information dominantly flows from social media.

The dominance of social media over news media in the transmission
of sentiment shows that firms should actively manage their social media
presence to influence public sentiment and media coverage. It is
important to develop strategies to engage with followers, address po-
tential issues, and promote positive narratives. This is particularly
important as studies have shown that one of the challenges of big data is
the existence of misinformation, spam messages as well as the deploy-
ment of bots to drive a particular narrative (Kar et al., 2023). Also, in the
long run, management of social media presence reduces the operational
cost of handling complaints and improves customer satisfaction, thereby
increasing overall firm profitability.

5. Discussion

5.1. Contributions to literature

The results of the study show that generally, DJIA stocks are asso-
ciated with a significant information flow of information between news

and social media. Considerable information flow between social media
and news media sentiment observed can be explained by several factors.
The real-time nature of Twitter enables users to quickly share and
disseminate information, including sentiments and opinions about the
stock market. This rapid transmission of sentiment can catch the
attention of news media outlets, who may then pick up and amplify the
sentiment in their coverage. This phenomenon is consistent with the
concept of Twitter acting as an "early warning system" for news media,
as discussed by McGregor and Molyneux (2020).

Second, the inherent characteristics of Twitter, such as brevity and
conciseness, make it a popular platform for succinctly expressing opin-
ions and emotions (Tandon et al., 2021). This allows for a large volume
of sentiment-related data to be generated on Twitter, providing news
media outlets with a vast pool of potential news leads or angles to cover.
As a result, news media may rely on Twitter as a source of information
and gauge public sentiment to shape their own narratives and coverage
of stocks. This result is also consistent with the demand-driven media
bias hypothesis of Mullainathan and Shleifer (2005). This hypothesis
suggests that media outlets may be compelled to cater to the demands of
their readership and thereby report news that aligns with the narratives
prevalent on social media platforms to increase advertising revenue.
These results are also in line with the agenda-setting theory where social
media has become an important source of public opinion which can then
be picked up by traditional news platforms. The results concur with
Milas et al. (2021) who report findings highlighting Twitter’s signifi-
cance as a primary source for setting the agenda regarding discussions
related to Grexit. For a few of the stocks, the findings showed a signif-
icant flow of information from news sentiment to social media senti-
ment. This supports the echo chamber effect where information
previously appearing on traditional news is repeated on social media
platforms and interpreted as new information by investors. This is in line
with Tetlock (2011) who suggested that this “stale information” can
affect stock market outcomes like stock returns and volatility.

The fact that information dominantly flows from social media to

Table 2
Information flow using transfer entropy.

News → Twitter Twitter → News Dominance

TE ETE SE TE ETE SE

AAPL 0.0783 0.0068*** 0.0091 0.0723 0.0233** 0.0090 Twitter
AMGN 0.0032 0.0000 0.0017 0.0066 0.0017 0.0016 Insignificant
AXP 0.0516 0.0118** 0.0065 0.0659 0.0205*** 0.0072 Twitter
BA 0.0553 0.0000 0.0080 0.0573 0.0115 0.0090 Insignificant
CAT 0.0101 0.0056*** 0.0017 0.0084 0.0041** 0.0016 News
CRM 0.0044 0.0000 0.0018 0.0098 0.0053*** 0.0017 Twitter
CSCO 0.0110 0.0066*** 0.0020 0.0164 0.0122*** 0.0016 Twitter
CVX 0.0072 0.0028* 0.0018 0.0093 0.0043** 0.0018 Twitter
DIS 0.0137 0.0088*** 0.0017 0.0089 0.0037** 0.0017 News
GS 0.0096 0.0052** 0.0019 0.0180 0.0134*** 0.0017 Twitter
HD 0.0056 0.0013 0.0016 0.0089 0.0044** 0.0016 Twitter
HON 0.0313 0.0100** 0.0047 0.0295 0.0078** 0.0044 News
IBM 0.0082 0.0043** 0.0017 0.0129 0.0078*** 0.0017 Twitter
INTC 0.0642 0.0000 0.0096 0.0780 0.0222** 0.0090 Twitter
JNJ 0.0069 0.0026* 0.0017 0.0049 0.0004 0.0018 Insignificant
JPM 0.0720 0.0041 0.0101 0.0757 0.0064* 0.0099 Insignificant
KO 0.0119 0.0074*** 0.0018 0.0146 0.0098*** 0.0019 Twitter
MCD 0.0070 0.0025 0.0017 0.0035 0.0000 0.0017 Insignificant
MMM 0.0491 0.0114** 0.0071 0.0571 0.0171*** 0.0070 Twitter
MRK 0.0070 0.0025* 0.0016 0.0107 0.0061*** 0.0017 Twitter
MSFT 0.0074 0.0028* 0.0017 0.0116 0.0070*** 0.0018 Twitter
NKE 0.0079 0.0032* 0.0018 0.0077 0.0029* 0.0016 Insignificant
PG 0.0092 0.0045** 0.0016 0.0070 0.0018 0.0017 News
TRV 0.0123 0.0079*** 0.0015 0.0034 0.0000 0.0018 News
UNH 0.0125 0.0079*** 0.0018 0.0034 0.0000 0.0018 News
V 0.0233 0.0040 0.0042 0.0185 0.0004 0.0038 Insignificant
VZ 0.0074 0.0025* 0.0017 0.0141 0.0089*** 0.0019 Twitter
WBA 0.0043 0.0000 0.0017 0.0032 0.0000 0.0018 Insignificant
WMT 0.0144 0.0100*** 0.0018 0.0169 0.0117*** 0.0019 Twitter

Notes: TE, ETE, and SE stand for Transfer Entropy, Effective Transfer Entropy, and standard errors, respectively. ***, **, and * indicate statistical significance at the 1
%, 5 %, and 10 % levels, respectively.
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news is not surprising given the regulations surrounding the disclosure
of corporate and strategic information via social media. In 2013, the
Securities and Exchange Commission (SEC) issued a report that made it
clear that firms can utilise social media platforms like Twitter to disclose
key corporate information in line with Regulation Fair Disclosure as long
as investors are sufficiently alerted about which social media is used to
disseminate the information (Alexander & Gentry, 2014). Thus, it is
possible for key corporate information to appear first on social media
before it is picked up by traditional news media later during the day or
sometimes the following day. This could explain why for most of the
stocks, information predominantly flows from social media to news
media.

5.2. Practical implications

The study raises questions about the regulation of social media
platforms in the context of their influence on news media sentiment and,
subsequently, financial markets. Discussions may emerge on how to
strike a balance between ensuring freedom of expression on these plat-
forms and preventing potential market manipulation. Regulatory bodies
may need to assess the role of social media in disseminating information
that can impact financial markets. The findings highlight social media as
a dominant source influencing investor sentiment, with information
predominantly flowing from social media to news for most stocks. This
indicates that social media platforms have a pivotal role in influencing
market sentiment.

5.3. Future scope

Future studies could exploit the relationship between social media
and news media sentiment reported in this study in various directions.
First, fake accounts, often referred to as social bots or Sybil accounts, are
generated in large numbers by software programs to artificially boost
the spread of false information by propagating it across social media
platforms (Haustein et al., 2016; Michail et al., 2022). Future studies
could leverage the findings found from this study to understand whether
information generated by bots could end up on mainline news platforms
as real news. Future studies could therefore specifically pursue this using
primary data and not third-party data sources which may be more

restrictive. Future studies could also explore the flow of information
between news sentiment and social media sentiment using sectoral data
to establish whether the differences in the direction of the flow of in-
formation could be explained by sectoral characteristics. Finally, rather
than depending on data provided by third-party data providers, future
studies could use primary data and leverage the rise of generative AI to
compute sentiment scores. Several recent studies have shown that
generative AI is accurate in several business applications (Dwivedi et al.,
2023; Ooi et al., 2023)

6. Conclusion

This study sought to address the ongoing challenge of identifying an
effective proxy for the unobservable variable of investor sentiment,
focusing specifically on the equivalence of news media and social media
sentiments. Analysing daily sentiment scores for DJIA stocks through
Granger causality and transfer entropy, the research shows distinct
patterns in information flow among the sampled stocks. The prevailing
trend demonstrates a significant flow from social media to news, though
variations exist, with certain stocks indicating information dominance
from news to social media or showing no significant flow. We conclude
that these two proxies of investor sentiment are not equivalent and
financial market participants need to understand these complexities in
their investing decisions. The major limitation of the study is the
exclusion of smaller stocks because of poor quality sentiment scores
generated because of the less attention these stocks attract on online
platforms.
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Appendix. Sampled stocks

Table A1
Descriptive statistics and tests for stationarity (News sentiment).

Ticker Mean Median SD Min Max bootUR FT.Normality

AAPL − 0.0010 − 0.0018 0.0862 − 0.8542 0.7784 − 3.3673*** 86.8593***
AMGN 0.0608 0.0026 0.3772 − 0.9991 0.9997 − 2.0706*** 20.1674***
AXP − 0.0111 0.0000 0.2000 − 0.9869 0.9750 − 3.4615*** 63.8244***
BA − 0.0060 − 0.0010 0.1483 − 0.9815 0.8527 − 3.0867*** 82.6210***
CAT 0.0255 0.0000 0.3494 − 0.9975 0.9933 − 3.6323*** 20.9695***
CRM 0.0590 0.0000 0.2042 − 0.8527 0.9534 − 4.9416*** 37.9915***
CSCO 0.0162 0.0000 0.1743 − 0.8997 0.9653 − 3.9268*** 73.5489***
CVX − 0.0022 0.0000 0.1604 − 0.7995 0.8419 − 3.9069*** 59.4271***
DIS − 0.0003 − 0.0002 0.0547 − 0.5863 0.7938 − 3.5180*** 97.8415***
GS − 0.0258 − 0.0023 0.1370 − 0.9466 0.9566 − 3.4599*** 72.8500***
HD 0.0520 0.0037 0.2368 − 0.9537 0.9860 − 4.9925*** 45.7016***
HON 0.0073 0.0000 0.1932 − 0.9933 0.9117 − 2.0637*** 61.2458***
IBM − 0.0193 0.0000 0.2409 − 0.9924 0.9893 − 3.0957*** 60.0605***
INTC 0.0027 0.0000 0.1063 − 0.7041 0.8329 − 3.9318*** 85.6996***
JNJ − 0.0406 − 0.0005 0.2247 − 0.9976 0.9102 − 2.9027*** 45.9378***
JPM − 0.0155 − 0.0026 0.0931 − 0.8418 0.5378 − 4.9483*** 76.0772***
KO 0.0149 0.0000 0.1478 − 0.9427 0.8802 − 6.5666*** 70.6448***
MCD 0.0007 0.0000 0.1550 − 0.9359 0.9502 − 3.5653*** 74.1031***
MMM − 0.0337 0.0000 0.3643 − 1.0000 1.0000 − 2.8823*** 19.9884***

(continued on next page)
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Table A1 (continued )

Ticker Mean Median SD Min Max bootUR FT.Normality

MRK 0.0601 0.0000 0.2690 − 0.9933 0.9933 − 2.8266*** 38.9688***
MSFT 0.0066 0.0000 0.0492 − 0.2681 0.7345 − 2.5118*** 100.735***
NKE 0.0003 0.0000 0.1635 − 0.9667 0.9449 − 4.1083*** 70.0664***
PG 0.0383 0.0000 0.2759 − 0.9991 0.9913 − 3.9426*** 39.4504***
TRV − 0.0392 0.0000 0.3637 − 0.9999 0.9997 − 2.8061*** 16.8877***
UNH 0.0563 0.0000 0.3268 − 0.9975 0.9933 − 3.6730*** 27.8993***
V 0.0168 0.0000 0.1602 − 0.9292 0.8760 − 3.7121*** 67.8804***
VZ 0.0044 0.0000 0.1283 − 0.9560 0.9806 − 3.9246*** 85.8540***
WBA − 0.0046 0.0000 0.3420 − 0.9975 0.9933 − 3.1106*** 28.3487***
WMT 0.0050 − 0.0002 0.1301 − 0.9534 0.9048 − 4.0691*** 88.3278***

Notes: The table shows the mean, median, standard deviation (SD), minimum value (Min), maximum value (Max), bootUR statistics (Smeekes&Wilms, 2022) and Fat
tail normality test (Jelito & Pitera, 2021) statistics. ***, **, * represents statical significance at the 1 %, 5 % and 10 % levels of significance.

Table A2
Descriptive statistics and tests for stationarity (Social media sentiment).

Ticker Mean Median SD Min Max bootUR FT.Normality

AAPL − 0.0057 − 0.0021 0.0377 − 0.3241 0.3218 − 2.7123*** 78.4273***
AMGN 0.0292 0.0165 0.1162 − 0.9516 0.8902 − 2.7139*** 54.4354***
AXP 0.0182 0.0065 0.1239 − 0.9795 0.9153 − 2.7413*** 65.0485***
BA − 0.0133 − 0.0033 0.1032 − 0.9119 0.8893 − 3.4204*** 72.8338***
CAT 0.0225 0.0123 0.1776 − 0.9904 0.9510 − 3.6737*** 51.6769***
CRM 0.0124 0.0053 0.0688 − 0.9725 0.5887 − 2.5379*** 87.4591***
CSCO 0.0202 0.0103 0.0927 − 0.8672 0.7404 − 4.2951*** 66.1571***
CVX 0.0063 0.0079 0.1267 − 0.9711 0.8630 − 2.9634*** 54.9377***
DIS 0.0003 − 0.0004 0.0410 − 0.9757 0.5366 − 4.4327*** 95.9119***
GS − 0.0185 − 0.0021 0.1280 − 0.9448 0.7441 − 3.3964*** 60.2197***
HD 0.0384 0.0155 0.1661 − 0.9577 0.8680 − 3.5293*** 41.5436***
HON 0.0345 0.0090 0.1299 − 0.9747 0.9108 − 2.3582*** 52.7578***
IBM 0.0033 0.0013 0.0400 − 0.4410 0.6598 − 7.5433*** 100.7231***
INTC 0.0024 0.0030 0.0638 − 0.8226 0.9712 − 2.6161*** 79.0261***
JNJ − 0.0060 0.0011 0.1443 − 0.9925 0.9650 − 4.1858*** 62.9547***
JPM 0.0032 0.0047 0.1665 − 0.9797 0.7775 − 2.8586*** 46.1880***
KO 0.0030 0.0000 0.1376 − 0.9618 0.9762 − 2.7781*** 90.6095***
MCD 0.0028 0.0005 0.1065 − 0.9789 0.8647 − 3.7006*** 80.0208***
MMM 0.0142 0.0094 0.1654 − 0.9010 0.9658 − 2.7063*** 44.5803***
MRK 0.0207 0.0122 0.0922 − 0.8487 0.7864 − 3.0613*** 64.9895***
MSFT 0.0014 0.0014 0.0458 − 0.6997 0.5960 − 2.6051*** 100.9573***
NKE 0.0157 0.0048 0.1618 − 0.9608 0.9897 − 2.4254*** 59.6669***
PG 0.0254 0.0057 0.1145 − 0.9158 0.7772 − 3.1611*** 57.3445***
TRV 0.0421 0.0045 0.2278 − 0.9600 0.9502 − 8.7739*** 34.8702***
UNH 0.0540 0.0172 0.1623 − 0.8793 0.9204 − 4.0062*** 44.6801***
V 0.0159 0.0092 0.0972 − 0.9882 0.7453 − 3.4651*** 74.5340***
VZ − 0.0006 0.0006 0.0689 − 0.6866 0.6781 − 4.0161*** 88.4192***
WBA 0.0027 0.0000 0.1116 − 0.9872 0.8177 − 3.1318*** 61.1199***
WMT − 0.0209 − 0.0021 0.1310 − 0.9682 0.7823 − 3.0622*** 79.2956***

Notes: The table shows the mean, median, standard deviation (SD), minimum value (Min), maximum value (Max), bootUR statistics (Smeekes&Wilms, 2022) and Fat
tail normality test (Jelito & Pitera, 2021) statistics. ***, **, * represents statical significance at the 1 %, 5 % and 10 % levels of significance.
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