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ABSTRACT

Increasing computing power and access to the internet have amplified the role of social media and online news media on finan-

cial market outcomes. However, these two sources of information are intertwined in such a way that information flows between
them. As a result, sentiment expressed in one source can affect stock market outcomes through the other source. This study
examines this interplay between news media sentiment, social media sentiment and stock returns within the Dow Jones con-
stituent companies from 2016 to 2023. Leveraging an extensive dataset, we adopt an approach that combines causal mediation

models with robust statistical techniques to establish the mediation effects of one sentiment proxy on the relationship between

the other proxy and stock returns. We also use a range of other methods like path analysis, panel vector autoregression and causal

forests for robustness. The study finds that news sentiment is more influential in directly affecting stock returns than Twitter
sentiment while the latter is more influential indirectly when mediated by news sentiment.

JEL Classification: G14, G40

1 | Introduction

Under classical finance, capital markets are informationally
efficient. This implies that the possibility of attaining returns
exceeding those adjusted for risk is limited. De Long et al. (1990)
support this by arguing that rational arbitrageurs consistently
restore asset prices to their intrinsic values by counterbalanc-
ing the effect of irrational investors. However, contrary to the
Efficient Market Hypothesis (EMH), the Limited Arbitrage
Hypothesis contends that complete arbitrage is not feasible in
the real world due to challenges faced by arbitrageurs such as
those arising from the inherent risk and capital requirements
associated with arbitrage activities (Shleifer and Vishny 1997).
Thus, the activity of irrational traders can lead to frequent devi-
ations from market efficiency.

A more recent body of literature attributes a subset of stock
market anomalies observed in financial markets to the distor-
tions introduced by trades influenced by investor sentiment

(Baker and Wurgler 2006; Black 1986). However, investor sen-
timent is a latent variable and over the years various proxies
of investor sentiment have been used including market vari-
ables (Song et al. 2023), surveys (Hasan and Al-Najjar 2025)
and other variables. With the increasing computing power and
language processing technology, recent literature has shifted
its focus to investor sentiment extracted from text. Two of the
most used sources of textual sentiment are online news media
and social media. Online news media are more formal sources
of information that normally disseminate information after
verifying facts. Social media, on the other hand, is more infor-
mal and seeks to give information in real-time by posting as
events occur.

Several studies show that sentiment extracted from news and
social media can predict stock returns. However, most of these
studies have independently looked at whether each proxy can
predict stock returns. This is against the increasing informa-
tion flow between these two sources of information as these
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two platforms are quickly converging. Some journalists and
companies have active social media handles and usually share
snippets of official news on social media platforms. Seetharam
and Nyakurukwa (2024) state that news media and social
media exhibit information flows between them and there is
a need to simultaneously model these information flows to
establish how they affect stock market outcomes. As a result,
there is a potential for one of the proxies mediating the other
in affecting stock returns. In this study, we therefore examine
whether social media (news media) sentiment can potentially
mediate the relationship between news media (social media)
and stock returns.

Empirically, studies have shown different ways in which news
and social media sentiment affect stock returns. Gianstefani
et al. (2022) suggest that the processing of social media signals
is subject to echo chambers. This means that social media sim-
ply repeats existing news media signals, and some naive trad-
ers may interpret this as new information. News media, on the
other hand, contains new and fundamental information which
often leads to less disagreement about asset prices and thereby
drives prices to their intrinsic values (Jiao et al. 2020). Thus,
social media and news media are likely to have opposite effects
on stock returns in such scenarios. Ren et al. (2021) postulate
that it is very unlikely that social media can act as a sentiment
generator for financial news. Rather, they propose a hypothesis
that stipulates that the sentiment role of social media is mostly
of being a sentiment filter. This means that news media react
to the discussions of previous posts on social media and in the
process set the sentiment of later news articles on the same topic.
Thus, future news media articles on the same topic may reflect
the new curated sentiment.

Ren et al. (2021) state that contrary to popular belief of objective
reporting by news media, competition for advertising revenue
and viewership may lead to news media companies reporting
the same information set with different sentiments catering to
different audience groups. News media companies may there-
fore align their sentiments with the sentiments of their readers
(from observing their sentiments on social media) to increase
viewership. As a result, there is therefore a complex interplay
between news sentiment and social media sentiment which
may result in one source being a mediator in the other's role in
affecting stock market outcomes like returns and volatility. We,
therefore, test the following hypotheses that succinctly show the
interplay between these two sources of information in affecting
stock returns:

Hypothesis 1. Social media sentiment (M) mediates the
relationship between news media sentiment (X) and stock
returns (Y).

Hypothesis 2. News media sentiment (M) mediates the
relationship between social media sentiment (X) and stock
returns (Y).

We assume that X is the main independent variable, M is the
mediating variable and Y is the dependent variable. Because
we do not want to pre-empt the relationship between these
variables, we test two hypotheses with each sentiment proxy
respectively assuming an independent and mediator role.

We leverage our understanding of the complex relationship
between these three variables using causal mediation models
(CMM). Causal mediation models are increasingly becoming
popular in the business domain (Asiedu and Mensah 2023;
Carpena and Zia 2020; Celli 2022), having mostly been used
in other fields in the social and health sciences. Over the years,
these models have been increasing in complexity to deal with
assumptions inherent in linear models like normality, sta-
tionarity and fat tails. We use one such method (robust medi-
ation model) to robustly test the mediation model consisting
of social media sentiment, news media sentiment as well as
stock returns. This method is appropriate for this study as it is
robust even when a distribution deviates from normality. It also
intrinsically down-weights outliers and is robust with distribu-
tions that have fatter tails. In sum, it allows us to understand
the relationship between the two sources of information in a
framework that acknowledges that one can affect stock returns
through another source.

This study contributes to the literature by employing a causal
mediation framework to quantify the mediating role of sen-
timent in the relationship between news sentiment, social
media sentiment, and stock returns. Unlike prior research
that examines sentiment as a direct driver of stock prices, this
study explicitly tests for mediation effects, identifying whether
social media sentiment mediates the effect of news sentiment
on stock returns or whether news sentiment mediates the effect
of social media sentiment on stock returns. The findings of the
study show that news sentiment and Twitter sentiment both act
as mediators in the relationship between one proxy of investor
sentiment and returns. However, when we compare these indi-
rect effects, we find that the mediating role of news sentiment
in influencing the relationship between Twitter sentiment and
stock returns is stronger than the mediating role of Twitter sen-
timent in influencing the relationship between news sentiment
and stock returns. When it comes to direct effects, we report that
news sentiment is more influential in affecting stock returns
compared to Twitter sentiment. These results hold across a mul-
titude of methods including path analysis, panel vector autocor-
relation and causal forests.

We proceed as follows: Section 2 looks at data and methods,
Section 3 presents the results, Section 4 discusses the results and
Section 5 concludes.

2 | Data and Methods
2.1 | Data

We get our social media and news media daily sentiment
scores from Bloomberg. Our sample includes 30 constitu-
ents of the Dow Jones Industrial Average (DJIA). The DJIA
has some of the largest and most liquid stocks in the world
and, as a result, are more likely to be frequently mentioned
on the two online platforms we use in this study. Thus, we
get better sentiment scores from bigger companies which
attract considerable attention on online platforms. Several
studies investigating how online textual sentiment is related
to stock returns have also used DJIA constituent stocks (e.g.,
Seetharam and Nyakurukwa 2025). A full list of the stocks, as
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well as the procedure used to compute the sentiment scores
by Bloomberg, is included in Appendices S1 (Table S1) and S2,
respectively. Daily firm-level news sentiment and social media
sentiment score range from a minimum of —1 (the most pes-
simistic score) to +1 (the most optimistic score). Stock returns
are estimated as the daily log returns of each sampled stock.
Our sample period starts from 1 January 2016 to 30 April
2023, motivated by the availability of data.

2.2 | Methods

2.2.1 | Preliminary Examination of the Relationships
Among the Variable

Before looking at the main model which looks at the causal
mediation relationships among the variables, we start with
examining the relationships among the variables without con-
sidering mediation. To accomplish this, we employ path anal-
ysis and Panel Vector Autoregression (PVAR). Path analysis is
used to model the direct relationships between these variables.
This method allows us to assess how changes in news senti-
ment and Twitter sentiment impact stock returns while con-
sidering potential feedback loops between these variables. By
specifying direct paths between news, Twitter sentiment, and
returns, path analysis provides insight into the magnitude and
direction of these relationships, ensuring a clear understanding
of the immediate connections before considering more complex
causal mediation.

We utilise the PVAR model in the generalised method of
moments (GMM) framework, as outlined by Abrigo and
Love (2016). This method is designed to handle panel data
with potentially endogenous variables and unobserved het-
erogeneity. In this framework, the PVAR model is estimated
using GMM to address endogeneity by exploiting the orthogo-
nality conditions between the lagged values of the endogenous
variables and the error terms. This approach helps to correct
the bias that may arise from simultaneity or omitted variable
bias in the standard estimation of dynamic panel models. The
GMM estimator in the PVAR context provides consistent and
efficient estimates of the parameters, even when the variables
in the system are correlated with individual effects or exhibit
time-varying relationships, making it a powerful tool for ana-
lysing complex dynamic relationships in panel data settings.
By combining path analysis and PVAR, we gain a preliminary
understanding of the total and dynamic relationships among
the key variables before proceeding to the causal mediation
analysis.

2.2.2 | Causal Mediation

In our main empirical analysis, we use a mediation model in
which stock returns are the dependent variable, either social
media (or news media) is one of the main independent vari-
ables and either news media (or social medial) is the mediat-
ing variable. In effect, we run two high-level models, one in
which news media is the main independent variable and the
other in which social media sentiment is the main indepen-
dent variable. Assuming that the main independent variable

(M)
Social media

(X)
News sentiment|

(Y)

Stock returns

FIGURE1 | Visualisation of the mediation model.

is news sentiment, and the mediating variable is social media
sentiment, we can visualise our mediation model as shown in
Figure 1.

The model in Figure 1 can be represented using the following
equations:

M =i +aX+e (1)
Y=i,+bM+cX+e, )
Y=i+X+e, 3)

where stock return (Y) is the dependent variable, news senti-
ment (X) is the independent variable and social media sentiment
(M) is the hypothesised mediator. The regression coefficients
to be estimated are represented by i, i,,i5,a,b,cand ¢’ while
e,, e,and e; represent random error terms. The coefficients of ¢
and ¢’ are, respectively, called the direct effect and total effect
of X on Y. The product of the coefficients a and b is called the
indirect effect of X on Y, which in this study will be our main
parameter of interest in the mediation model. The indirect effect
represented by ab can be interpreted as follows: A change of one
unit in the independent variable explains a change of a units in
the mediator, which in turn explains a change of ab units in Y.

Estimation of the coefficients for the mediation model visualised
in Figure 1 is normally done by utilising normal-theory maxi-
mum likelihood procedures, the most common being ordinary
least squares (OLS). However, financial variables often have
stylised characteristics like non-normality, fat tails and excess
kurtosis, characteristics which deviate from the assumptions of
models based on OLS. For this study, we therefore utilise the
robust test for mediation (ROBMED) of Alfons et al. (2022) that
builds on bootstrapping the indirect effect via linear regression.
Alfons et al. (2022) employ a robust method that builds upon the
bootstrap technique for examining mediation (see Bollen and
Stine 1992). However, their approach substitutes conventional
OLS regressions with the robust MM-estimator of regression
(Yohai 1987) and swaps out the standard bootstrap methodol-
ogy with the rapid and robust bootstrap procedure (Salibian-
Barrera and Zamar 2002). The MM-estimator can be interpreted
as a variant of the weighted least-squares estimator, where the
weights are data-driven. These weights reflect the extent to
which each observation deviates from the norm; an observa-
tion showing substantial residual (high deviation) is assigned
a weight approaching 0, whereas an observation with minimal
residual (low deviation) is assigned a weight close to 1. Thus, the
MM estimator robustly accounts for outliers in the models by
down-weighting them.
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2.2.3 | Robustness

To ensure the robustness of the causal mediation analysis, we
also employ causal forest, a non-parametric machine learning
technique. Causal forest allow us to estimate heterogeneous
treatment effects by capturing complex, non-linear relation-
ships between the treatment (news/Twitter sentiment) and the
outcome (returns) while controlling for covariates. This method
provides a more flexible alternative to traditional regression-
based approaches, allowing for better handling of high-
dimensional data and uncovering treatment effects that may
vary across different subgroups within the sample, thus com-
plementing the findings from the causal mediation analysis.
We use a causal forest framework to analyse the impact of news
(Twitter) sentiment on stock returns, with daily Twitter (news)
sentiment included as a covariate. Here, stock returns (Y) are
the outcome variable, the treatment variable is news (Twitter)
sentiment (T) and the covariate is daily Twitter (news) sentiment
(X). The causal relationship is modelled as

Y=f(T,X)+¢6Y =f(T,X)+e¢, (@)

where f(T,X) represents the relationship between returns,
news sentiment and Twitter sentiment and e is the error term.
The analysis focuses on estimating the average partial effect
(APE) of the treatment T on the outcome Y, which represents
the average marginal effect of news sentiment on stock returns
across the entire sample. The APE is expressed as

N
1 Z JE[Y | T, X]

N oT;

i=1 i

APE = ©)

This formulation captures the overall sensitivity of stock returns
to changes in daily news sentiment, accounting for variations in
Twitter sentiment. To control for potential confounding by X, the
causal forest algorithm incorporates an orthogonalisation step.
This step involves residualising both the outcome (Y) and the
treatment (T) with respect to X:

Yresidual =Y - g(X) (6)

Tresiguar = T — HX) 7

where g(X) and h(X) are estimated using regression forests
to capture the dependence of returns and news sentiment on
Twitter sentiment. The Y, ,q4uq a0d T)pgiqua @r€ then used to iso-
late the treatment effect, ensuring that the marginal effect of T
on Y is not confounded by X. The causal forest algorithm con-
structs an ensemble of decision trees, each designed to optimise
the estimation of treatment effects. Splitting criteria focus on
maximising the heterogeneity of the partial effect of T on Y.
The APE is calculated as the average treatment effect across
all observations, leveraging the flexibility of causal forests to
account for non-linear relationships and interactions among
variables. The interpretation of results centres on the magnitude
and sign of the APE. A positive APE indicates that, on average,
an increase in favourable news sentiment leads to an increase
in stock returns, while a negative APE suggests the opposite.
The robustness of the APE is validated through out-of-bag sam-
pling, ensuring that the results are not overfitted to the train-
ing data.

3 | Results

3.1 | Distributional Characteristics and Summary
Statistics

Before we report on the results from the empirical mediation
models, we first outline some firm-level distributional charac-
teristics of the variables shown in Tables S2-S4. We test for sta-
tionarity using the bootUR (Smeekes and Wilms 2022) test for
stationarity which circumvents the shortcomings of asymptotic
inference by utilising bootstrap unit root tests. Using the bootUR
test under the null hypothesis that each series has a unit root,
the results across all the stocks and all the variables show sta-
tistically significant results at the 1% level of significance. This
means that all the series do not have a unit root and are therefore
stationary. We also test for normality using the fat-tailed nor-
mality test (Jelito and Pitera 2021), which is robust with finan-
cial variables. Using the novel fat-tailed normality (F.Normality)
test to test for normality, the null hypothesis is that the test sta-
tistic (N) equals zero. We perform a one-sided statistical test for
each series and reject normality if the computed value is greater
than the empirical critical values generated from a Monte Carlo
simulation. The last columns of each of Tables S2-S4 show the
N statistics. We observe that for all stocks and all variables, the N
statistic is statistically significant at the 1% level of significance.
As expected, we conclude that our firm-level variables are all not
normally distributed at the 1% level of significance. However,
beyond testing for normality, the absolute value of the N statistic
helps us to quantify the fatness/slimness of the variable distri-
butions. A negative value symbolises slimmer tails while a pos-
itive value symbolises fatter tails. The further the N statistic is
from zero, the slimmer (for negative N statistic) or the fatter (for
positive N statistic) the distributions. For all the variables, the
N statistics are positive and further from zero, showing that all
series exhibit fat tails, in line with the well-known stylised facts
of financial variables.

3.2 | Results From Preliminary Variable
Relationships

We first report results from the preliminary analyses that do
not take into account mediation channels among the variables.
Table 1 shows the results from the PVAR model.

In Table 1, we report the results from the PVAR model using
5-day lags as suggested by the Bayesian Information Criterion.
The results from the PVAR model suggest a dynamic interplay
between stock returns, Twitter sentiment and news sentiment.
Stock returns exhibit significant negative autocorrelation over
time, indicating some degree of mean reversion. Twitter sen-
timent shows strong persistence, with its own lagged values
significantly driving current sentiment, while also influenc-
ing returns. News sentiment exhibits a similarly strong self-
reinforcing effect and significantly impacts both returns and
Twitter sentiment, with the effects persisting across multi-
ple lags. We also observe that lagged values of news (Twitter)
sentiment significantly affect Twitter (news), all suggesting
that there is a potential mediating effect of social media (news
media) sentiment on the relationship between news (social
media) sentiment and stock returns. This warrants a robust
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TABLE1 | Results from the PVAR model.

Returns Twitter News
ReturnsL.1 —0.0843%** —0.0815%** 0.0001 0.0002 —0.0020%** —0.0018%***
(0.0144) (0.0142) (0.0003) (0.0004) (0.0005) (0.0005)
ReturnsL.2 0.0469%** 0.0004 0.0003
(0.0119) (0.0003) (0.0005)
ReturnsL.3 —0.01197*** 0.0002 0.0002
(0.0044) (0.0002) (0.0004)
ReturnsL.4 —0.0256%** 0.0007*** —0.001**
(0.0056) (0.0002) (0.0006)
ReturnsL.5 0.0067 0.0004 —0.0018***
(0.0067) (0.0003) (0.0006)
TwitterL.1 0.7820%*** 0.8389%** 0.2572%** 0.2402%** 0.1252%** 0.1204%***
(0.0983) (0.1011) (0.0181) (0.0147) (0.0210) (0.0210)
TwitterL.2 —0.1683%** 0.0297*** —0.0095
(0.0543) (0.0104) (0.0116)
TwitterL.3 0.0047 0.0535%** 0.0107
(0.0413) (0.0075) (0.0096)
TwitterL.4 —0.0851** 0.0227%* —0.0217%**
(0.0392) (0.0110) (0.0068)
TwitterL.5 —0.0903* 0.0362%** 0.0209**
(0.0489) (0.0089) (0.0101)
NewsL.1 0.3321%** 0.3555%** 0.0246%** 0.0214%** 0.2418%*** 0.2236%**
(0.0715) (0.0765) (0.0048) (0.0041) (0.0154) (0.0146)
NewsL.2 —0.0908*** 0.0042 0.0500%**
(0.0345) (0.0032) (0.0113)
NewsL.3 —0.0921** —0.004 0.0140*
(0.0365) (0.0029) (0.0082)
NewsL.4 0.0632%* —0.0091 0.0409***
(0.0312) (0.0042) (0.0113)
NewsL.5 —0.0172* —0.0012 0.0396%**
(0.0337) (0.0029) (0.0070)

Note: L.1-L.5 show the respective lag orders. Standard errors clustered at the stock level are shown in parentheses.
**% ** and * represent statistical significance at the 1%, 5% and 10% respectively.

analysis using a method that separates the direct and indirect =~ TABLE2 | Results from Granger causality.
effects of independent variables on dependent variables. This
is further supported by the results from Granger causality
(Table 2) which shows a complex relationship among the vari- Returns 2.5289 9.3423%**
ables. Specifically, Table 2 shows that News (Twitter) sentiment

Returns Twitter News

. R . . Twitter 219.79%** 262.02%**
Granger causes Twitter (News) sentiment while both proxies
Granger cause stock returns. It is therefore essential to quantify News 161.7%** 132.35%**
the direct and indirect effects of each proxy on stock returns to Note: The table reports the Chi-square of the Granger causality tests.
understand the channels through which each affects returns. ***shows statistical significance at the 1% level.
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Impulse Response Functions (Impulse : Response)

Twitter : Twitter Twitter : News Twitter : Returns
0.124
0.020
0.09 0.010
0.015+
0.06 4
0.0104 0.005 4
9039 0.0054
0.004 0.0004 0.000 4
News : Twitter News : News News : Returns
0.020 4
0.20
0.034
0.015+4
0.15
0.02 4
0.010 4 0.104
0.0054 0.054 0.01
0.000 4 0.00 0.00 4
Returns : Twitter Returns : News Returns : Returns
0.12 0.124
1.54
0.094 0.09 4
1.04
0.06 4 0.06
0.54
0.034 0.03 1
0.04
0.004 0.00 4
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0 1 2 5 10 0 1 2 3 5 6 7 8 9 10 0 1 2 3 4 5 6 7 8 9 10

FIGURE 2 | Impulse response functions. The grey shaded area represents the 95% confidence interval. For each panel, the first variable is the

impulse and the second variable is the response variable.

Figure 2 shows the impulse response functions (IRFs) from the
PVAR model providing insights into the dynamic relationships
between Twitter sentiment, news sentiment, and stock returns.

The results indicate a significant and immediate positive
response of news (Twitter) sentiment to a shock in Twitter (news)
sentiment, suggesting that news (Twitter) sentiment influences
the broader (Twitter) news narrative. This finding establishes a
directional pathway where news (Twitter) sentiment could indi-
rectly affect stock returns through its impact on Twitter (news)
sentiment. Further, stock returns exhibit a sharp and immediate
response to shocks in both Twitter and news sentiment, with the
effects gradually dissipating over time. Specifically, a shock in
Twitter sentiment increases returns by approximately 0.01 at lag
1, while a news sentiment shock results in a return increase of
about 0.03 over the same horizon. These effects then decay rap-
idly, with responses approaching zero by lag 4, confirming the
transitory nature of sentiment shocks on return dynamics. The
similarity in these patterns reflects the importance of both sen-
timent sources in explaining stock return fluctuations. Notably,
the significant news (Twitter)-to-Twitter (News) and News
(Twitter)-to-returns relationships suggest that news (Twitter)
sentiment may act as a mediator in the relationship between
Twitter (news) sentiment and stock returns. Figure 3 shows the
results from path analysis.

Figure 3 shows the standardised regression coefficients (in black
square brackets) and the residual error (in red square brackets),
mapping the relationships among three variables: News, Twitter,
and returns. The path from news to returns has a standardised
coefficient of [0.148***], indicating a moderate and statistically
significant positive influence of news sentiment on returns.

0.148"7]

NEWS

[0.231***] [0.231] RETURNS

[0.075"]

TWITTER

FIGURE 3 | Path analysis. The figure shows results from path
analysis. Standardised regression coefficients are shown in black square
brackets and the residual error is in red square brackets. *** shows
statistical significance at the 1% level.

Similarly, Twitter also has a direct positive effect on returns,
albeit weaker, with a coefficient of [0.075***]. Both coefficients
suggest that news has a stronger influence on returns com-
pared to Twitter sentiment. Additionally, there is a direct pos-
itive relationship between Twitter and news, with a coefficient
of [0.231***], highlighting that Twitter activity substantially
contributes to news sentiment. Overall, the model highlights
the significant paths and the relative strength of connections,
with news exerting a more pronounced impact on returns than
Twitter, and a meaningful interplay between Twitter and news
contributing to the overall dynamics.
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3.3 | Causal Mediation

In Tables S6 and S7, we report the results of the mediation
model featuring news (Twitter) sentiment as the main indepen-
dent variable and Twitter (news) as the mediator respectively. In
Tables S6 and S7, a represents the effect of X on M, b the effect
of M on Y, c the direct effect of X on Y, ¢’ the total effect of X on
Y and ab the indirect effect of X on Y. The estimated coefficient
is represented by est, standard error by S.E, the z-statistic by
z value, lower bound of the 95% confidence interval by L. CI and
the upper bound of the 95% confidence interval by U.CI. Since
we used stock level regressions in Tables S6 and S7, we sum-
marise the results in Table 3.

The results highlight key differences in how news sentiment
and Twitter sentiment mediate stock returns. When news senti-
ment serves as the independent variable and Twitter sentiment is
the mediator (see Table S6), 86.87% of firms exhibit a significant
relationship between news and Twitter, suggesting that news
strongly influences discussions on social media. However, only
36.37% of firms show a significant effect of Twitter sentiment
on stock returns, implying that while news drives social media
sentiment, the transmission to returns is weaker. The direct
effect of news on returns remains strong, with 83.33% of firms
showing significance, while the indirect effect through Twitter
is significant in 70.00% of firms, indicating that some influence
flows through social media.

In contrast, when Twitter sentiment is the independent variable
and news sentiment the mediator (see Table S7), 70.00% of firms
show a significant relationship between Twitter and news, sug-
gesting that social media sentiment can shape media narratives
but to a lesser extent than the reverse. However, the impact of
news on stock returns is stronger in this case, with 66.67% of
firms exhibiting significance. The direct effect of Twitter senti-
ment on returns is weaker, significant in only 40.00% of firms,
while the indirect effect through news sentiment is significant
in 86.87% of firms, highlighting that news serves as a more
effective transmission channel to stock returns than social
media sentiment alone. Overall, the findings suggest that news
sentiment plays a dominant role in influencing returns both
directly and indirectly, whereas Twitter sentiment primarily
affects returns through its impact on news coverage.

TABLE 3 | Proportion of firms with statistically significant
mediation effects.

X: News; X: Twitter;
Effect M: Twitter M: News
XonM 86.87% 70.00%
MonY 36.37% 66.67%
Direct effect 83.33% 40.00%
Indirect effect 70.00% 86.87%
Total effect 86.67% 86.87%

Note: The table presents the percentage of firms for which each path in the
causal mediation analysis is statistically significant. X on M’ represents the
effect of the independent variable on the mediator, ‘M on Y’ captures the effect
of the mediator on stock returns and ‘Direct Effect’ refers to the direct impact of
X onY. ‘Indirect Effect’ measures the mediated effect through M, while ‘Total
Effect’ is the sum of the direct and indirect effect.

Our findings also reveal some interesting patterns among spe-
cific stocks. For instance, stocks like DIS and WMT exhibit both
non-significant direct news sentiment effects on stock returns
and insignificant indirect coefficients. This suggests that these
companies’ stock prices may not be significantly influenced by
either direct news sentiment or the mediated sentiment through
social media. Conversely, stocks like AAPL and BA, which dis-
play high coefficients for the effect of news sentiment on the
mediator (social media), paradoxically feature statistically insig-
nificant parameters for the indirect effect of news sentiment on
stock returns. This implies that although news sentiment may
strongly impact social media sentiment directed at these com-
panies, this curated sentiment does not have a significant subse-
quent impact on their stock returns.

3.4 | Findings From Robustness Checks

The results from the causal forest model (Table S5) show that
news sentiment has a stronger and more consistent relation-
ship with stock returns compared to Twitter sentiment. Across
firms, the estimates for news treatment are often positive and
significant, suggesting that favourable news coverage tends to
drive higher stock returns. This highlights the substantial role
that traditional media plays in shaping investor perceptions and
influencing market performance. In contrast, Twitter sentiment
exhibits a more mixed and less robust relationship with stock
returns. While some stocks display positive effects of Twitter
sentiment, these effects are generally weaker and less consistent
across firms. Specifically, only 5 stocks show statistically sig-
nificant positive effects of Twitter sentiment at the 5% level. In
contrast, 22 stocks exhibit significant positive effects from news
sentiment. Additionally, Twitter effects show greater variabil-
ity in direction and statistical strength. For instance, firms like
AAPL and NKE show negative or insignificant Twitter effects
despite strong and significant news sentiment effects.

4 | Discussion

The strong indirect effect of Twitter sentiment on stock returns,
mediated by news sentiment (86.87% of firms), can be effec-
tively explained through the lens of demand-driven media bias.
According to Gentzkow et al. (2015), demand-driven media bias
occurs when media outlets cater to the preferences or interests of
their audience, leading them to select or emphasise content that
aligns with the audience's beliefs or expectations. In the context
of financial news, this theory suggests that news outlets tailor
their coverage based on what is likely to attract more views or
engagement from their audience. In this case, social media plat-
forms like Twitter generate a vast amount of real-time sentiment,
which often reflects the collective mood of the public or specific
interest groups. News organizations, seeking to maximise their
audience and engagement, often report on or amplify sentiments
trending on social media platforms because they know that such
content resonates with their audience. This process introduces
a bias in how news is reported; stories related to Twitter trends
are often framed in ways that highlight their potential relevance
to stock market movements, thereby reinforcing the sentiment
conveyed on social media. The indirect effect we observe; where
Twitter sentiment affects stock returns primarily through its
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mediation by news sentiment; can thus be seen as a result of
news media’s response to the demand for content that aligns
with public interest and sentiment. When Twitter sentiment
reflects popular opinions or trends, news outlets are more likely
to amplify this content, further shaping investor perceptions
and ultimately influencing stock prices.

The absence of a significant effect of lagged returns on Twitter
sentiment, as shown in Tables 1 and 2, is consistent with recent
evidence from Nyakurukwa and Seetharam (2024), who find
that in the South African market, stock returns Granger-cause
social media sentiment, while the reverse does not hold. Their
results suggest that Twitter activity tends to be reactive, with
users predominantly engaging in retrospective discussions of
market movements rather than expressing forward-looking
sentiment. Furthermore, they propose a directional flow in
which traditional news sentiment shapes stock returns, and
these returns subsequently influence social media sentiment. In
this context, the non-significant predictive effect of returns on
Twitter sentiment in the present study may reflect the temporal
sequencing of information processing; where market outcomes
serve as a trigger for post-event commentary rather than as a
determinant of sentiment formation ex ante.

5 | Conclusion

The manuscript aimed to investigate the interplay between news
media sentiment, social media sentiment, and stock returns by
understanding the potential mediating roles played by either
of the proxies of investor sentiment on stock returns. The find-
ings show that sentiment extracted from both news media and
social media can predict stock returns. Two main hypotheses
are tested through a robust mediation model, one assuming
social media sentiment acts as a mediator and another with
news media sentiment as the mediator. Either proxy mediates
the relationship between one proxy and stock returns. However,
the direct influence of social media sentiment on stock returns
is limited. Conversely, news sentiment displays a strong direct
connection with stock returns. The indirect effect of news sen-
timent through social media is weaker than the indirect effect
of social media on returns through news. Investors should be
encouraged to develop a more critical approach to interpret-
ing news and social media trends, recognising how media can
amplify sentiment and potentially lead to market distortions.
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Endnotes

1'We use Twitter sentiment and social media sentiment interchangeably
throughout the article.
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