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Abstract 

This paper employs a panel approach to investigate the role of partisan cable news in shaping 

economic perceptions using the VOTER Survey dataset (2016–2020) and sentiment-scored transcripts 

from Fox News, CNN and MSNBC, examining how sentiment and coverage intensity interact with 

individuals’ viewership patterns to affect macroeconomic assessments. Findings suggest changes in 

exposure to cable news affects viewers’ economic perceptions, with effects varying by network, 

viewership patterns, time horizon and primetime exposure. Fox News exhibits particularly polarizing 

influence, with positive shifts in exposure improving economic outlooks among its viewers while 

worsening perceptions among non-viewers. Effects are moderated when individuals do not exclusively 

watch Fox News, suggesting a countervailing effect to watching multiple, ideologically diverse 

channels. Strikingly, non-primetime exposure to Fox’s coverage is more consistently associated with 

shifts in sentiment than primetime exposure, even among non-viewers — indicating that lower-profile 

programming may diffuse more broadly into the ambient media environment. In contrast, CNN’s 

economic coverage shows limited or short-lived influence, and MSNBC’s effects are more 

time-sensitive and contingent on viewership. These findings underscore the persistent influence of cable 

news in shaping public economic perceptions and suggest that media effects are not uniform across 

formats or audiences. 

 

 JEL Classification: L8, L82 

 Keywords: Cable news; Consumer sentiment; Sentiment analysis 
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1. Introduction 

 
By most metrics, the U.S. economy has shown a robust recovery from the global disruption 

caused by the COVID-19 pandemic in 2020. Following an inflation spike in early 2022 that peaked at 

9.1% in June, inflation steadily declined toward the Federal Reserve’s 2% target through 2024, while the 

unemployment rate has remained consistently below 4.5% since November 2021 (U.S. Bureau of Labor 

Statistics, 2025; World Bank, 2025). The U.S. economy’s recovery has also outpaced that of its G10 

peers, with U.S. real gross capital formation growing 14% above pre-pandemic levels compared to a 7% 

decline in the measure across the eurozone during the same period (Brooks & Harris, 2024). 

Still, Americans remained unexpectedly pessimistic about the state of the nation’s 

macroeconomy. The University of Michigan’s Consumer Sentiment Index has historically closely 

aligned with consumer spending and other widely recognized national economic indicators since it was 

first collected in the 1940’s — but from 2022 to 2024, it fluctuated around or below the same levels 

observed during the Great Recession of 2009, when unemployment peaked at 10% (University of 

Michigan, 2025). Other polls conducted over a shorter collection period have shown similar results: In a 

May 2024 poll, the Pew Research Center reported that just 23% of U.S. respondents rated the country’s 

economic conditions as “excellent” or “good” — a figure unchanged from April 2020, during the height 

of the COVID-19 pandemic (Pew Research Center, 2020, 2024a). In April 2020, 43% of Gallup 

respondents rated national economic conditions as “poor.” From March 2022 through January 2024, that 

share consistently ranged between 42% and 52%, indicating a sustained period of negative public 

sentiment even as the U.S. economy was recovering from the pandemic-induced crisis (Evans, 2025).1  

1 This disconnect between negative consumer sentiment and traditional economic indicators has generated substantial public 
discourse, prompting economic commentator Kyla Scanlon to coin the term “vibecession” to describe the phenomenon 
(Scanlon, 2022). 
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The Brookings Institution highlights three leading theories in the academic literature for the 

post-pandemic disconnect between consumer sentiment and macroeconomic conditions: (1) 

dissatisfaction over the current state of the economy and future economic opportunities, (2) general 

dissatisfaction tied to non-economic concerns, and (3) the influence of negatively biased news sources 

(Harris & Sojourner, 2024). The hypothesis that negatively biased news coverage contributes to 

persistently low consumer sentiment is particularly compelling, especially considering the increasingly 

pessimistic tone of economic reporting over the past decade (van Binsbergen, Bryzgalova, 

Mukhopadhyay & Sharma, 2024). More pertinent to the present analysis, however, is the observation 

that mismatches between individuals’ perceptions of the national economy and objective 

macroeconomic indicators long predate both the COVID-19 pandemic and the more recent 

“vibecession.” For example, while consumer sentiment among political independents tends to track 

national trends relatively closely, partisan sentiment generally shifts in line with changes in presidential 

administration, suggesting a strong identity-based component to economic perceptions (Brady, Ferejohn, 

& Parker, 2022; Hsu, 2024). Additionally, survey data indicate that Americans are, on average, more 

optimistic about their personal financial situations than about the broader economy, indicating a 

perception gap between micro- and macro-level assessments (University of Michigan, 2025).  

Using a panel approach, the present paper considers the impact of partisan media on public 

perception of the macroeconomy by investigating how cable news programs from the three major U.S. 

cable news networks — Fox News, CNN, and MSNBC — report on economic indicators and the 

relationship it has to consumer sentiment from 2016 to 2020.  

Cable news is a particularly ripe area for research on media and economic perceptions for several 

reasons. Over the past decade, print newspaper circulation has declined sharply. Fewer than 5% of 

Americans now report a preference for print news, compared to 30–35% who cite television as their 
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preferred source. Even among digital newspaper readers, engagement has fallen: The average time spent 

per visit to newspaper websites declined from 2 minutes and 30 seconds in 2014 to just 1 minute and 30 

seconds by 2022, suggesting increasingly fragmented and superficial consumption of written news. In 

contrast, cable news retains a more dedicated audience. Viewers spend an average of 25 minutes per day 

watching, with the most engaged segment averaging over an hour daily (Pew Research Center, 2023). 

At the same time, the cable television market is undergoing a transformation. Roughly five 

million Americans cancel their cable subscriptions each year, prompting networks to launch streaming 

services to retain viewership (Mullin, 2023). These changes coincide with increasing polarization in 

cable news content and a relative lack of regulatory oversight. Unlike broadcast networks, cable news 

channels are not subject to the Federal Communications Commission’s rules against news distortion. 

The Federal Communications Commission’s longstanding regulation barring broadcasters from “news 

distortion”2 only applies to “over-the-air broadcast (local TV and radio stations) news.” Thus, “cable 

news networks … or any other non-broadcast news platform are outside of the FCC's jurisdiction with 

respect to news distortion” (Federal Communications Commission, n.d.). This regulatory gap enables 

greater editorial freedom, which may contribute to the growing ideological divergence documented by 

Kim, Lelkes and McCrain (2022) across networks like Fox News, CNN and MSNBC. Finally, research 

on media bias and economic sentiment has focused on print journalism due to data limitations. However, 

advances in machine learning and sentiment analysis now allow for more systematic study of televised 

content, opening new avenues for analyzing how cable news shapes public perception in an increasingly 

polarized information environment. 

 

 

2 Defined as a distortion in accuracy or bias that "must involve a significant event and not merely a minor or incidental aspect 
of the news report” (Federal Communications Commission, n.d.) 
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2. Literature Review 

 
The present study contributes to three strands of the economic literature: the analysis of 

economic sentiment, the impact of partisan media on individual attitudes, and the role of media in 

shaping perceptions of macroeconomic conditions. 

Recent advances in the study of media bias have been driven by improved access to rich textual 

data and computational tools for sentiment analysis. While much of the early literature focused on print 

media (e.g., Gentzkow & Shapiro, 2010), subsequent work has extended these methods to sources 

ranging from newly available cable news transcripts (Kim et al., 2022) to social media environments 

characterized by ideological segregation, also known as “echo chambers” (Gao, Liu, & Gao, 2023). 

Sentiment analysis, in particular, has evolved into a powerful method for quantifying the tone of media 

coverage across diverse platforms, especially as more recent work has emphasized the importance of 

domain-specific lexicons instead of general-purpose dictionaries. Particularly pertinent to the present 

study is the Loughran-McDonald (LM) sentiment lexicon, developed specifically for financial and 

economic texts after Loughran and McDonald (2011) demonstrated that the widely used Harvard 

Dictionary frequently misclassifies terminology in financial contexts. The LM lexicon has since been 

repeatedly updated and applied in a growing body of research, including studies of Brexit-related news 

coverage (Hassan, Hollander, Lent & Tahoun, 2024) and Federal Reserve press conferences 

(Gorodnichenko, Pham & Talavera, 2021). Expanding upon this foundation, Shapiro et al. (2022) 

develop sentiment-scoring models designed specifically for newspaper content, further advancing the 

measurement of economic sentiment in text. 

A complementary strand of literature investigates the causal impact of partisan media on election 

outcomes, policy and individual political attitudes. Several studies have examined the so-called “Fox 

News effect” of the cable network on election outcomes, beginning with DellaVigna and Kaplan (2007), 
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who show that towns where Fox News became available on cable by the year 2000 experienced a 

significant increase in Republican vote share in the 2000 presidential election. Building on this work, 

Martin and Yurukoglu (2017) exploit quasi-random variation in the channel positioning of Fox News in 

cable lineups as an instrument for viewership, finding that increased exposure to the network shifted 

voting behavior in favor of Republican candidates across multiple election cycles. More recently, Ash et 

al. (2021) expand the analysis to include additional cable news networks and a broader set of elections. 

Ash and Galletta (2023), using the same dataset as Martin and Yurukoglu (2017), find via an instrument 

approach that exposure to Fox News reduces local governments’ revenues and expenditures. Other 

studies have focused on cable news channels’ effects on individuals. Schroeder and Stone (2015) find 

that individuals exposed to Fox News were more likely to possess knowledge about issues frequently 

covered by the network, particularly those aligned with Republican priorities. In a more recent field 

experiment, Broockman and Kalla (2023) offered regular Fox News viewers financial incentives to 

watch CNN for four weeks and observed measurable short-term shifts in policy attitudes and issue 

salience. However, these effects largely dissipated after the intervention ended, suggesting that while 

partisan media can influence beliefs, the persistence of such effects may be limited. Other empirical 

studies have shown that news and social media content can affect political views and even elections, 

including Barberá (2020) and Allcott and Gentzkow (2017). 

More recently, a nascent literature has begun to examine the role of media in shaping perceptions 

of economic conditions. This literature focusing on economic news sentiment provides evidence that 

newspapers have been reporting more negatively on the economy in the past decade (van Binsbergen et 

al., 2024) and suggests that there exists some relationship between negative economic reporting and 

negative consumer sentiment. Macaulay and Song (2023) analyze Twitter and newspaper data to suggest 

that exposure to narratives forecasting an imminent recession leads to more pessimistic economic 

8 
 



 

 
expectations, with these effects spreading even to individuals who are only indirectly exposed to the 

content. Using their economic sentiment index to analyze economic and financial newspaper text, 

Shapiro et al. (2022) found that news sentiment is highly predictive of the University of Michigan 

Sentiment Index and that positive sentiment shocks increased consumption, output and interest rates and 

temporarily reduced inflation, consistent with the findings of Barsky and Sims (2012). 

This paper offers a unique contribution to these strands of academic literature for three reasons. 

First, I broaden the scope of media effects research by offering new evidence on how ideological 

information environments may influence perceptions of macroeconomic conditions rather than political 

preferences alone. Second, the paper introduces a novel exposure metric that integrates both the tone and 

proportion of economic coverage, thus offering a more nuanced understanding of media influence. 

Finally, the paper analyzes the role of cable television news in shaping economic sentiment during a 

period of intensified media fragmentation and political polarization, specifically in the years following 

the 2016 U.S. presidential election.  

The rest of the paper proceeds as follows. Section 3 introduces the theoretical framework, 

combining a market-level model of media bias with an individual-level model of media responsiveness 

to explain how partisan media environments shape economic sentiment. Section 4 describes the three 

datasets used in the analysis (the VOTER survey, the Internet Archive TV News Closed Caption Corpus, 

and the Federal Reserve Bank of Philadelphia’s Real-Time Data Set) and outlines stylized facts (Section 

4.4); Section 5 presents the empirical methodology. Section 6 reports the main results, beginning with 

baseline panel regressions (Section 6.1), then expanding to longer time horizons (Section 6.2) and 

primetime versus non-primetime coverage (Section 6.3). Section 6.4 discusses the study’s limitations 

and directions for future research. The paper concludes with a summary of findings and their 

implications. 
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3. Theoretical Specification 

To interpret these dynamics, I introduce two theoretical frameworks that jointly account for the 

behavior of media firms and the responsiveness of individuals to media content. The first, Gentzkow and 

Shapiro (2006)’s market-level model, formalizes how media bias can emerge in competitive 

environments where consumers hold divergent prior beliefs and firms compete for credibility. The 

second is an individual-level model that conceptualizes changes in economic sentiment as a function of 

both media exposure and lived economic experience. Together, these frameworks provide the conceptual 

foundation for understanding how partisan information environments may give rise to systematically 

divergent economic perceptions, and how individual heterogeneity may mediate these effects. 

 

3.1. A market model of media bias 

Gentzkow and Shapiro (2006) develop a formal Bayesian model in which media bias arises as a 

rational strategy by profit-maximizing firms seeking to build a reputation for accuracy among 

consumers with heterogeneous priors. The model, elaborated on in Gentzkow et al. (2014), asserts that 

media firms slant their coverage toward their audience’s preexisting beliefs to cultivate a reputation for 

quality because consumers who are uncertain about the credibility of the news source are more likely to 

perceive a source as higher quality if its reporting aligns with their own beliefs. Consequently, media 

firms adjust their content to match their customers’ views to strengthen their reputation for accuracy.  

In this model, there exists a true state of the world , and two equally large groups of θ ∈ {𝐿,  𝑅}

consumers  and  with differing prior beliefs. Group  holds that the true state of the world is , 𝐿 𝑅 𝐿 1 − θ

while group  holds that the true state of the world is , when . A media firm observes a private 𝑅 θ θ >  1
2

signal , which is informative of , and chooses a report  to publish. Consumers 𝑠 ∈ {𝐿,  𝑅} θ 𝑟 ∈ {𝐿,  𝑅}

cannot observe , only , and must infer both the firm’s signal precision and its reporting strategy from 𝑠 𝑟 𝑟
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alone. The firm’s payoff depends on the fraction of consumers who believe it is “high-quality” — that is, 

likely to report truthfully when it receives an accurate signal. Importantly, a consumer is more likely to 

judge a report as truthful if it aligns with their prior beliefs, introducing an incentive for the firm to slant 

its reporting toward the preferences of its audience. In equilibrium, the firm may distort its report (e.g., 

report  even if ) if doing so increases the perceived likelihood of accuracy among 𝑟 =  𝑅 𝑠 =  𝐿

consumers with strong priors, with the probability of some “garbling” of the signal  denoted as . 𝑙 σ
𝑙
(𝑟)

^

Consumers may update firms with feedback , with   representing the probability 𝑋 ∈ {𝐿,  𝑅,  0} µ ∈ {0,  1}

of feedback.  

The authors denote three types of equilibria in a game with heterogeneous priors and two firms. 

There can emerge an effective monopoly, in which one firm reports honestly, while the other firm slants 

its reports with positive probability. All consumers read only the honest firm, which dominates the 

market by earning a superior reputation for accuracy. Second, there can exist an honest equilibrium, in 

which both firms report honestly and consumers divide evenly among them. Finally, for any parameter 

values such that , a segmented equilibrium may exist in which one firm is read only by σ
𝑙
(𝑟)

^
 >  0

consumers in group  and biases its reports toward the state  that aligns with their beliefs, while the 𝑅 𝑟
^

other is read only by group  consumers and slants toward . As beliefs  become more extreme, the 𝐿 𝑙
^

(θ)

authors argue, firm reporting strategies diverge; as the probability and strength of feedback  (µ)

increases, firm reporting strategies tend towards honesty. For high enough , there emerges an honest µ

equilibrium because all monopoly strategies call for honesty.  

Applying this model to the current cable news market, the segmented equilibrium maps well 

onto the existing media landscape. With the established increase in political polarization across the U.S. 

voter base and the popularity of partisan news, I assume that beliefs have become more extreme; that is, 
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 has increased (Lelkes, 2016). At the same time, the relatively weak feedback mechanisms in cable θ

news — where there exists a taste among viewers for like-minded news3 (Martin and Yurukoglu, 2017) 

— imply that the feedback strength  remains low, limiting the reputational penalty for biased reporting. µ

Consequently, the conditions for segmented equilibrium are sustained, and cable networks operate as 

ideological monopolists over their respective audiences.  

 

3.2. An individual model of media bias 

In this framework, changes in consumer sentiment are jointly determined by top-down 

information flows and bottom-up economic experiences. Formally, let:  

●  be the change in consumer sentiment for individual ;  ∆𝑆
𝑖

𝑖

●  be the change in exposure to economic sentiment in media content, which can be reflected ∆𝐸
𝑖

through exposure to new media content or changes in the volume, proportion or framing of 

economic coverage on platforms to which the individual  is already exposed;  𝑖

●  be the change in locally observed economic conditions that individual  directly experiences ∆𝐿
𝑖

𝑖

or observes within their social or geographic proximity. This includes events such as personal job 

loss, conversations about financial stress with friends and family and changes in 

community-level prices or rents; 

3  Furthermore, several studies find that viewers who consume Fox News and Fox affiliated channels are more likely to report 
misconceptions about the Iraq War compared to other cable and broadcast channels (Kull, Ramsay, & Lewis, 2003) and that 
ideological sources like Fox News and MSNBC decrease political knowledge below baseline levels (Fairleigh Dickinson 
University’s PublicMind Poll, 2011). These findings further suggest that Fox News and MSNBC audiences exhibit lower 
feedback strength, as they appear less likely to cross-check information or update beliefs in response to contradictory 
evidence.    

12 
 



 

 
●  be the individual ’s responsiveness to , which governs the extent to which changes 𝑅

𝑒𝑥𝑝𝑜𝑠𝑢𝑟𝑒, 𝑖
𝑖 ∆𝐸

𝑖

in  translate into changes in perceived economic conditions. This parameter may vary across ∆𝐸
𝑖

individuals as a function of prior beliefs or trust in the media source. Let ; 𝑅
𝑒𝑥𝑝𝑜𝑠𝑢𝑟𝑒, 𝑖

 ∈  [0,  1]

●  be the individual ’s responsiveness to . Let ; and 𝑅
𝑙𝑜𝑐𝑎𝑙, 𝑖

𝑖 ∆𝐿
𝑖

𝑅
𝑙𝑜𝑐𝑎𝑙, 𝑖

 ∈  [0,  1]

●  be an idiosyncratic error term. ϵ
𝑖

A change in individual consumer ’s sentiment can be denoted as a function of these 𝑖

components:  

 ∆𝑆
𝑖
 =  𝑓(∆𝐸

𝑖
,  ∆𝐿

𝑖
,  𝑅

𝑒𝑥𝑝𝑜𝑠𝑢𝑟𝑒, 𝑖
,  𝑅

𝑙𝑜𝑐𝑎𝑙, 𝑖
) +  ϵ

𝑖

  (1)

I describe two extreme cases: one in which  (hereafter, known as 𝑅
𝑒𝑥𝑝𝑜𝑠𝑢𝑟𝑒, 𝑖

 =  0

media-inattentive consumption) and one in which  (hereafter, known as 𝑅
𝑙𝑜𝑐𝑎𝑙, 𝑖

 =  0

experience-inattentive consumption). In the former case, is entirely driven by individual ’s ∆𝑆
𝑖
 𝑖

individual and local economic conditions; in the latter, is entirely determined by exposure to media ∆𝑆
𝑖
 

content. Most individuals fall between these two extremes, with  and 0 <  𝑅
𝑒𝑥𝑝𝑜𝑠𝑢𝑟𝑒, 𝑖

 <  1

, but these extreme cases are relevant because they establish identification 0 <  𝑅
𝑙𝑜𝑐𝑎𝑙, 𝑖

 <  1

boundaries. By observing how  responds to changes in  and , I can infer the relative ∆𝑆
𝑖

∆𝐸
𝑖

∆𝐿
𝑖

magnitudes of  and . In other words, if empirical data reveal that consumer sentiment 𝑅
𝑒𝑥𝑝𝑜𝑠𝑢𝑟𝑒, 𝑖

𝑅
𝑙𝑜𝑐𝑎𝑙, 𝑖

reacts significantly to media sentiment even after controlling for local economic factors, then  𝑅
𝑒𝑥𝑝𝑜𝑠𝑢𝑟𝑒, 𝑖

must be non-zero. Conversely, if local economic shocks drive sentiment changes independently of media 

exposure, then  is non-zero.  𝑅
𝑙𝑜𝑐𝑎𝑙, 𝑖
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Even if the market-level framework assumes relatively fixed consumer priors that shape firm 

strategy, evidence from Broockman and Kalla (2023) suggests that media exposure itself can 

temporarily shape or reinforce those priors, thereby altering . First, it suggests that  𝑅
𝑒𝑥𝑝𝑜𝑠𝑢𝑟𝑒, 𝑖

𝑅
𝑒𝑥𝑝𝑜𝑠𝑢𝑟𝑒, 𝑖

is not entirely exogenous or fixed, but rather may be dynamic and responsive to past media exposure. 

This adjustment introduces a feedback loop: as media exposure  influences consumer sentiment , ∆𝐸
𝑖

∆𝑆
𝑖

it simultaneously modifies the degree to which future media content will affect sentiment by altering

. In turn, this can lead to time-varying effects where initial exposure may have a strong  𝑅
𝑒𝑥𝑝𝑜𝑠𝑢𝑟𝑒, 𝑖

impact, which either amplifies or dampens the responsiveness over subsequent periods. Second, this 

potential endogeneity in  implies that empirical identification of the causal effect of media 𝑅
𝑒𝑥𝑝𝑜𝑠𝑢𝑟𝑒, 𝑖

exposure on sentiment must account for the possibility that the weight placed on media signals evolves 

with the frequency or framing of news coverage. In my framework, I operationalize media exposure 

through  by measuring the percentage of “economic sentences” in news content. Finally, by allowing ∆𝐸
𝑖

 to vary across individuals and over time, the model can capture heterogeneity in susceptibility 𝑅
𝑒𝑥𝑝𝑜𝑠𝑢𝑟𝑒, 𝑖

to media effects — reflecting differences in prior beliefs or media trust — that may explain why certain 

segments of the population exhibit more volatile sentiment changes.  

 

4. Data Review and Summary Statistics 
 

4.1. Views of the Electorate Research (VOTER) survey. 

This paper utilizes three data sources for its analysis, the first being the Views of the Electorate 

Research (VOTER) Survey, a longitudinal survey conducted by the University of California, Los 

Angeles Democracy Fund in collaboration with YouGov (2011, 2016–2020), which asked respondents 
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whether they watched specific programs on Fox News, MSNBC or CNN in 2011. The VOTER survey 

also asks respondents to rate their perceptions of the U.S. macroeconomy on a simple three-category 

scale ("getting better," "getting worse," and "no change").  

To ensure consistency across survey waves, I select eight key demographic variables — gender, 

state, employment status, reported family income, political ideology, education and age at the time of the 

survey wave — along with the dates of the interviews recorded in the VOTER survey. I also incorporate 

respondents’ perceptions of the national economy from all available survey years. To facilitate 

comparability, I standardize the VOTER variables to the most recent VOTER survey and drop the fewer 

than 1% of VOTER respondents whose values could not be standardized, largely due to skipped or 

unasked questions. Because the survey only captures media consumption at a single point in time, I 

assume stability in respondents’ media preferences and extend those values across waves. This approach 

reflects prior findings that individuals tend to prefer ideologically aligned news sources (Martin and 

Yurukoglu, 2017), and that political ideologies are generally stable. 

Summary statistics for the VOTER survey are presented in Tables B.1 through 2 in Appendix B. 

Table B.1 provides the total counts for the VOTER survey by the eight selected demographic variables. 

Table B.2 reports the mean values for respondents’ perceptions of the national economy disaggregated 

by demographic information. 

 

4.2. Internet Archive TV News Archive Dataset. 

The paper’s second source is a compilation of Closed Caption News Transcripts from the 

Internet Archive TV News Archive (2014–2023), curated by Gaurav Sood and Suriyan Laohaprapanon 

(Sood & Laohaprapanon, 2023). These transcripts are processed using the Stanford Cable News TV 

Analyzer, which removes commercials based on timestamps. Established in 2012, the Internet Archive’s 
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Television News Archive preserves videos and closed caption transcripts of U.S. national television 

news, along with metadata on the contributing network, program name and airing time. Since Sood and 

Laohaprapanon’s dataset covers only 2012 to 2023, I extend the time frame by using their replication 

code to scrape additional transcripts from June 1, 2023 through December 31, 2024. To focus the 

analysis on cable news networks, I restrict the sample to programs contributed by Fox News, MSNBC or 

CNN, and exclude the fewer than 1% of programs without a corresponding transcript. 

To analyze the economic content within cable news broadcasts, I extracted a subset of “economic 

sentences,” defined as sentences containing specific economic keywords along with the three subsequent 

sentences. The keywords were carefully selected to avoid overlap with non-economic contexts. For 

instance, terms like “interest” were excluded because they can appear in phrases unrelated to the state of 

the macroeconomy, such as “expressing interest” in a topic. Instead, I include terms like “NASDAQ,” 

which are reliably indicative of economic discourse. This approach minimizes noise and ensures that the 

extracted content is narrowly focused on economic topics. Overlapping sentences — that is, if the four 

sentences collected from the prior group of economic sentences overlap with another group of economic 

sentences — were grouped into a single, continuous segment to ensure completeness. An illustrative 

example of this process and the list of words used is provided in Appendix A. 

Using the publicly available replication package from the San Francisco Federal Reserve, I 

replicate the ENSI score developed in Shapiro et al. (2022). This methodology, derived from the LM and 

Hu and Liu’s (2004) lexicon, generates sentiment scores for inputted text files, producing sentiment 

scores ranging from -1 (highly negative sentiment) to 1 (highly positive sentiment). The SSW approach 

is particularly suitable for the present analysis because alternative machine learning models typically 

require large training datasets, yet cable news transcripts have only been systematically archived over 
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the past decade. Furthermore, my analysis is limited to three contributing channels, which restricts the 

dataset’s size and diversity and makes it insufficient for training robust machine learning models.  

To construct a daily sentiment index for each program for economic sentiment, I first compute 

the geometrically decaying trailing weighted average of daily sentiment using Equation (2), by which 

weights decay geometrically over the 22 days elapsed since each article’s publication, similar to the 

methodology used in Shapiro et al. (2022). Since sentiment is bounded by [-1,1], I adjust for negative 

values by adding 1 during the calculation and subsequently subtracting it:  

                                                                   (2)

Since both the VOTER and CES surveys assess respondents' perceptions of the macroeconomy’s 

direction of change (e.g., better or worse), whereas the daily sentiment index captures only a 

time-invariant measurement of sentiment (e.g., positive to negative), I compute the average daily 

sentiment change for the trailing weighted average of economic sentiment using Equation 3 (below). I 

calculate one-, three- and six-month differences by setting k equal to 30, 90 and 180 respectively.   

 

 𝑆𝑒𝑛𝑡𝑖𝑚𝑒𝑛𝑡𝐶ℎ𝑎𝑛𝑔𝑒
𝑘
 =  

𝑠𝑒𝑛𝑡𝑖𝑚𝑒𝑛𝑡
𝑡
 −  𝑠𝑒𝑛𝑡𝑖𝑚𝑒𝑛𝑡

𝑡−𝑘

 𝑠𝑒𝑛𝑡𝑖𝑚𝑒𝑛𝑡
𝑡−𝑘

|||
|||

 

 (3)

I calculate the proportion of words in "economic sentences" by dividing the sum of each day’s 

total word count of economic sentences by the sum of each day’s overall word count to account for 

transcripts of different lengths. Using Equation 2, I calculate the geometrically decaying average of the 

proportion of words in “economic sentences.” Finally, I multiply  by the 𝑆𝑒𝑛𝑡𝑖𝑚𝑒𝑛𝑡𝐶ℎ𝑎𝑛𝑔𝑒
𝑘
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geometrically decaying average of the proportion of words in “economic sentences” to create a measure 

of change in content exposure over time. 

Summary statistics for transcripts scraped from the Internet Archive are presented in Tables B.3 

and B.4 in Appendix B. Table B.3 provides the total counts for several variables, including primetime 

status (broadcasts aired between 8 p.m. and 11 p.m. Mondays through Saturdays and from 7 p.m. to 11 

p.m. on Sundays), contributor (the cable news network airing the broadcast), the year of the broadcast, 

the count of transcripts without economic keywords (as outlined in Appendix A), and 24-hour grouped 

starting times. Table B.4 reports the mean, median and standard deviation of sentiment scores, 

disaggregated into overall sentiment, sentiment for economic sentences (sentiment economic) and 

sentiment for non-economic sentences (sentiment non-economic). Table B.4, which includes the mean, 

median, and standard deviation for the percentage of words attributed to economic sentences, presents 

evidence that Fox News features a higher average proportion of words in “economic sentences” in 

comparison to other channels. 

 

4.3. Federal Reserve Bank of Philadelphia’s Real-Time Data Set for Macroeconomists. 

 The third and final data source is the Federal Reserve Bank of Philadelphia’s Real-Time Data Set 

for Macroeconomists. Unlike finalized and revised datasets, which can introduce distortions when 

analyzing macroeconomic indicators in their historical context, the real-time dataset reflects the data as 

it appeared at the time of reporting and ensures a more accurate representation of the information 

available to the public and policymakers during the period under analysis. The dataset contains 23 

variables; however, this study primarily utilizes quarterly reports of quarterly real GDP and monthly 

reports of the quarterly civilian unemployment rate and monthly consumer price index (CPI), as they are 

the main macroeconomic variables predicted in the Survey of Professional Forecasters, also conducted 
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by the Federal Reserve Bank of Philadelphia. Using real GDP data, I computed the GDP growth rate and 

incorporated the most recent quarterly GDP growth rate, alongside the latest available quarterly 

unemployment rate and monthly CPI releases. 

 

4.4. Stylized facts. 

 Before turning to the regression results, I summarize a set of stylized facts about the composition 

of each network’s audiences and media reporting over time. There are 2,794 unique individuals who 

watch none of the listed networks.  

Table 1. Viewership Composition by Network and Cross-Viewership, 2016–2020 

Note: A “+” sign is exclusive; for example, “CNN + Fox” indicates exposure to CNN and Fox, but not MSNBC. Source: 
VOTER Dataset (2016–2020). 

 

Table 1 describes viewership composition of those who indicated they watched at least one of the 

networks. Only 22.49% of CNN viewers in the VOTER dataset watch CNN exclusively; specifically, 

16.98% of the dataset’s CNN viewers also watch Fox News, and 40.21% also watch MSNBC. By 

contrast, Fox News viewers were far more likely to consume news from Fox alone, with just 35.14% 

respondents reporting that they viewed content from either CNN or MSNBC. MSNBC viewers fall 

between these extremes — 37.47% watch MSNBC exclusively, while 62.53% view at least one other 

network. Among MSNBC viewers, CNN is the most common secondary source: 49.90% of MSNBC 

also watch CNN. 

Following the theoretical framework of Gentzkow and Shapiro (2006), I assume that media firms 

observe the same private signal  informative of , before choosing report  . As a 𝑠 ∈ {𝐿,  𝑅} θ 𝑟 ∈ {𝐿,  𝑅}
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result, the larger the variance between networks’ economic sentiment scores at the same time — a rough 

measurement of  for economic reporting — the larger the probability that firms “garble” their signals. 𝑟

To operationalize this idea, I compute the variance in economic sentiment scores and proportion of 

“economic sentences” between networks at each point in time. A higher variance in economic sentiment 

indicates greater disagreement in economic messaging across networks, while a higher variance in the 

proportion of “economic sentences” indicates spread in the emphasis on economic messaging. 

Figure 2 compares the geometrically decaying average economic sentiment compared to that of 

overall sentiment. During the period of post-pandemic recovery, the cross-channel dispersion in 

economic sentiment increases relative to that of overall sentiment, suggesting that economic coverage 

became more polarized in that period. Similarly, Figure 3, which illustrates the variance of the averaged 

economic sentiment scores and averaged proportion of “economic sentences” between the three 

networks at each date, suggests a shift beginning around 2018, with more frequent and pronounced 

“spikes” in the between-network variance of economic sentiment, potentially reflecting heightened 

responsiveness to economic or political shocks. 

Upon calculating the between-network variance displayed in Figure 3, I estimate simple ordinary 

least squares (OLS) regressions to assess how these variances evolve over time. Let be the 𝑣𝑎𝑟𝑖𝑎𝑛𝑐𝑒
𝑡

variance between the average sentiment scores or proportions of “economic sentences” of the three 

networks at time ,  be a variable representing the month and year, and  be a dummy 𝑡 𝑡𝑖𝑚𝑒𝑡𝑟𝑒𝑛𝑑
𝑡

𝐶𝑂𝑉𝐼𝐷
𝑡

variable that equals 1 if the transcripts were recorded in or after February 2020:   

 𝑣𝑎𝑟𝑖𝑎𝑛𝑐𝑒
𝑡

 =  α + β
1
 𝑡𝑖𝑚𝑒𝑡𝑟𝑒𝑛𝑑

𝑡
+ β

2
 𝐶𝑂𝑉𝐼𝐷

𝑡
 +  ε

𝑡

 (4)
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Figure 2. Average Sentiment Change By Month, Overall and Economic (2012–2024).  

 
Note: The monthly average is calculated by first calculating the geometrically decaying averages of the transcripts’ 
sentiments by network using Equation (2), then computing the one-month difference between transcripts using Equation (3) 
and finally taking the median of these daily values within each month. Y-axes were adjusted for readability; note the larger 
y-axis range for the figure for economic sentiment (left) compared to that for overall sentiment (right). Source: Cable news 
transcripts scraped from the archive.org TV News Closed Caption Corpus from June 2023 to Dec. 2024; Sood and 
Laohaprapanon (2023). 
 

Figure 3. Between-Network Variance in Economic Reporting Measures, 2012–2024  

Note: The monthly average is calculated by first computing the daily between-network variance for each measure, then 
taking the median of these daily values within each month. Source: Cable news transcripts scraped from the archive.org TV 
News Closed Caption Corpus from June 2023 to Dec. 2024; Sood and Laohaprapanon (2023). 

I estimate two specifications for both the economic sentiment scores and the proportion of 

“economic sentences” based on Equation (4): the first includes only the linear , and the other 𝑡𝑖𝑚𝑒𝑡𝑟𝑒𝑛𝑑
𝑡

adds the  dummy alongside .4 Results are displayed in Table 2. The time trend 𝐶𝑂𝑉𝐼𝐷
𝑡

𝑡𝑖𝑚𝑒𝑡𝑟𝑒𝑛𝑑
𝑡

4 To ensure the results are fully replicable, I fix the random seeds for all regressions reported from this point forward. 
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variables are positive and significant for both specifications of economic sentiment, suggesting 

divergence in economic sentiment across the three networks over time. In contrast, for the proportion of 

“economic sentences,” the time trend is positive in the model without the  dummy, but becomes 𝐶𝑂𝑉𝐼𝐷
𝑡

negative when the  dummy is included. However, the  dummy’s coefficient is large and 𝐶𝑂𝑉𝐼𝐷
𝑡

𝐶𝑂𝑉𝐼𝐷
𝑡

positive, suggesting that the structural break induced by the COVID-19 pandemic may have accounted 

for much of the divergence in the intensity of coverage suggested in the first specification.  

Table 2. Between-Network Variance Trends Over Time, 2012–2024. 

Note: Standard errors are reported in parentheses. Values have been scaled by a factor of 10,000 for clarity, as the original 
values were small and difficult to display at scale. Source: Cable news transcripts scraped from the archive.org TV News 
Closed Caption Corpus from June 2023 to Dec. 2024; Sood and Laohaprapanon (2023). 

I also examine the 22-day rolling variances of economic sentiment scores by network, displayed 

in Figure 4. I begin by performing variance ratio tests on geometrically decaying sentiment scores for 

each network. The results show no significant difference in variance between Fox News and CNN, but 

indicate that MSNBC's sentiment scores exhibit significantly lower variance than those of both Fox and 

CNN. When comparing the variance in the geometrically decaying share of "economic sentences" across 

networks, the ordering from least to greatest variance is: CNN, MSNBC and Fox News. 
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Figure 4. Within-Network Variances in Economic Reporting Measures, 2012 – 2024  

 
Note: The monthly average is calculated by first computing the 22-day rolling variance for each network and measure, then 
taking the median of these daily values within each month. Source: Cable news transcripts scraped from the archive.org TV 
News Closed Caption Corpus from June 2023 to Dec. 2024; Sood and Laohaprapanon (2023). 
 

Finally, I observe how within-network variances change over time by estimating the 

specification below for both the economic sentiment scores and the proportion of “economic sentences.” 

 𝑣𝑎𝑟𝑖𝑎𝑛𝑐𝑒
𝑖𝑡

 =  α + β
1
 𝑛𝑒𝑡𝑤𝑜𝑟𝑘

𝑖 
 ×  𝑡𝑖𝑚𝑒𝑡𝑟𝑒𝑛𝑑

𝑡
+ β

2
 𝑛𝑒𝑡𝑤𝑜𝑟𝑘

𝑖
 ×  𝐶𝑂𝑉𝐼𝐷

𝑡
 +  ε

𝑡

 (5)

Here,  is the 22-day rolling variance for each network ,   is a categorical 𝑣𝑎𝑟𝑖𝑎𝑛𝑐𝑒
𝑖𝑡

𝑖 𝑛𝑒𝑡𝑤𝑜𝑟𝑘
𝑖

variable indicating each of the three networks, and  and  are defined as in Equation 𝑡𝑖𝑚𝑒𝑡𝑟𝑒𝑛𝑑
𝑡

𝐶𝑂𝑉𝐼𝐷
𝑡

(4). Table 3 presents the marginal effects from Equation (5). Across all networks, the coefficients on the 

time trends are positive and statistically significant for the variance in economic sentiment, but negative 

for the variance in the share of sentences classified as economic.  
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Table 3. Marginal Effects of Within-Network Variances, 2012 – 2024. 

 

Note: Standard errors are reported in parentheses. Values have been scaled by a factor of 10,000 for clarity, as the original 
values were small and difficult to display at scale. Source: Cable news transcripts scraped from the archive.org TV News 
Closed Caption Corpus from June 2023 to Dec. 2024; Sood and Laohaprapanon (2023). 

In sum, both between- and within-network variance increases over time, suggesting greater 

disagreement in economic messaging across networks and within network programs over time.  

5. Methodology 

The results of Section 4.4 suggest that cable networks produce distinct coverage of the same 

macroeconomic events, a phenomenon that has become more pronounced over time. Using a panel 

approach, I exploit variation in how different groups of viewers are exposed to differing framings of 

similar content — rather than variation in the underlying economic conditions themselves — to estimate 

the effect of exposure on sentiment. 

I employ the assumption that coverage is plausibly exogenous to the timing of respondents’ 

quasi-randomly assigned interviews. Furthermore, I assume that the overall variation in national 

reporting over time is not driven by individual-level factors that can also affect sentiment, as national 

cable news economic coverage decisions are made centrally by networks and respond to macro-level 

events. In other words, individual viewers do not influence what gets covered or when, especially when 

assuming low feedback strength  as in Section 3.1.  µ
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I begin with a baseline specification (Model 1), which is given by the following random effects 

model.5  Let  be an ordinal variable with three strata {-1, 0 , 1} indicating each individual respondent  𝑦
𝑖𝑗𝑡

’s economic perception of the U.S. macroeconomy at time ;  ,  and  be dummy 𝑖 𝑡 𝑉
𝐹𝑂𝑋, 𝑖

𝑉
𝐶𝑁𝑁, 𝑖

𝑉
𝑀𝑆𝑁𝐵𝐶, 𝑖

variables representing if the individual has ever been a viewer of Fox News, CNN or MSNBC 

respectively; ,  and  be the 22-day geometrically decaying trailing 𝐸𝑥𝑝
𝐹𝑂𝑋, 𝑖𝑡

𝐸𝑥𝑝
𝐶𝑁𝑁, 𝑖𝑡

𝐸𝑥𝑝
𝑀𝑆𝑁𝐵𝐶, 𝑖𝑡

weighted average of the one-month change in daily mean economic sentiment for each network 

multiplied by the geometrically decaying trailing weighted average of the proportion of “economic 

sentences”6 at date t corresponding to the individual’s survey collection date;  be a variable 𝑚𝑜𝑛𝑡ℎ𝑦𝑒𝑎𝑟
𝑡

representing the month and year  the survey was collected;  be the age of the respondent at the 𝑡 𝑎𝑔𝑒
𝑖𝑡

time they were surveyed;  be a vector of seven demographic variables stratified by category  𝑋
𝑖𝑗

7 𝑥 𝑗 𝑗

(race, gender, state, employment status, reported family income, political ideology, education)7;  be a 𝑌
𝑡

vector of the three variables from the Federal Reserve Bank of Philadelphia’s Real-Time Data Set 3 𝑥 1 

(most recently announced quarterly GDP growth rate, quarterly unemployment rate and monthly CPI); 

and  be a vector of yearly fixed effects from 2017 to 2020:   𝑦𝑒𝑎𝑟
𝑡

4 𝑥 1 

 

 𝑦
𝑖𝑗𝑡

= β
0

+ β
1
𝑉

𝐹𝑂𝑋, 𝑖
+ β

2
𝑉

𝐶𝑁𝑁, 𝑖
+ β

3
𝑉

𝑀𝑆𝑁𝐵𝐶, 𝑖
+ β

4
𝐸𝑥𝑝

𝐹𝑂𝑋, 𝑖𝑡
+ β

5
𝐸𝑥𝑝

𝐶𝑁𝑁, 𝑖𝑡
+  β

6
𝐸𝑥𝑝

𝑀𝑆𝑁𝐵𝐶, 𝑖𝑡

 + β
7
𝑚𝑜𝑛𝑡ℎ𝑦𝑒𝑎𝑟

𝑡
+ β

8
𝑎𝑔𝑒

𝑖𝑡
+

𝑘=7

7

∑
𝑗=1

𝑗

∑  γ
𝑘, 𝑗

𝑋
𝑘, 𝑖𝑗

 +
𝑘=1

3

∑  γ
𝑘
𝑌

𝑘, 𝑡
 +  𝑦𝑒𝑎𝑟

𝑡
+ ε

𝑖𝑗𝑡

 (6)

7 Time-invariant variables — namely gender, race and the V-dummy variables — are dropped in the fixed effects 
specifications.  

6 Both calculated by Equation (2). 

5 I use the random effects specifications in this section to give a clearer picture of all the variables I’m including for my 
robustness checks, given that several variables are time-invariant and dropped in my fixed-effects specifications, but 
maintained in my correlated random effects models. 
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Model 2 introduces  interaction terms between exposure and the dummy variable 𝑉 𝑥 𝐸𝑥𝑝

indicating viewership of a specific network to account for potential heterogeneity in how sentiment 

influences perceptions for viewers. Model 3 further refines the specification by adding an additional 

interaction term  to account for the number of viewers who watch multiple programs as 𝑉 ×  𝑉 ×  𝐸𝑥𝑝

shown in Table 1. This interaction expands each pair of networks into two terms. For example, for CNN 

and MSNBC, the model includes both  and 𝑉
𝐶𝑁𝑁, 𝑖 

 ×  𝑉
𝑀𝑆𝑁𝐵𝐶, 𝑖 

 ×  𝐸𝑥𝑝
𝐶𝑁𝑁, 𝑖𝑡

 interaction terms, allowing for exposure effects to vary by which 𝑉
𝐶𝑁𝑁, 𝑖 

×  𝑉
𝑀𝑆𝑁𝐵𝐶, 𝑖 

 ×  𝐸𝑥𝑝
𝑀𝑆𝑁𝐵𝐶, 𝑖𝑡

program’s content is emphasized. Model 4 includes three additional interaction terms for the respondents 

who indicated that they watch all three networks.  

To address individual heterogeneity and temporal dynamics, I estimate a series of three models 

using both fixed-effects and correlated-random effects specifications, seeing that Hausman tests across 

model specifications indicate that fixed-effects estimators yield more consistent estimates. Given the 

results of the Hausman tests and that the variable of interest is ordinal, the fixed-effects ordered logit 

model8 is the most appropriate for my analysis, but I include linear fixed effects models in Appendix B 

as a robustness check. I also estimate a set of correlated random-effects models — which incorporate 

individual-level means of time-varying covariates to concerns about bias from unobserved heterogeneity 

while preserving variation in both within- and between-individual effects — to retain as much 

information as possible from the time-invariant cable news variables while accounting for unobserved 

8 Ordered logit models assume a latent continuous variable underlying the observed ordinal outcomes and estimate threshold 
parameters to determine category boundaries and are especially appropriate for categorical dependent variables with a natural 
ordering. In short panels, nonlinear panel models with fixed effects can encounter the incidental parameters problem, a 
phenomenon in which a large number of individual-specific fixed effects lead to biased parameter estimates, especially when 
the time dimension is small. For the following estimates, I use the Stata package developed by Baetschmann et al. (2020), 
which avoids the incidental parameters problem by using a conditional maximum likelihood (CML) approach on a generated 
pseudo-dataset.  
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heterogeneity. Standard errors are clustered at the individual level to account for heteroskedasticity and 

within-individual serial correlation. 

 

6. Results 

Part 6.1 covers my regression specified in the methodology section, assessing the short-term 

relationship between cable news exposure and respondents’ economic sentiment. Part 6.2 expands the 

results of 6.1 to compare short-run and long-run effects of changes in cable news exposure with one-, 

three- and six-month changes, and part 6.3 further differentiates long-run effects by differentiating 

primetime and non-primetime broadcast sentiment. 

Fox News stands out as a particularly powerful and polarizing driver of perception across 

specifications. While changes in exposure to MSNBC are associated with more optimistic sentiment 

among MSNBC viewers and non-viewers, its influence appears weaker and less consistent across time 

and primetime specifications; CNN shows limited and largely short-term effects, failing to maintain 

significance at longer horizons or in most subgroup analyses. Meanwhile, exposure to Fox’s economic 

messaging is associated with significant changes in perceived national economic conditions — not only 

among Fox viewers, but also among non-viewers. These effects remain robust and statistically 

significant even over longer time horizons. For Fox viewers, higher exposure is generally linked to more 

optimistic economic sentiment. In contrast, the same increase in exposure is associated with more 

negative sentiment among non-viewers, particularly those who exclusively watch MSNBC. 

Furthermore, the magnitude of Fox’s positive impact on its consumers is generally diminished if viewers 

do not exclusively consume the network. Taken together, findings suggest that Fox’s messaging may 

diffuse beyond its direct audience through ambient media or interpersonal networks, and that exposure 

to ideologically diverse networks may have a moderately countervailing impact on economic sentiment. 
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6.1. Short-Term Cable News Consumption’s Impacts on Respondents’ Economic Sentiment.  

This section presents the results of the panel analysis assessing the relationship between cable 

news consumption and respondents' economic sentiment. Results comparing linear fixed-effects and 

ordered logit fixed-effects specifications and the results of the CRE specifications can be found in 

Appendix B.5 and B.6 respectively. 

The marginal effects of the linear and ordered logit models with fixed effects are presented in 

Table 4 below.9 Among respondents who report watching all three networks, only exposure to Fox has a 

statistically significant and negative effect. This result suggests that cross-cutting media exposure does 

not neutralize partisan signaling uniformly; rather, it may lead some viewers to actively discount or 

reject certain sources. In this case, exposure to economically optimistic reporting from Fox News may 

have a countervailing effect among individuals exposed simultaneously to multiple, ideologically 

diverse news outlets. Among non-viewers, exposure to Fox is associated with lower economic optimism, 

while exposure to MSNBC is positively associated with viewers’ sentiment. This pattern is consistent 

with indirect exposure via social networks or ambient media environments. 

Fox-only viewers exhibit a strong positive response to pro-Fox economic sentiment and respond 

negatively to MSNBC exposure, though to a lesser extent. Similarly, MSNBC-only viewers and those 

who watch both CNN and MSNBC respond negatively to Fox and positively to MSNBC, suggesting 

affective polarization in how economic messaging is received. 

One potential explanation for the diverging sentiments across channels is selection bias. I assume 

that the fixed characteristics that make one watch a specific network are absorbed by fixed effects, but 

9 Marginal effects for the ordered logit with fixed effects model developed in Baetschmann et al. (2020) are biased if 
thresholds are not constant. Because (1) the number of clones required to fully account for this assumption grows 
exponentially with the number of time periods, (2) the difficulty in determining the appropriate number of clones without 
considerable computing power, and (3) the reality that remaining postestimation commands cannot handle models with 
complex interaction terms, I compare my estimates of marginal effects from the ordered logit model to those from a linear 
fixed effects model and focus only on results that are consistent across both approaches. 
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time variant characteristics may remain. Specifically, as individuals grow older or become more 

politically conservative, they may be more inclined to watch Fox News and thereby reinforce their 

existing values, introducing bias into the models. Controlling for ideology and age, a strong and 

persistent association between Fox News viewership and more favorable economic perceptions 

nonetheless remains, suggesting that the relationship is not solely driven by ideological self-selection.   

 

Table 4. Marginal Effects of Exposure Impacts on Consumer Sentiment by Viewer Group, 2016–2020. 

 
Notes: The dependent variable is an ordinal measure of respondents’ perceptions of national economic conditions [-1, 0, 1] 
sourced from the VOTER survey (2016–2020). All models include individual fixed effects to control for time-invariant 
unobserved heterogeneity. Standard errors are clustered at the individual level and reported in parentheses. 
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To account for a potential endogeneity issue, I exclude ideology and age from the model, but the results 

remain substantively unchanged. Furthermore, in the correlated random-effects (CRE) specifications, the 

individual-level mean covariates are either insignificant or less significant than their time-varying 

counterparts, most of which are significant at the 0.01 or 0.05 level. In other words, the results are less 

likely to be driven by selection into media consumption based on stable traits — such as long-standing 

political preferences or baseline economic optimism — and more likely to reflect changes in sentiment 

that occur as individuals are exposed to varying levels of media content. This suggests that the observed 

effects are primarily driven by within-individual variation over time, rather than long-term differences 

across individuals.  

 To assess whether multicollinearity between sentiment measures might bias the estimated effects, 

I examine pairwise correlations between each network’s changes in exposure. CNN and MSNBC 

exposure scores are highly correlated, reflecting similar economic coverage. Given the strong correlation 

between CNN and MSNBC and the substantial overlap in their viewership, I re-estimate the model 

excluding one of the two networks and all variables that include each network as part of an interaction. 

Dropping either CNN or MSNBC exposure does not alter the substantive conclusions I draw from the 

regressions. In fact, dropping either network results in a more significant coefficient on Fox News 

exposure among respondents who watch all three networks, suggesting that similar signals from CNN 

and MSNBC may have previously dampened or masked the impact of Fox News messaging. Thus, the 

full-model estimate may in fact reflect underestimate Fox’s potential polarizing influence in isolation on 

this viewership group. Results of Models 2 and 4 using an ordered logit model with fixed effects 

specification can be found in Appendix B.7. 
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6.2. Salience of Cable News Exposure Over Time. 

 The main specification captures only short-term changes in exposure, using a one-month 

window. As a result, some of the variation may reflect immediate or transient reactions, rather than more 

sustained effects. I reestimate the models in part 5.1 with additional 3- and 6-month changes. The 

marginal effects of the linear and ordered logit models with fixed effects are presented in Table 5 

below.10 Results comparing linear fixed-effects and ordered logit fixed-effects specifications and the 

results of the CRE specifications can be found in Appendix B.8 and B.9 respectively. 

Trends generally persist over time for those who watch all or none of the three networks and those who 

watch both MSNBC and CNN. Among those who watch only one channel, their consumer sentiment 

becomes more aligned with exposure to the channel that they watch; for those who only view CNN, the 

effect is small and insignificant.  

 Across all viewer groups, the resulting marginal effects of exposure to Fox News economic 

content are consistent and generally significant throughout each interval — that is, positive marginal 

effects remain positive or grow in magnitude between the one-month and three-month intervals, while 

marginal effects that were significant in the short-term generally retained significance in the long-term, 

even among groups that did not watch Fox News. Meanwhile, among individuals who exclusively 

watched CNN or watched CNN in combination with Fox News, the effects of CNN exposure failed to 

gain or maintain significance by the six month mark; the effects of CNN exposure remained 

insignificant throughout the three periods for those who watched all three channels. This pattern 

suggests that CNN’s economic messaging may exert short-term influence on consumer sentiment, but 

that its impact does not appear to persist over longer time horizons. 

 

10 See footnote 9. 
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Table 5. Marginal Effects of Salience of Economic Exposure on Consumer Sentiment  

Over Time by Viewer Group, 2016–2020. 

 

Notes: The dependent variable is an ordinal measure of respondents’ perceptions of national economic conditions [-1, 0, 1] 
sourced from the VOTER survey (2016–2020). All models include individual fixed effects to control for time-invariant 
unobserved heterogeneity. Standard errors are clustered at the individual level and reported in parentheses. 
 
 

6.3. Primetime versus Non-Primetime Coverage’s Impacts on Consumer Sentiment. 

 While short-run specifications may capture reactions to breaking news cycles or short-term 

shocks, my primary interest lies in identifying sustained effects of cable news consumption, a pattern 

most clearly identified among primetime cable news viewers, whose consumption patterns are generally 
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regular and ideologically consistent. Accordingly, I focus my interpretation on the 6-month model from 

Table 5, which incidentally also provides the best model fit (Pseudo ).11 𝑅2 =  0. 224

To focus my analysis on primetime media exposure, I calculate the primetime and non-primetime 

measures of the six-month differences in economic sentiment using Equation 3 for primetime or 

non-primetime transcripts only. I calculate the proportion of words in "economic sentences" by dividing 

the sum of the total word count of economic sentences in primetime or non-primetime hours for that day 

by the sum of each day’s overall word count during primetime or non-primetime hours, then applied 

Equation (2) to find the 22-day geometrically decaying average of this measure. I multiply these two 

values to create a measurement of economic exposure.  

 I identify two new models for this section: Model 5 builds on Model 4 by replacing each 

respective network’s  variable with a corresponding  variable (hereafter abbreviated as  𝐸𝑥𝑝 𝐸𝑥𝑝
𝑝𝑟𝑖𝑚𝑒𝑡𝑖𝑚𝑒

). Model 6 adds  variable (hereafter abbreviated as ), representing the same 𝐸𝑥𝑝
𝑝

𝐸𝑥𝑝
𝑛𝑜𝑛𝑝𝑟𝑖𝑚𝑒𝑡𝑖𝑚𝑒

𝐸𝑥𝑝
𝑛𝑝

measure as  but for non-primetime transcripts, as well as the interaction terms corresponding to 𝐸𝑆
𝑝

Models 4 and 5. Table 6 presents the marginal effects of the linear and ordered logit specifications with 

fixed effects for Model 5, while Table 7 does the same for Model 6.12 Results comparing linear 

fixed-effects and ordered logit fixed-effects specifications and the results of the CRE specifications can 

be found in Appendix B.10 and B.11 respectively. 

When isolating the effect of primetime coverage on viewers, a positive change in exposure to 

Fox News exhibits positive impacts among its own audience and negative impacts among those who 

watch one or both of the remaining networks, further reinforcing the finding that Fox’s primetime 

economic messaging especially reinforces divergent perceptions across viewership groups. 

12 See footnote 9. 

11 Used for nominal and ordinal dependent variables instead of R-squared. 
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 Like in parts 5.1 and 5.2, exposure to Fox News coverage — particularly non-primetime 

coverage — retains significance for those who are not Fox viewers and tends to dominate consumer 

sentiment for those who view Fox and one of the two channels. In fact, Fox’s non-primetime exposure 

has stronger effects than primetime across nearly every viewer group. Meanwhile, CNN’s 

non-primetime exposure effects are largely statistically insignificant or inconclusive across viewer  

 

Table 6. Marginal Effects of Primetime Exposure on Consumer Sentiment by Viewer Group, 2016–2020 

 
Notes: The dependent variable is an ordinal measure of respondents’ perceptions of national economic conditions [-1, 0, 1] 
sourced from the VOTER survey (2016–2020). All models include individual fixed effects to control for time-invariant 
unobserved heterogeneity. Standard errors are clustered at the individual level and reported in parentheses. 
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Table 7. Marginal Effects of Primetime and Non-Primetime Exposure on Consumer Sentiment by 

Viewer Group, 2016–2020 

 

Notes: The dependent variable is an ordinal measure of respondents’ perceptions of national economic conditions [-1, 0, 1] 
sourced from the VOTER survey (2016–2020). All models include individual fixed effects to control for time-invariant 
unobserved heterogeneity. Standard errors are clustered at the individual level and reported in parentheses. 
 
groups and time slots. A change in positive exposure to MSNBC exhibits positive effects among its own 

audience, but does not significantly exert the same polarizing influence amont new-viewers as exposure 

to Fox News does. Taken together, these patterns imply that Fox’s economic coverage is not only more 

pervasive but also more effective at shaping economic sentiment even across viewer bases, potentially 

due to greater message consistency, audience alignment or broader diffusion into the media 
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environment. These findings are in line with academic literature outlining the “Fox effect” on political 

sentiment and electoral results (DellaVigna and Kaplan, 2007; Martin and Yurukoglu, 2017; Ash et al., 

2021).  

 

6.4. Limitations 

A critical assumption of this study is that individuals who report watching a given network do so 

at comparable rates over time. In practice, I assume that exposure effects operate through average 

content consumed, and that all viewers within a group are equally likely to encounter the relevant 

coverage. This is a simplification, as prior research and descriptive evidence suggest that viewership 

intensity varies widely: while the average viewer may watch only 20 minutes of coverage, a more 

dedicated subset of cable news viewers consume an hour or more per day (Pew Research Center, 2023). 

To the extent that more intense viewers are more responsive to media content, this assumption may 

attenuate estimated effects. 

The time frame covered in this analysis (2016–2020) is not long enough to reasonably estimate 

the impact of more recent economic phenomena, particularly the aforementioned post-pandemic period 

of economic discontent despite strong macroeconomic fundamentals. Moreover, the VOTER survey was 

conducted during a period of Republican executive leadership and shifting congressional control: 

Republicans held unified control of the federal government through 2018, lost the House in 2019, but 

retained the Senate and the presidency through the end of the period. This political context may shape 

how partisans interpreted economic conditions and mediated the influence of media content on 

economic perceptions. Given that consumer confidence may have evolved in response to the 

post-pandemic economic recovery and shifting political dynamics, expanding the dataset to include 
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2021 and beyond would provide a more comprehensive understanding of how economic sentiment is 

shaped in the current media environment.  

 Future studies may take a more explicitly political approach, examining whether references to 

political figures or partisan cues — such as mentions of Democratic or Republican politicians or backed 

policies — affect sentiment scores. This would allow for a more precise assessment of how media 

framing of economic conditions interacts with political identity and whether economic sentiment is 

systematically shaped by partisan rhetoric. Additionally, a key limitation of using reported bias measures 

is that they do not fully capture differences in topic selection and agenda-setting across networks. While 

sentiment scores provide insight into how economic conditions are framed, they do not measure which 

topics are emphasized more by one program relative to another. For example, one network may allocate 

more coverage to inflation and economic instability, while another may focus on job growth and wage 

increases, leading to differences in audience perceptions even if sentiment scores appear similar. 

A more comprehensive approach would involve topic modeling or supervised machine learning 

techniques to systematically analyze the distribution of economic topics or political affiliation across 

networks. This would allow researchers to assess not just how economic conditions are framed, but 

which economic issues are prioritized or downplayed in different media and political environments. 

However, this analysis was not feasible in the present study due to methodological constraints. 

Identifying and quantifying the impact of political references on sentiment scores would require a more 

refined natural language processing model, such as a machine learning-based classifier capable of 

distinguishing between general economic coverage and politically framed economic narratives. 
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7. Conclusion 

 

This paper investigates how cable news coverage influences economic sentiment in the United 

States, focusing on three major networks — Fox News, MSNBC, and CNN — over the period 2016 to 

2020. Using sentiment-scored transcript data from the Internet Archive and panel responses from the 

VOTER survey, I estimate the association between shifts in economic media coverage and individual 

perceptions of national macroeconomic conditions. The results suggest that variation in the volume and 

tone of cable news economic coverage corresponds to meaningful differences in consumer sentiment, 

even after controlling for individual fixed characteristics and national economic fundamentals. 

The effects vary across viewer groups and networks. Fox News exerts the most consistent and 

persistent influence, especially among viewers who exclusively consume Fox content or split viewership 

with another channel. MSNBC’s effects are more sensitive to the timing and salience of economic 

coverage, while CNN’s influence is weaker and appears to diminish over longer time horizons. Notably, 

even among viewers who consume content from multiple networks, the dominant influence of Fox 

News persists. A central takeaway is that partisan media does not operate in isolation. While it may shift 

attitudes among aligned viewers, it can also induce negative polarization among others. Thus, partisan 

content may polarize both through persuasion and through alienation from the promoted viewpoint. 

Still, several limitations of the study remain. The analysis is confined to a relatively narrow 

political window and does not extend into the post-pandemic period, when the disconnect between 

objective macroeconomic performance and public sentiment has grown increasingly salient. In addition, 

while this study captures variation in sentiment and topic intensity, it does not assess differences in what 

economic issues are emphasized — a question that would benefit from topic modeling or more granular 

content analysis. Nor does it fully address the role of political rhetoric or partisan cues embedded within 

economic coverage, which may interact with viewer ideology in shaping sentiment. Future work should 
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extend this analysis to cover the post-2020 period, as well as explore whether similar patterns hold in 

digital and social media environments. Advances in machine learning could further refine measures of 

content framing, topic salience and ideological cues.  
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Appendix A 

List of keywords: gdp, inflation, deflation, recession, economy, economic, unemployment, employment, 

stocks, dow, nasdaq, treasury, debt, tax, price, wage 

 

and mount rainier closed again to the public while authorities investigate the death of a park ranger and 

mother of two margaret anderson and the man suspected of killing her. the alleged gunman, benjamin 

colton barnes, he was found dead in that car apparently from exposure. u.s. markets back open today 

after being closed yet for the new year's holiday. stock futures for the dow, nasdaq and s&p, all up 

sharply pointing to a higher open right now to start off the new year, and soledad, for the year last year, 

the s&p 500 basically flat. after all of those ups and downs, it ended right where it started, soledad. back 

to you. >> christine, thanks. appreciate it. coming up on "starting corner of the country including right 

here in des moines. protesters using the iowa caucuses try to focus attention ton their cause. they tried to 

disrupt the candidates' campaign events, like michele bachmann, with their mike check chance, and then 

dozens of protesters arrested for disrupting rallies and protesting outside of candidates' campaign 

centers.  

 

Extracted Economic Text:  

stock futures for the dow, nasdaq and s&p, all up sharply pointing to a higher open right now to start off 

the new year, and soledad, for the year last year, the s&p 500 basically flat. after all of those ups and 

downs, it ended right where it started, soledad. back to you.  
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Appendix B. Tables 

 
Table B.1. Descriptive Statistics of VOTER Survey Respondents, 2016–2020. 

 
Note: The table illustrates the reported demographic information of respondents at the time of their first survey wave. 
Demographic information was standardized to the most recent VOTER survey wave. Source: VOTER survey (2016–2020). 
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Table B.2. Economic Perceptions by VOTER Survey Respondents’ Demographics, 2016–2020. 

 
Note: The table illustrates the reported demographic information of respondents at the time of their first survey wave. 
Demographic information was standardized to the most recent VOTER survey wave. The variable measuring economic trends 
is the mean of respondents’ perceptions of national economic conditions [-1, 0, 1] across all surveyed years. Source: VOTER 
survey (2016–2020).  
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Table B.3. Descriptive Statistics of Cable News Transcripts, 2012–2024.

 
Note: Primetime is defined as broadcasts aired between 8 p.m. and 11 p.m. Mondays through Saturdays and from 7 p.m. to 11 
p.m. on Sundays. Source: Cable news transcripts scraped from the archive.org TV News Closed Caption Corpus from June 
2023 to Dec. 2024; Sood and Laohaprapanon (2023).  
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Table B.4. Cable News Transcripts’ Sentiment Scores by Contributor, 2012–2024.  

 

Note: The table presents summary statistics for sentiment and relevance measures by contributor (columns 1–3) and for the 
total sample (column 4). Sentiment refers to the overall sentiment scores calculated by replicating the ENSI score developed 
by Shapiro et al. (2022) that range from -1 (very negative sentiment) to 1 (very positive sentiment); “Relevant” and 
“Non-Relevant” rows distinguish between economic and non-economic sentences, respectively; “Percentage of relevant 
sentences” captures the proportion of words in economic sentences. Proportions are represented in decimal form. For 
example, 0.0584 corresponds to 5.84%. Source: Cable news transcripts scraped from the archive.org TV News Closed 
Caption Corpus from June 2023 to Dec. 2024; Sood and Laohaprapanon (2023).  
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Table B.5. Linear and Ordered Logit Fixed-effects Models Estimating  

Exposure Impacts on Consumer Sentiment, 2016–2020. 
 

 
Notes: The dependent variable is an ordinal measure of respondents’ perceptions of national economic conditions [-1, 0, 1] 
sourced from the VOTER survey (2016–2020). All models include individual fixed effects to control for time-invariant 
unobserved heterogeneity. Standard errors are clustered at the individual level and reported in parentheses. 
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Table B.6. Correlated Random Effects Models Estimating  
Exposure Impacts on Consumer Sentiment, 2016–2020. 

 

 
 

Notes: The dependent variable is an ordinal measure of respondents’ perceptions of national economic conditions [-1, 0, 1] 
sourced from the VOTER survey (2016–2020). All models include individual fixed effects to control for time-invariant 
unobserved heterogeneity. Standard errors are clustered at the individual level and reported in parentheses. 
 
 

 

49 
 



 

 
Table B.7. Ordered Logit Fixed-effects Estimates of Models Estimating  

Exposure Impacts on Consumer Sentiment, 2016–2020. 

 
Notes: The dependent variable is an ordinal measure of respondents’ perceptions of national economic conditions [-1, 0, 1] 
sourced from the VOTER survey (2016–2020). All models include individual fixed effects to control for time-invariant 
unobserved heterogeneity. Standard errors are clustered at the individual level and reported in parentheses. 
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Table B.8. Linear and Ordered Logit Fixed-effects Estimating Salience of Economic Exposure on 

Consumer Sentiment Over Time, 2016–2020. 
 

 
 

Notes: The dependent variable is an ordinal measure of respondents’ perceptions of national economic conditions [-1, 0, 1] 
sourced from the VOTER survey (2016–2020). All models include individual fixed effects to control for time-invariant 
unobserved heterogeneity. Standard errors are clustered at the individual level and reported in parentheses. 
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Table B.9. Correlated Random Effects Estimating Salience of Economic Exposure on Consumer 

Sentiment Over Time, 2016–2020. 
 

 
 

Notes: The dependent variable is an ordinal measure of respondents’ perceptions of national economic conditions [-1, 0, 1] 
sourced from the VOTER survey (2016–2020). All models include individual fixed effects to control for time-invariant 
unobserved heterogeneity. Standard errors are clustered at the individual level and reported in parentheses. 
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Table B.10. Linear and Ordered Logit Fixed-effects Estimating Effects of Primetime and Non-Primetime 

Exposure on Consumer Sentiment, 2016–2020 

 
 

Notes: The dependent variable is an ordinal measure of respondents’ perceptions of national economic conditions [-1, 0, 1] 
sourced from the VOTER survey (2016–2020). All models include individual fixed effects to control for time-invariant 
unobserved heterogeneity. Standard errors are clustered at the individual level and reported in parentheses. 
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Table B.11. Correlated Random Effects Estimates of Macroeconomic Perceptions  

Estimating Effects of Primetime and Non-Primetime Exposure on Consumer Sentiment, 2016–2020 

 
Notes: The dependent variable is an ordinal measure of respondents’ perceptions of national economic conditions [-1, 0, 1] 
sourced from the VOTER survey (2016–2020). All models include individual fixed effects to control for time-invariant 
unobserved heterogeneity. Standard errors are clustered at the individual level and reported in parentheses. 
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