
 
 
 
 

 
 

 
TGU-ECON Discussion Paper Series 

 #2024-2 
 
 

Media-Created Economic Uncertainty 
 

Yoshito Funashima 
Faculty of Economics, Tohoku Gakuin University 

 
 

December 2024 



Media-Created Economic Uncertainty∗

Yoshito Funashima†

Faculty of Economics, Tohoku Gakuin University

February 27, 2023. This version: December 1, 2024.

Abstract

This study proposes a simple structural vector autoregressive analysis to identify

economic uncertainty shocks originating from social and traditional media. Data

availability limits the selection of representative media to newspapers for traditional

media and X (formerly Twitter) for social media, with the analysis centered on the

United States. Results reveal that heightened uncertainty spread via social media

generates a persistent increase in equity market uncertainty. By contrast, uncer-

tainty disseminated by journalists and experts through traditional media causes

only a temporary increase in equity market uncertainty. These findings imply that

volatility clustering in the equity market primarily stems from information diffusion

through social media rather than traditional media.
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1 Introduction

Economic uncertainty has been modeled through multiple approaches in macroeconomic

and financial analyses, yet its temporal fluctuations remain poorly understood.1 While no

single uncertainty indicator exists, focusing on media-based uncertainty measures, such

as counts of uncertainty-related words in media, offers key insights into this complex

issue. A central factor in understanding uncertainty is the quality of the information

being disseminated.2 In modern times, economic uncertainty primarily stems from the

flow of economic information which is largely transmitted through social and traditional

media—two crucial sources of information. However, the economic uncertainty created

by these media differs for one key reason: unlike traditional media, social media users in-

clude not only journalists and experts but also politicians and the general public, who can

freely express their opinions through comments, blogs, posts, and articles, enabling the

exchange of diverse opinions and animated discussions. To explain the fluctuations in eco-

nomic uncertainty, in this study, we highlight the differences in the quality of information

disseminated by social and traditional media.

We emphasize that the growing uncertainty generated by one medium can influence

the uncertainty created by the other because social media discussions can spill over to

traditional media and stimulate further debate, and vice versa. For example, Donald

Trump, the 45th president of the United States (U.S.), frequently tweeted during his

presidency, sometimes creating controversies on both social and traditional media plat-

forms.3 Newspaper articles can draw from social media content, and we hypothesize

that such interactions between social and traditional media may amplify fluctuations in

1For example, Svensson and Williams (2008) and Williams (2012) assume Markov chains to represent
uncertainty in theoretical models. Although this approach is useful for examining optimal policy under
model uncertainty, it does not allow for the sources of uncertainty fluctuation.

2The literature lacks a general definition of uncertainty. As noted in Bloom (2014), multiple proxies
for uncertainty exist. Widely used indicators of uncertainty include gross domestic product volatility and
stock price fluctuations, although, in this study, uncertainty refers to the media-based measure introduced
in Baker et al. (2016).

3Throughout this study, we use Twitter although it has officially been rebranded as X since July 2023.
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economic uncertainty.

To investigate the distinct roles these media play in the dynamics of economic uncer-

tainty, in this study, we introduce a novel approach for identifying exogenous uncertainty

shocks driven by each medium. Specifically, we propose a bivariate structural vector au-

toregressive (VAR) model using daily indices of Newspaper-based Economic Uncertainty

(NEU) and Twitter-based Economic Uncertainty (TEU).4

The model’s key identifying assumptions are (i) TEU responds instantaneously to

newspaper-specific uncertainty shocks, and (ii) NEU does not respond within the same

day to Twitter-specific uncertainty shocks. These assumptions are justified in Section

2, where we explain that tweets can be posted instantly, whereas newspapers typically

experience a delay between information acquisition and publication.

We apply an empirical approach to the U.S. owing to the availability of daily data.

First, we demonstrate that the dynamic interaction between social and traditional media

is a transmission mechanism through which economic uncertainty is created. A positive

Twitter-specific uncertainty shock leads to a persistent increase in NEU. Notably, the

response is stronger during the coronavirus disease 2019 (COVID-19) pandemic compared

to the preceding period. We also find that a positive newspaper-specific uncertainty shock

increases TEU, although this effect is less pronounced.

Furthermore, we trace the effects of the identified media shocks on daily equity mar-

ket uncertainty (EMU). Our results demonstrate that social and traditional media have

markedly different effects on the equity market. Positive shocks to Twitter-specific uncer-

tainty result in a persistent increase in EMU, indicating that social media can be a source

of volatility clustering in the equity market. By contrast, positive shocks to newspaper-

specific uncertainty lead to a large but only temporary increase in EMU. Historical de-

composition analysis suggests that Twitter-specific uncertainty shocks, especially during

the Trump administration, played a significant role in explaining EMU. We argue that

4Newspaper and Twitter are respectively selected as representatives of each media due to data avail-
ability.
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the differing effects of social and traditional media on the market stem from the accuracy

and nature of the information they disseminate.

Related literature. The literature on economic uncertainty has burgeoned since the

seminal works by Bloom (2009) and Baker et al. (2016). Many authors have highlighted

the negative effects of increased economic uncertainty. For example, Colombo (2013)

argues that an increase in the U.S. economic policy uncertainty (EPU) causes a decline

in European industrial production, while Li and Wei (2022) find that when EPU is high,

government spending is less effective.

In terms of media’s influence on economic uncertainty, Duca and Saving (2018) con-

tend that media fragmentation is linked to EPU. In addition, scholars have increasingly

focused on social media’s role in the field of economics.5 However, despite extensive prior

research, few studies have focused on how economic uncertainty is shaped by the dynamic

interaction between social and traditional media.

Our work is closely related to that of Jiao et al. (2020), who find that the reaction of

equity markets to social media differs from that of news media. However, we diverge from

their approach in key ways. Jiao et al. (2020) employ monthly data and non-structural

panel VAR models, implying that the shocks are not identified in economically meaningful

terms. As noted by Jiao et al. (2020, p. 64), exogenous variations in social and news

media have not been identified, leaving the mechanism unclear. Unlike their study, we use

daily observations and present a structural VAR analysis to identify exogenous variations,

thereby elucidating the dynamic interactions between these media and explaining the

transmission mechanism through which economic uncertainty fluctuates. Moreover, we

provide causal evidence on which media are important for volatility clustering in the

equity market. Although volatility clustering is a well-known property in financial data

and is modeled through various methods (e.g., Engle, 1982; Bollerslev, 1986; Hull and

5See, e.g., Chen et al. (2014), Desmarchelier and Fang (2016), Williams and Reade (2016), Lehrer
and Xie (2017), Affuso and Lahtinen (2019), Allcott et al. (2020), Pettenuzzo et al. (2020), Levy (2021),
and Braghieri et al. (2022). For a detailed survey, see Tumasjan (2024).
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White, 1987; Scott, 1987; Wiggins, 1987; Nelson, 1991), its underlying sources have not

been thoroughly explored.

This study also builds on that of Milas et al. (2021), who examine the Eurozone

sovereign bond market’s response to Twitter and traditional news, demonstrating that

both can predict the sovereign bond market and maintain a mutually dependent relation-

ship. Consistent with our results, they find that Twitter’s influence on traditional news

is more pronounced. While Milas et al. (2021) focus specifically on “Grexit” news, our

study considers a broader spectrum of news interactions.

The remainder of this paper is organized as follows. In Section 2, we propose a

novel approach to identifying newspaper-specific and Twitter-specific uncertainty shocks

through a structural VAR analysis. Using this approach, we assess the responsiveness of

NEU and TEU to these shocks and examine how each is explained by structural shocks.

In Section 3, we extend our structural VAR analysis to investigate the effects of these

media shocks on EMU. Finally, Section 4 concludes the paper.

2 Media-specific uncertainty shocks

2.1 Identification

We utilize the availability of daily data from the U.S., obtaining NEU and TEU from

Baker et al. (2016) and Baker et al. (2021), respectively.6 The data were transformed

into natural logarithmic form, and Figure 1 shows the series used in the empirical analysis.

The sample period spans January 20, 2017, to November 29, 2022, beginning on Donald

Trump’s first day as U.S. president.

[Insert Figure 1]

6These data can be retrieved from the website of EPU (https://www.policyuncertainty.com/
index.html). We employ the “TEU-USA” index of Baker et al. (2021), which is constructed on the
tweets of users in the U.S., as U.S. daily TEU series.
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We denote NEU and TEU at time t as nt and τt, respectively. Defining the vector of

variables as yt = (nt, τt)
′ we specify a daily bivariate VAR model:

A0yt = A1yt−1 +A2yt−2 + · · ·+Asyt−s + εt,

where εt = (εnt , ετt )
′ represents structural shocks, with εnt denoting newspaper-specific

uncertainty shocks and ετt Twitter-specific uncertainty shocks. Our strategy for identify-

ing mutually uncorrelated structural disturbances relies on delay restrictions, under the

following two assumptions:

Assumption 1. εnt simultaneously affects τt.

Assumption 1 leverages Twitter’s real-time capabilities, where users can immediately post

responses to newspaper articles they read. Twitter’s short-message format enables rapid

information sharing, with features such as retweeting allowing wide dissemination within

a day.

Assumption 2. nt does not respond within the same day to ετt .

Assumption 2, a distinctive viewpoint of this study, reflects the delay typically associated

with newspaper publishing, implying little or no response of newspaper reports to unex-

pected simultaneous movements in Twitter messages. The rationale for this assumption

is based on three reasons. First, in contrast to Twitter, where individuals can make quick

decisions regarding tweets, print newspapers are published only once or twice daily, and

even online newspapers require fact-checking, making an immediate response to Twitter

posts unlikely. Second, Schmierbach and Oeldorf-Hirsch (2012) contend that journalists

treat information from Twitter as less credible, often necessitating verification. Third,

unlike Twitter, writing news articles after obtaining information is time-consuming for

journalists because they need to coordinate internally within the company.

Assumptions 1 and 2 form a recursive identification, and A0 is assumed to be lower
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triangular.7 Our identification strategy relies on daily media data, following a similar

approach to Blanchard and Perotti (2002) in analyzing fiscal multipliers. Unlike previous

studies, such as Kuttner and Posen (2001), which use annual data and suffer from the si-

multaneity problem in measuring fiscal multipliers, Blanchard and Perotti (2002) address

this problem by using higher frequency (i.e., quarterly) data to capture the specific char-

acteristics of fiscal policy. Our study adopts a parallel approach by differentiating between

Twitter and newspaper characteristics, allowing us to identify media-specific uncertainty

shocks by using recently available daily data for the U.S., rather than the more common

monthly data that would risk simultaneity issues between newspaper reports and Twit-

ter activity.8 The use of monthly data presents a simultaneity issue between newspaper

reports and Twitter activity, making it difficult to identify the structural shocks specific

to each medium.

Additionally, as a robustness check, we estimate a time-varying parameter VAR model

with stochastic volatility, used widely in empirical macroeconomics since the pioneering

work by Primiceri (2005).9 This approach is particularly relevant because dynamic inter-

actions may evolve. Moreover, as Figure 1 illustrates, the volatility seems to change over

time.

2.2 Dynamic interaction of media-specific uncertainty shocks

Figure 2 shows the impulse responses of the variables over a 120-day horizon. The left

(right)-hand side of Figure 2 presents responses to a positive newspaper-specific (Twitter-

specific) uncertainty shock. Solid lines represent point estimates, while dashed lines in-

dicate two-standard-error bands. The lower-left chart reveals that TEU increases per-

sistently to newspaper-specific uncertainty shocks. The upper-right chart indicates that

7The lag length was set to seven, based on the Schwarz criterion.

8Our identification would also be related to the use of information delay (e.g., Inoue et al., 2009). See
Kilian and Lütkepohl (2017) for additional identification strategies.

9For details on the time-varying parameter VAR framework, see Nakajima (2011). The code used in
our analysis is available online (https://sites.google.com/site/jnakajimaweb/program).
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an exogenous increase in TEU induces a more sustained increase in NEU. These results

suggest that the exchange of information between newspapers and Twitter amplifies eco-

nomic uncertainty. As expected, the simultaneous impact of newspaper-specific (Twitter-

specific) uncertainty shock on NEU (TEU) is substantial.

[Insert Figure 2]

To check robustness, Figure 3 summarizes the time-varying responses calculated by

estimating a time-varying parameter VAR model with stochastic volatility. While overall

results remain consistent, the most striking result appears in Panel (b). At the five-

to seven-day horizon, the impulse responses of NEU to a Twitter-specific uncertainty

shock surged sharply in early 2020 and remained high thereafter. This finding indicates

that during the COVID-19 pandemic, Twitter messages had a heightened influence on

newspaper stories.

[Insert Figure 3]

We also present historical decomposition results. Figures 4 and 5 decompose NEU

and TEU into two components explained by each structural shock, respectively. Panel

(b) of Figure 4 illustrates that Twitter-specific uncertainty shocks can explain much of

the sharp surge in NEU at the beginning of 2020. Moreover, Twitter-specific uncertainty

shocks seem to account for the bulk of the decline in NEU from the first half of 2020 to

the middle of 2021. Thus, we conclude that Twitter-specific uncertainty shocks played

an important role in triggering fluctuations in NEU during the COVID-19 pandemic. By

contrast, as evident in Panel (a) of Figure 5, newspaper-specific uncertainty shocks had

little influence on TEU across historical episodes.

[Insert Figures 4 and 5]
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In summary, Twitter-specific uncertainty shocks had a more pronounced impact on

NEU, especially during the COVID-19 pandemic. This highlights the value of Twitter

as a source of real-time information for journalists during unprecedented crises, such as

a novel viral outbreak. Although our findings differ in context from those of Milas et al.

(2021), who examine “Grexit” news, they align in suggesting that social media becomes

more influential than traditional media during extraordinary events.

3 Media-created equity market uncertainty

A substantial body of literature examines the factors driving equity market volatility.

Previous research emphasizes the critical role of information in driving EMU (e.g., French

and Roll, 1986; Shleifer, 2000; Hirshleifer, 2001; Boudoukh et al., 2019). In this section, we

explore how equity market participants interpret information from diverse media sources,

particularly Twitter and newspapers. Specifically, we extend our analysis by incorporating

equity market volatility into a trivariate VAR model to investigate differences in how

equity markets respond to newspaper reports and Twitter activity.

3.1 Methodology

To examine the effects of social and traditional media on U.S. EMU, we utilize the daily

newspaper-based equity market volatility index developed by Baker et al. (2019).10 Sim-

ilar to the transformations for NEU and TEU, the EMU series is transformed by taking

the natural logarithm.

Let mt denote EMU at time t. We extend the bivariate VAR model to a trivariate

one, where yt = (nt, τt, mt)
′ and εt = (εnt , ετt , εmt )

′. The identification is recursive,

implying that the structural shocks εnt and ετt are economically identified similarly as the

bivariate model above; that is, εnt and ετt indicate newspaper-specific and Twitter-specific

10The daily series is publicly available on the EPU website (https://www.policyuncertainty.com/).
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uncertainty shocks, respectively. Our recursive identification assumes that EMU responds

to εnt and ετt on the same day.

Assumption 3. εnt and ετt simultaneously affects mt.

Assumption 3 aligns with the efficient market hypothesis, which, in the present context,

implies that the equity market responds instantaneously to the information transmitted

via newspaper and Twitter. Such instantaneous equity market responses are commonly

considered in the literature (e.g., Kang et al., 2015).

Given that our primary objective is to investigate how the U.S. EMU is affected by

these two shocks, identifying only newspaper-specific and Twitter-specific uncertainty

shocks suffices. Thus, we do not focus on the residual shock εmt , and the trivariate model

is semistructural as εmt is not identified as having a unique economic meaning. Specifically,

εmt are shocks unexplained by εnt and ετt and include all shocks affecting EMU.

3.2 Effects of media-created uncertainty on equity market un-

certainty

Figure 6 illustrates the impulse responses of EMU to newspaper-specific and Twitter-

specific uncertainty shocks. As evident from the right-hand side panel, Twitter-specific

uncertainty shocks generate a persistent increase in EMU, whereas a newspaper-specific

shock causes a temporary increase in EMU, as shown in the left-hand side panel. These

results are consistent with those of Jiao et al. (2020), who use monthly panel data to show

that social media coverage predicts an increase in equity market volatility. However, their

results do not imply causality, as acknowledged in Jiao et al. (2020, p.64). By contrast,

our results provide a causal interpretation that the well-documented volatility clustering

in equity markets stems from information dissemination through social media rather than

traditional media.

[Insert Figure 6]
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Note that the variance in the EMU series changes over time.11 Hence, this raises the

question of how sensitive the results are to an alternative specification, specifically, a time-

varying parameter VAR model with stochastic volatility. To confirm this and check the

robustness of the results, we estimate the alternative model. The estimated time-varying

responses of EMU (m) to newspaper-specific uncertainty shocks (εn) and Twitter-specific

uncertainty shocks (ετ ) are illustrated in Figure 7. Overall, the responses are similar to

those in Figure 6, reinforcing the above findings. Additionally, we find evidence of time-

varying responses. Panel (a) of Figure 7 shows that the simultaneous effects of newspaper-

specific uncertainty shock tend to increase gradually over time. Similarly, Panel (b) of

Figure 7 shows that the four- to six-day horizon responses of EMU to a Twitter-specific

uncertainty shock appear to increase gradually over time. These increasing patterns

indicate that media influence on the equity market has intensified over the years.

[Insert Figure 7]

What is the reason for the differing impact of newspapers and Twitter on the market?

The key factor is likely the difference in the nature of the two media. Unlike journalists

and experts, a significant number of Twitter users tend to express subjective opinions

without any objective evidence resulting in a high volume of inaccurate information on

Twitter. This implies that Twitter-specific uncertainty shocks include more noise than

newspaper-specific uncertainty shocks. Given that Twitter information is noisy, several

models explain why EMU persistently increases in response to Twitter-specific uncertainty

shocks.

The first model pertains to sticky information or inattentiveness (e.g., Mankiw and

Reis, 2002; Reis, 2006a, b). This model suggests that the diffusion of accurate information

on Twitter is slow and market responses to Twitter shocks become sticky. The second is

the rational inattention model ( Sims, 2003), which assumes that individuals must pay a

11The demeaned EMU series is represented as a dashed line in Figure 8.
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cost to obtain accurate information. This assumption can cause individual decisions to

adjust slowly. These models suggest that imperfect information is a key factor for the

differences in the impact of newspapers and Twitter on the equity market.12

[Insert Figure 8]

Finally, Figure 8 presents the historical decomposition of EMU. The solid line denotes

the decomposed components that are explained by shocks from (a) newspaper-specific

uncertainty shocks, (b) Twitter-specific uncertainty, and (c) EMU. The dashed line, which

is common across all panels, represents the demeaned EMU. As evident from Panel (b),

Twitter shocks explain much of the trends in EMU and sharp positive spikes around 2019

and early 2020. Notably, a significant portion of the volatility during Donald Trump’s

presidency, particularly before January 20, 2021, can be attributed to the effects of Twitter

shocks. In contrast to the crucial role of Twitter shocks, newspaper shocks cannot explain

any episodes, as shown in Panel (a). In summary, the historical decomposition suggests

that social media, rather than newspapers, plays a dominant role in creating market

turmoil. This finding reinforces the disruptive impact of noisy information from Twitter

on the equity market.

4 Conclusion

In the era of social media, social and traditional media increasingly complement each other

in disseminating information. The structural VAR model proposed in this study allowed

us to distinguish between uncertainty shocks generated from each medium. Evidence from

U.S. data indicated that economic uncertainty is created not only by each medium’s own

behavior but also by the dynamic interaction between them. Our analyses revealed the

substantial effects of Twitter-specific uncertainty shocks on NEU, especially during the

COVID-19 pandemic.

12For more details on imperfect information models, see Baley and Veldkamp (2023).
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We also characterized the dynamic effects of these identified shocks on equity market

volatility in the U.S. The results consistently show that social media can drive volatility

clustering in equity markets. While volatility clustering is common in the equity market,

little is known about its mechanisms. Thus, our findings expand our knowledge of the

sources of volatility clustering.

This study attempted to enhance the understanding of how economic uncertainty

fluctuates through modern media and serves as a foundation for future research in several

directions. First, we relate our empirical results to imperfect information models, such

as sticky information and rational inattention; however, a more rigorous discussion of

theoretical models and behavioral finance is warranted. Second, although newspapers

and Twitter were selected as representatives because of data availability, further studies

should consider other media platforms to provide a more comprehensive analysis. Finally,

although this study focuses on equity market volatility, uncertainty in other financial

markets is worth examining.
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Figure 1: The U.S. daily NEU and TEU index (log level)
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Figure 3: Impulse responses in the time-varying parameter VAR model
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Figure 4: Historical decomposition of NEU

Notes: The solid line is the decomposed series, while the dashed line is the demeaned NEU.

21



2018 2019 2020 2021 2022

-2

-1

0

1

2

(a) Newspaper-specific uncertainty shock

2018 2019 2020 2021 2022
-4

-2

0

2

(b) Twitter-specific uncertainty shock

Figure 5: Historical decomposition of TEU

Notes: The solid line is the decomposed series, while the dashed line is the demeaned TEU.
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Figure 6: Impulse responses of EMU
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Figure 7: Impulse responses of EMU in the time-varying parameter VAR model
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Figure 8: Historical decomposition of EMU

Notes: The solid line is the decomposed components that are explained by shocks from (a)

newspaper-specific uncertainty, (b) Twitter-specific uncertainty, and (c) EMU. The dashed line

is the demeaned EMU.
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