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Abstract

Does mainstream media actively amplifies politicians’ social media statements, and does
this amplification influence individuals’ political opinions? I first study cable news cover-
age of Donald J. Trump’s tweets using novel high-frequency coverage measures for CNN,
Fox News, and MSNBC. I show that Trump was able to set the agenda of cable news
outlets through Twitter, with cable outlets covering his tweets minutes after these had
been posted. I then leverage a large public opinion survey to investigate the impact of
TV coverage of Trump’s tweets on public opinion. I find that CNN’s primetime coverage
of Donald J. Trump’s tweets caused CNN viewers to decrease their approval of President
Trump hours after coverage. Conversely, primetime coverage on Fox News resulted in an
increase in President Trump’s approval ratings among Fox News viewers. These findings

shed light on a new channel through which social media impacts political opinions.
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1. Introduction

Politicians increasingly use social media to issue political statements. These platforms
allow for the dissemination of messages that are more sentimentally charged compared to
other media. The influence of social media communications could be propagated through
television news outlets if these actively cover politicians’ online activities. This would
allow online statements to reach a significant share of U.S. voters that are not directly

exposed to social media — those that use television as their main news source (’cw, ).

While there exists a growing literature on the political impact of social media on their
users ( : ; , ; , ; : ), the
indirect effects of social media through television coverage are far less understood. This

paper sheds light on the amplification of social media messages by television (TV) outlets.

The paper is organized into two parts. In the first part, I study how TV news outlets cover
politicians’ social media activities. In the second part, I investigate how this coverage
affects the political opinions of TV news’ audiences. In both parts, I focus on the coverage
of Donald J. Trump’s tweets by the three main U.S. cable news channels — CNN, Fox
News and MSNBC — both before and during his presidency.

In the first part of the paper, I study whether cable news outlets actively responded to
President Trump’s tweets — i.e., if the event of Trump tweeting caused cable outlets to
immediately alter the subject of coverage. To do so, I take advantage of not only the text
and the time of each of President Trump’s tweets, but also timestamped transcripts for
the universe of shows aired by CNN, Fox News and MSNBC. I leverage this information
to employ a high-frequency identification strategy. More specifically, I study how the

subjects covered by cable news shift in the minutes after the postings of Trump’s tweets.

I find that cable outlets shifted their attention to the issues tweeted by in a matter of
minutes. The posting of a Trump tweet about a given issue caused outlets to increase
coverage of that issue by an average of 1 minute and 28 seconds. In relative terms, this
means that a tweet by Trump translated almost immediately into a 4-fold increase in the
amount of time, within a day, that cable outlets spent on issues addressed by President
Trump’s tweets. Interestingly, this pattern holds for the three main cable networks — i.e.,
all TV channels shifted their coverage towards issues tweeted by Donald Trump within

minutes of a tweet having been posted.*

1Fox News is a predominantly conservative outlet and therefore could be expected to cover key conserva-
tive figures more intensely (see e.g., ; , ). While, on average,
Fox News spent more time on issues tweeted by President Trump compared to CNN and MSNBC, the
effects for all TV channels are significant.



These findings can be interpreted as causal effects under two identifying assumptions.
First, that Trump’s tweets were not caused by television news. In other words, that
President Trump did not regularly tweet in response to television news segments, elimi-

nating concerns of reverse causality.

To test the validity of this assumption, I estimate different event-study specifications to
document how cable news behaved minutes before a tweet was posted. I do not find any
evidence indicative of President Trump having regularly tweeted in reaction to cable news:
news coverage is consistently unrelated to President Trump’s tweets, minutes before a
tweet was posted. Moreover, in a robustness check, I allow cable outlets’ reactions to
differ according to how President Trump’s tweets relate to past cable news. As before, I
find that cable outlets covered Trump’s tweets irrespective of how these posts relate to
past TV broadcasts.?

Second, I assume that shifts in coverage happening close to a Trump tweet are unrelated
to other events determining both cable news’ broadcasts and President Trump’s tweets.
For example, a sports event may be followed both by a tweet from Donald J. Trump
and by a news story from a cable outlet, leading to a spurious correlation (i.e. omitted

variable bias).

This assumption is plausible given my high-frequency design, where I study cable news
coverage minutes before and after a tweet was posted. As a robustness check, I collect an
exhaustive dataset of online news to distinguish Donald J. Trump’s tweets according to
how these statements relate to neighboring events. Afterwards, I allow outlets to react
differently to posts that were seemingly related or unrelated to “neighboring” news (i.e.
proximate in time). Again, I find that outlets consistently responded to Donald Trump’s
tweets in a matter of minutes, irrespective of how these posts related to events that

happened close to posting.

These findings support the hypothesis that Donald Trump had an agenda-setting power
over cable news, insofar as his tweets caused changes in the distribution of content broad-

casted by TV news channels, within a day.

I provide three additional insights. First, I show that the average tone of cable outlets
became more positive when reacting to Trump’s tweets. This indicates that, in the short-
run, TV channels tended to report Donald Trump’s tweets, instead of interpreting them.

Second, I investigate the heterogeneity of coverage across time. While the estimated

2Note that this type of practice could have been viewed as plausible, a priori — different news reports
claim that Trump cleared significant shares of his schedule, both before and throughout his presidency,
in order to watch separate morning shows from alternative cable news outlets (see e.g., , ,

)



effects are largest during Donald Trump’s presidency, I find evidence of President Trump
having already had an agenda-setting power over cable news during 2016. Third, I focus
on the heterogeneity of coverage across topics and find that Donald J. Trump was able
to shift the coverage of cable news outlets, irrespective of the topic he addressed in his

tweets.

The second part of the paper studies how cable news’ coverage of President Trump’s
tweets affected public opinion during 2020. To do so, I take advantage of a novel dataset
featuring texts displayed on-screen by TV outlets. I first document every instance in
which President Trump’s tweets were explicitly covered by a cable news channel during
2020. Then, I map TV broadcasts of President Trump’s tweets to a large public opinion
survey. In particular, I use a unique set of survey questions to employ a high-frequency

differences-in-differences strategy.

More specifically, I compare Trump’s approval ratings from two different groups of news
consumers in the hours before and after cable outlets broadcasted a Trump tweet. To give
an example, take a situation in which a given outlet covered a Trump tweet - e.g., CNN.
In this case, I compare Trump’s approval ratings by CNN viewers with that of individuals
that do not watch cable TV news, for the hours before and after a tweet was covered. This
comparison yields a causal estimate for the effect of covering a Trump tweet on public
opinion under a parallel trends assumption. I corroborate this identifying assumption
by estimating different event-study regressions in which I compare the dynamics of the
approval ratings of each group of interest (individuals watch a specific cable outlet vs.

individuals that do not watch cable news), before the showing of a Trump tweet.

I find that a broadcast of a Trump tweet by CNN caused CNN’s viewers to decrease their
ratings of Donald J. Trump by 6 percent (i.e., relative to a group of individuals that do
not watch cable news and that are similar to CNN viewers across different demographic
characteristics). Then, I allow for heterogeneity by timing of coverage, to account for
the fact that cable news audiences are larger during primetime (from 6pm to 12pm; ,

). While I do not find an average effect for Fox News and MSNBC, there appears to
be an effect for coverage of Trump’s tweets during primetime broadcasts. In particular:
(1) the worsening of Trump’s views by CNN viewers is driven by showings of Trump
tweets during primetime; (2) an average primetime broadcast of a tweet by Fox News

causes Fox News’ viewers to significantly improve their ratings of President Trump.

Taken together, these findings suggest that the amplification of social media content by
cable news outlets significantly impacts political opinions of television audiences, poten-
tially contributing to their polarization. I interpret these results as a product of two main

effects - a priming and a framing effect. The priming effect refers to how cable outlets



expose their viewers to speci ¢ Trump tweets, reinforcing their audiences' priors concern-
ing Donald Trump. A topic analysis corroborates this interpretation, showing signi cant
di erences in the distribution of tweets covered by Fox News and CNN, respectively. The
framing e ect refers to how channels broadcast the same issue di erently, leading to di-
vergent opinions between audiences. In line with this interpretation, a sentiment analysis
shows that the coverage of Trump tweets by Fox News is signi cantly more positive than
that of CNN's.

This paper contributes to four strands of the literature. The rst is the agenda-setting
power literature (started by , : ). In particular, it relates
to a recent strand of work that studies the dynamics of agenda-setting on social media.

( ) show that U.S. congress-members, on Twitter, are more likely to
follow news coverage. ( ) and ( ) instead investigate
how politicians' social media posts relate to both online and o ine news outlet$. These
studies rely on correlation-based methods to study how politicians' online statements
relate to news coverage. | contribute to this literature by taking a causal stance. More
speci cally, | leverage on a high-frequency identi cation strategy and a rich set of news
data to present the rst causal account of a politician's agenda-setting power.

Second, the paper contributes to a strand of literature that studies the e ects of cable

TV news on outcomes as varied as voting behavior (see e.g., ,
; , ; , ), judicial decisions ( ,
), health behaviors ( , ), local government expenditure (

, ) and, local news production ( , #)More speci cally, the
current study sheds light on a potential mechanism through which cable can persuade
di erent actors { by the echoing of extreme content that can instead impact societal
perceptions about speci ¢ matters, groups or views @ la , ).

Third, the paper provides a direct contribution to the literature that investigates the polit-
ical e ects of social media on, among other outcomes, protest participation (
, ; : ) , political polarization ( , :
, ; , ), voting behavior ( , ; , )
and politicians' responsiveness to voters ( , 2027yhese studies focus on

8 ( ) nd that the agenda of U.K. parties on Twitter predicts issues addressed by a
subset of traditional U.K. news outlets (in television, radio and newspapers). ( )
document that the online agenda of Swiss politicians predicts and is predicted by the topics addressed
on newspapers.

4A related literature studies the e ects of television in general on voter turnout ( , ), social
capital ( , ), fertility decisions ( , ), political polarization (
, ), voting behavior ( ) ; )

5See ( ) for an extensive review of the literature.
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measuring the political impact of social media on their active users (from voters to politi-
cians). | provide the rst causal quanti cation of the spillover e ects of social media,
onto o ine audiences.

Fourth, a strand of the literature has focused on the e ects of social media on other non-
political outcomes® This paper is in close relation with a body of work that researches the
e ects of social media on news production ( , ; , ).
More speci cally, the current paper is closest to ( ), which shows
that the reporting of con ict events by U.S. cable outlets is shaped by how these events
are discussed on social media. The rst part of this paper provides a similar insight to

( ) by showing that social media events (here, political statements
instead of con ict-related discussions) cause changes in cable news coverage. Relative
to ( ), | further measure how these editorial decisions, shaped by
social media, a ect public opinion’

The rest of the paper is organized as follows: Section 2 shows how cable news outlets
covered President Trump's tweets, minutes after these tweets were posted; Section 3
goes on and investigates the e ect of these coverages on cable news audiences; Section 4
concludes.

2. E ect of Trump's Tweets on TV News Coverage

In this section, | document how U.S. cable news outlets actively covered President
Trump's tweets in real-time, both before and during Donald J. Trump's presidency.

Section 2.1 describes the data sources and variables used. Section 2.2 outlines the em-
pirical strategy. The main results are described in Section 2.3. Robustness checks are

presented in Section 2.4. Last, Section 2.5 extends the analysis by allowing for coverage

to vary along di erent dimensions.

2.1 Data
2.1.1 Sources

U.S. cable news transcripts . Timestamped transcripts for the three main cable news
stations in the U.S. - CNN, Fox News and MSNBC. This dataset covers close to the

SFor instance, on hate-crime ( , ; , ), future earnings
( , ) and, more recently, mental health ( , ).

’Adding to a recent strand in the literature that studies the impact of di erent forms of media on public
opinion outcomes collected from large opinion surveys (see e.g., , ; , ).
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universe of shows broadcasted from January 2015 to January 2021 (not included) by each
of these stations. It was kindly provided by the (Link).

Tweets by @realDonaldTrump . Timestamped tweets posted by Donald J. Trump's

Twitter account, ( ).8 This dataset covers the universe of tweets
posted by Donald J. Trump from January 2015 to January 2021 (not included). It was
made available by the (Link).

Social media posts by U.S. online newspapers . Text and timestamp for the universe

of Facebook (FB) posts and tweets posted by a comprehensive subset of U.S. national
newspapers, from January 2015 to January 2021 (not included). FB posts were collected
through ( ). Tweets were collected using the ( ).

2.1.2 Variables

2.1.2.1 Trump Tweets

In order to study cable news' coverage of President Trump's tweets, | rst count how
many tweets were posted by Donald J. Trump at ajuarter-hourly frequency(i.e., every
15-minutes). To focus exclusively on original statements issued by the President, | do not
count retweets. In addition, to Iter out statements of little general interest, | exclude
\short" tweets (e.g., tweets that are mainly composed of URLs or sentences such as
\ MAKE AMERICA GREAT AGAIN ").

In total, President Trump posted 20,568 tweets from 2015 to 2020. These statements
accounted for 15,607 15-minute periods in which at least one Trump tweet was posted (see
Table A.1.1). The number of tweets posted by President Trump increased signi cantly
over time, in particular during his presidency { from 2,500 tweets in 2017 to 5,000
tweets in 2020 (see Figure A.1.1). Interestingly, Donald J. Trump was more likely to
tweet during early mornings, between 7am and 9am (see Figure A.1.2).

2.1.2.2 Coverage Measures

In what follows, | describe the di erent measures that | use to assess how cable news
outlets covered the issues tweeted by President Trump. These measures focus on short
time windows, centered around Donald J. Trump's tweets { so-called event windows.

8President Trump's personal Twitter account. This account was created in March, 2009. It issued a rst
set of tweets in May, 2009. It was permanently suspended by Twitter on January 8, 2021.

°In Appendix A.1.1.1.1, | provide a formal de nition for \ event window'.



Extent of coverage . To rate cable news coverage from an extensive margin, | count
how many 3-word expressions (trigrams) were shared between the text of TV transcripts
and Donald Trump's tweets, the minutes before and after the posting of a tweet. This
measure rests on the implicit assumption that a sudden increase in the use of a tweet-
related trigram, the minutes after a tweet is posted, can be interpreted as indicative of
an outlet being covering the tweet to which that trigram belongs tg°

On average, the outlet that tended to share most trigrams with President Trump's tweets,
minutes before and after a tweet was posted, was Fox News (see Table A.1.2). Overall, the
similarity between cable news transcripts and Donald Trump's tweets was largest during
2018 (see Figure A.1.4a). In addition, cable news outlets were more likely to discuss those
issues tweeted by President Trump in the early morning, when Donald Trump tweeted
the most (see Figure A.1.4b)

Intensity of coverage . To quantify the intensity of coverage of cable news outlets,

| measure the amount of minutes that TV networks spent on tweet-related news, the
minutes before and after a Trump tweet was posted. This measure accounts both for
those instances preceding and following an explicit mention of a tweet-related issue. To
take into account that the addressing of a given topic is composed of three main stages: a
build-up, an explicit mention and, both a conclusion and a transition to another issug.

As with the extent of coverage, Fox News was the network that spent most time on
average discussing those issues tweeted by Trump, minutes before and after a tweet was
posted (see Table A.1.3). CNN spent more time on tweet-related issues during 2017; Fox
News and MSNBC instead covered these issues more intensely during 2019 (see Figure
A.1.5a). Within a given day, CNN covered tweet-related issues uniformly; Fox News and
MSNBC covered these issues more intensely during mornings (see Figure A.1.5b).

Sentiment of coverage . To describe the sentiment in coverage of President Trump's
tweets, | measure the tonality of tweet-related coverages by cable news outlets, the min-
utes before and after a tweet was posted. As before, | take as tweet-related coverages
those transcripts close to a mention of an expression tweeted by President Trump. | rate
the tone of coverage through a sentiment measure based on a set of dictionaries validated
by experts in Linguistics and Psychology ( , .

In general, Fox News was the network that covered the issues tweeted by President Trump
most positively (i.e., relative to CNN and MSNBC; see Table A.1.4). In addition, all cable

1%1n Appendix A.1.1.2.1, | provide a formal de nition for \ extent of coverageé.
n Appendix A.1.1.2.2, | provide a formal de nition for \ intensity of coverage'.

21n Appendix A.1.1.2.3, | provide a formal de nition for \ sentiment of coveragé.
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news outlets seem to have covered tweet-related issues in an abnormally sentimental
fashion during 2018 (see Figure A.1.6a). Third, and aligned with previous coverage

measures, all networks tended to cover these types of issues more positively in the early
morning (see Figure A.1.6b)

2.2 Empirical Strategy

To study how cable news broadcast evolved during the minutes before and after a Trump
tweet was posted, | estimate a standard event-study speci cation:

X % on=
Yow = nwt 1 =k tweets,, o T " w, (1)

2fC,FMg k=- 3,
k6- 1

wherey,, ,, stands for an outcome variable speci ¢ to network and relative time period

of event windoww (note: in what follows, stands for a 15-minute time period). , .
stands for a network window xed e ect, aimed at controlling for underlying macro fac-
tors that are assumed to a ect the coverage of each outlet dierenth? 1fn= ,k= g
stands for an indicator variable equal to one if network is network (where can be
CNN , Fox News or MSNBC) and relative time period is equal tok (wherek can go
from -3 to 3 and -1 is not included).tweets, o stands for a treatment variable indicating
how many tweets President Trump posted during relative time period O of event window
w. | is a standard event-study coe cient, speci c to network and relative time period
k. I estimate Eq. (1) through ordinary least squares (OLS) and | cluster standard errors
at a network  event window level.

The coe cient of interest, ,, should be interpreted dierently depending ony. To
start, if y rates whether a network covered issues addressed in Trump's tweets, thep,
measures the di erential change in the number of trigrams shared between networls
transcripts and Trump's tweets, k periods before (or after) a tweet was posted. After,
if y refers to how did a network cover tweet-related issues, in terms of time, then,
measures the di erential change in the amount of minutes that network spent on issues
mentioned in Trump tweets, k periods before (or after) a tweet was posted. Lastly, if
focuses on how did a network cover issues tweeted by Donald Trump, in terms of tone,
then, , measures the dierential change in the sentiment of network's coverage of
tweet-related issuesk periods before (or after) a tweet was posted.

B3This assumption is grounded on past media bias literature { ( ) and more
recently ( ) document signi cant di erences in each of these outlets' editorial choices.
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The underlying identifying assumptions necessary for, to be interpreted as a causal
estimate for how President Trump's tweets a ected cable news coverage are two-fold.

First, President Trump's tweets are assumed as not having been consistently caused by
cable news coverage. An example of a practice that violates this assumption is Donald J.
Trump having regularly tweeted in reaction to television news segment$. This type of
action would act as a confounding factor when estimating, . More speci cally, in this
case, any post-tweet change in coverage could be caused either by the posting of a tweet
or the continuance of a pre-tweet news piece (that led Donald J. Trump to tweet). Both
causes would be indistinguishable. To test for this assumption, | estimate Eq. (1) by
including a set of pre-tweet coe cients, to understand whether cable news often showed
any type of abnormal dynamics prior to the posting of a Trump tweet (an indication that
President Trump would have recurrently tweeted in response to cablé).

Second, any change in coverage that happened during an event window is assumed to be
orthogonal to other omitted variables relevant at explaining both cable news' coverages
and President Trump's tweets. An example of an event of this kind is a shooting { an
unexpected circumstance that immediately prompts both a reaction by President Trump
and a news piece by cable outlets. These types of episodes, if taken place within an event
window, would act as a confounding factor when estimating, . In particular, a shift

in coverage that was caused by a pressing news event could be spuriously interpreted as
having been driven by the reaction of President Trump to that same event. To argue in
favor of this assumption, | study cable news at an intra-hour frequency, to keep other
factors relevant at explaining cable news coverage as constant as possible.

A nal identi cation concern relates to how regularly President Trump tweeted within
a day. In fact, Donald J. Trump's tweets were often posted at such high frequencies
that di erent event windows partially overlap across calendar time/*® This type of

14 A practice that could be viewed as plausible, a priori { di erent news reports claim that Donald J.
Trump cleared signi cant shares of his schedule, both before and throughout his presidency, in order
to watch separate morning shows from alternative cable news outlets (see e.g., , , )

15To address any remaining endogeneity concerns that might be caused by reverse causality, in section
2.4 | estimate a version of Eq. (1) in which | allow cable outlets to react di erently to a Trump tweet
according to how that tweet related to past cable news coverage.

®Moreover, to tackle any additional endogeneity concerns driven by omitted variables, in section 2.4 |
leverage on an exhaustive self-collected dataset of online news to estimate a version of Eg. (1) that
controls for breaking news events.

17See Figure A.1.7 for an illustration of two partially overlapping event windows (across calendar time).

Bpresident Trump tweeted a total of 20,568 tweets from 2015 to 2020. These tweets map into 15,607
event windows. 12,441 (80%) of these patrtially overlap across calendar time (taking event windows as
time intervals with a duration of 1h45m, as in Eq. (1); note that longer event windows translate into
more overlaps { e.g., windows that stretch for 3h15m map into a 90% overlapping rate).



overlap can be problematic from an identi cation standpoint for outcomes that are not
event window speci ¢! In these instances, pre and post-tweet periods are not clearly
distinguishable between each othe¥.

To address this issue, | rst implement a stacked design as in ( ).
More speci cally, | restrict myself to studying outcomes that are de ned around event
window speci c factors (in this case, coverage measures focused exclusively on those issues
addressed on President Trump's tweets, that di er across event windows). This type of
design allows for an unbiased estimation of, if and only if the event windows used to
estimate Eqg. (1) do not overlap in simultaneous across calendar time and contéht?

To comply with this precondition, | estimate Eq. (1) by using only event windows that do
not overlap in simultaneous across calendar time and content. In theory, this restriction
implies that |, should be interpreted as local coe cients, specic to those tweets that
are not closely followed in time by statements that are similar in terms of content. In
practice, this class of posts is representative of Donald J. Trump's tweets, thus, may
be interpreted as how an average Donald Trump tweet impacts cable news cover&age.

2.3 Main Results

2.3.1 Extent and Intensity of Coverage

| rst study whether President Trump's tweets were picked up by cable news outlets,
minutes after being posted. After, | measure the amount of time that cable outlets spent
on discussing the issues addressed in these same tweets.

9Examples of outcomes that are not event window speci ¢ are coverage measures focused on themes
that are common across calendar time { e.g., number of minutes devoted to news stories that explicitly
mention \Trump".

20In essence, for those windows that partially overlap across calendar time, a subset of pre-tweet pe-
riods from specic event windows will be mistakenly taken as post-tweet periods in other event
windows. Similar to a di erences-in-di erences setting with staggered treatment where newly and
already-treated units are erroneously compared as treated and not-treated units (see

; : ; : ; : )-

2lWhereby content refers to the issues tweeted by Donald J. Trump during each event window. See
Figure A.1.8 for an illustration of two partially overlapping event windows (across calendar time and
content).

221,263 (8%) event windows partially overlap in simultaneous across calendar time and content (taking
event windows as time intervals with a duration of 1h45m, as in Eq. (1); again, wider event windows
imply more overlaps { windows of 3h15m generate an overlapping rate of 14%).

23This class of tweets accounts for more than 90% of Donald J. Trump's tweets (see Figure A.1.9) and
it mimics particularly well Donald J. Trump's within-day tweeting patterns (see Figure A.1.10).
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Event-studies . Panel 2.3.1a plots the coe cients for an event-study regression that
has as dependent variable an extent of coverage measure (a textual similarity measure
comparing the transcripts of cable news outlets with the tweets from Donald J. Trump

{ in trigrams). Panel 2.3.1b instead shows the coe cients for a similar regression where
now the dependent variable is an intensity of coverage measure (a variable measuring
how much time cable outlets spent on tweet-related issues { in minutes).

(a) Extent of coverage

(b) Intensity of coverage

Figure 2.3.1: Event-study estimates { extent and intensity of coverage . Panel

(a) refers to an event-study regression, as in Equation 1, where the dependent variable
is an extent of coverage measure (in trigrams; as de ned in A.1.1.2.1). Panel (b) refers
instead to an event-study regression, as in Equation 1, where the dependent variable is
an intensity of coverage (in minutes; as de ned in A.1.1.2.2). Error bars refer to 95%
con dence intervals drawn from standard errors clustered at a network window level.
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Both panels suggest two sets of results. To start, the average relationship between cable
news coverage and President Trump's tweets did not su er any signi cant changes minutes
before a tweet was posted. This result holds both from an extensive and an intensive
margin. It suggests that President Trump did not tweet often in reaction to cable news
broadcasts, a necessity if the post-tweet coe cients in Eq. (1) are to be taken as causal
estimates for how a Trump tweet a ected cable news coverage.

Second, the posting of a Trump tweet caused persistent changes in cable news coverage. In
particular, those discussions being held on cable news outlets converged towards President
Trump's tweets, in terms of content, within minutes after the posting of a Trump tweet.
Again, this nding holds both from an extensive and an intensive margin. It suggests
that President Trump was able to shift the coverage of cable outlets through his tweets,
thus, having an agenda-setting power over cable news channels.

Pre-posts . To translate the previous event-study coe cients into coarser, more inter-
pretable, estimates, | rst aggregate the extent and intensity of coverage measures into
pre and post-tweet periods. Afterwards, | estimate the following pre-post speci cation:

X n=
Yowp = nw ¥ 1 p=1 tweetsy  post + " nwp (2)
2fC,FMg

where p stands either for apre (= 0) or a post-tweet (= 1) period (in what follows, p

can stand for a 45m, 1h30m or 2h15m time periody , ,, , Stands for an aggregated
coverage measure (e.g., an extent of coverage measure, as described in Section 2.1.2.2,
aggregated at a 45m time frequencytyveets, stands for a treatment variable indicating

how many tweets President Trump posted during event window. . is a standard
post-treatment coe cient, speci ¢ to network

Tables A.1.8 and A.1.9 present the coe cients from estimating Eq. (2) for the extent
and the intensity of coverage measure, respectively. In both tables, column 1 refers to
a speci cation in which | compare cable news coverage 45 minutes post vs. 45 minutes
pre a Trump tweet. Columns 2 and 3 show similar comparisons, for longer time periods.
More speci cally, column 2 compares cable news coverage during 1h30m periods while
column 3 focuses on 2h15m periods.

As expressed in column 3 of Table A.1.9, I nd that a posting of one Trump tweet about

a given issue caused cable outlets to increase their coverage of that issue by, on average,
1m and 13s (during the 2h15m after the posting of a tweet). In relative terms, this added
coverage meant a 4-fold increase in these outlets' tweet-related coverages (relative to their
pre-tweet average). Moreover, | do not nd any signi cant di erences across outlets in
terms of how each of these reacted to the posting of a Trump tweet.
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2.3.2 Sentiment of Coverage

After establishing that President Trump's tweets tended to be covered by TV news out-
lets, minutes after being posted, | turn to how were these tweets covered, in terms of the
tone being used by each outlet.

Event-studies . Figure 2.3.2 plots the coe cients for an event-study regression where
the dependent variable is a sentiment of coverage measure (a variable measuring the tone
used by each outlet to discuss the issues addressed in President Trump's tweets).

Figure 2.3.2: Event-study estimates { sentiment of coverage . The gure plots the

coe cients for an event-study regression, as in Equation 1, with the dependent variable
being a sentiment of coverage measure (based on a dictionary-based sentiment score;
as dened in A.1.1.2.3). The error bars refer to 95% con dence intervals drawn from
standard errors clustered at a network window level.

As before, the gure shows two di erent results. First, those issues addressed in President
Trump's tweets were not a target of an abnormally positive or negative coverage, minutes
prior to a tweet. This nding corroborates previous results that Donald J. Trump's
tweets were, on average, independent of past cable news coverage. In particular, given
that Donald Trump did not tend to tweet, on average, about issues that were a target of
unusually charged coverages.

Second, cable outlets used a slightly positive sentiment when reacting to Trump's tweets.
Moreover, these channels did not exhibit signi cantly di erent tones of coverage across
themselves (when reacting to a Trump tweet). These ndings suggest that the immediate
coverage of President Trump's tweets by cable news outlets was more focused on an
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objective reporting of President Trump's tweets rather than a subjective, and possibly
network-speci c, interpretation of these statements.

Pre-posts . Table A.1.10 presents the estimates for a pre-post regression focused on the
sentiment of coverage. As before, these estimates point towards a scenario in which all
three outlets tended to report President Trump's tweets hours after a tweet was posted.
This reporting seems to have been rather similar in sentiment across outlets (irrespective
of which pre-post speci cation one focuses on).

2.4 Robustness Checks
2.4.1 Reverse Causality Concerns

As discussed in Section 2.2, previous estimates can be biased due to reverse causality.
More speci cally, changes in coverage after a Trump tweet can be either due to President
Trump tweeting or to the continuation or severance of a pre-tweet news story (which
instead prompted Donald Trump to tweet initially). In this section, | tackle these concerns

by allowing outlets to react di erently to President Trump's tweets according to how these
tweets related to past cable news.

| start by identifying when were cable news transcripts most similar to President Trump's
tweets. To do so, | leverage on a textual similarity measure that compares the text of
cable news transcripts with the text of Donald J. Trump's tweetg* After, | label those
event windows in which President Trump's tweets shared an abnormally large number of
textual features with pre-tweet cable news transcripts as intervals in which Donald Trump
was likely to have tweeted in reaction to cablé> Last, | extend Eq. (1) as follows:

Yow = nwt 1fw2 Relatedy  rejated + 3)
(1- 1fw 2 Related) unrelated " nw,

where 1 fw 2 Relatedy stands for an indicator variable equal to one if and only if the
tweets posted by Donald Trump during event windoww are seemingly related to past
cable news coverage and,

2AThat is, the extent of coverage measure described in Section 2.1 and de ned in A.1.1.2.1.

25Whereby \an abnormally large number of textual feature$ means the similarity measure between
Donald Trump's tweets and cable news transcripts going above a given threshold. In what follows, |
report results referent to a two standard deviation threshold. Note nonetheless that these results are
robust to the similarity threshold chosen.
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X x3 n=

2fC,FMg k=- 3,
ke- 1

where " stands for a standard event-study coe cient speci ¢ to how network varied
its coveragek periods before (or after) a -related tweet (where a Y-related tweet' stands
for a tweet that was either related or unrelated to past cable news coverage).

Estimating Eq. (3) yields two main results. First, cable news networks turned their
attention away from the issues addressed by Donald J. Trump whenever President Trump
seemed to tweet in reaction to cable news broadcasts (see Panel A.1.12a, Panel A.1.12b
and Figure A.1.13b). This pattern is consistent with a scenario in which Donald Trump
tweeted in response to a speci c news story which was then severed by cable outlets,
post-tweet.

Second, the ndings discussed in Section 2.3 { i.e., cable outlets actively followed Pres-
ident Trump's tweets with their coverage { are entirely driven by the event windows
in which Donald J. Trump tweeted independently of past cable broadcasts (see Panel
A.1l.11a, Panel A.1.11b and Figure A.1.13a). This result casts aside any remaining re-
verse causality concerns. Most importantly, it corroborates the previous results, that
President Trump was able to shift the attention of cable news outlets by tweeting.

2.4.2 Omitted Variable Concerns

Past results can be driven by omitted variables that happened either within or close to an
event window. In particular, changes in coverage close to a Trump tweet can be either due
to President Trump tweeting or to unobserved news events that prompted both Donald
J. Trump to issue a tweet and cable news outlets to air a speci c news piece. In this
section, | address these concerns by studying whether cable outlets reacted di erently to
Trump's tweets according to how these tweets related to ongoing news events.

To do so, | rst construct a similarity measure that compares the text of Donald J.
Trump's tweets with the text of the online news that were posted up to 6 hours before
or after a tweet was posted® Second, | leverage on this measure to distinguish across
Trump's tweets according to how these tweets related to neighboring online newsThird,

26See Section A.1.1.3 for a set of accompanying descriptive statistics.

2TIn particular, | distinguish between two types of statements: (a) tweets seemingly related to recent
(or upcoming) news (i.e., statements that share an abnormally large number of textual features with
neighboring online news) and (b) tweets seemingly unrelated to pressing news event (i.e., documents
that share either a standard or a low number of textual features with recent or upcoming online news).
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| extend Eqg. (1) similarly asin (3), i.e., | allow cable outlets to react di erently to Trump's
tweets according to how these tweets related to current news stories.

| nd that cable news outlets shifted their coverage towards those issues tweeted by
President Trump irrespective of how each tweet related to current news events. In other
words, Donald J. Trump was able to shift the attention of cable news networks even when
the statements in his tweets were seemingly unrelated to neighboring news events (see
Panels A.1.14a, A.1.14b and A.1.16&f These ndings rule out any residual omitted
variable concerns related to past results.

2.5 Heterogeneity Analyses
2.5.1 Heterogeneity by Year

Past estimates hinge on the assumption that the reaction of cable outlets to Trump tweets
was homogeneous over time. This assumption can be rebated from di erent angles. An
interesting proposition is that the coverage of Trump tweets was exclusively motivated
by Donald Trump's role as President. An implication of this would be that cable outlets
only started to cover Trump tweets after 2016. This would have important rami cations

in terms of how Trump's social media presence impacted his 2016 presidential run.

In this section, | allow cable outlets to have heterogeneous responses to Donald J. Trump's
tweets over time. In particular, | extend the pre-post regression laid out in Eq. (2) as
follows:

2 3
8020 X w2 year,
Yowp = nw + 4 1 »=, tweets,  poxt S+ wp (@)
year=2015 2 fCFMg p=1

where \w 2 year" stands for window w having happened during year" (where \year"
can go from 2015 to 2020). ,.&* instead is a standard pre-post coe cient measuring
how network tended to react to Donald J. Trump's tweets during a speci c year.

Two results are visible. First, cable outlets started to follow President Trump's tweets in
20162° This result holds for all three dimensions of coverage (see Figures A.1.17, A.1.18

28Note nonetheless that these shifts were larger in magnitude when related to tweets that addressed
neighboring news events (see Panels A.1.15a, A.1.15b and A.1.16b)

29To be more speci ¢, the posting of a Trump tweet on a given issue (in 2016) caused cable outlets to
increase their coverage of that specic subject by 1m (up to 2h15m post a Trump tweet). This
estimate is stable across networks (i.e., all outlets, during 2016, reacted similarly to Trump's tweets).
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and A.1.19). This suggests that Donald J. Trump already had an agenda-setting power
over cable news outlets as a presidential candidate.

Second, cable news outlets did not follow Trump's tweets uniformly across time. In fact,
these outlets' coverage was stronger in 2017. It then reduced in magnitude at a seemingly
linear rate from 2017 onwards® This pattern suggests an underlying process of learning
about audiences' preferences regarding Trump's tweets.

2.5.2 Heterogeneity by Topic

The previous results assume that the reaction of cable news outlets to Donald J. Trump's
tweets was not a function of the content being addressed on each statement. Cable outlets
nonetheless cater to audiences with signi cantly di erent political leanings ( , )
and are thus expected to not only devote more time of their broadcasts to those topics
preferred by their viewers but also to address these topics with varying tones (see e.g.,

: )i

In this section, | allow for Trump tweets to impact cable news coverage di erently accord-
ing to their topic. More speci cally, | rst draw from recent developments in the Natural
Language Processing (NLP) literature to classify Donald J. Trump's tweets into an array
of 10 interpretable topics®® After, | extend the pre-post regression laid out in Eq. (2)
similarly to Eq. (4). That is, | allow cable news outlets to react di erently to President
Trump's tweets according to the content being addressed on each of these statements.

One result stands out { contrary to what would be expected, cable news outlets tended to
cover all types of Trump tweets (from tweets related to immigration to tweets concerning
foreign policy; see Figures A.1.21). Moreover, | do not nd any evidence of cable outlets
having followed a signi cantly di erent coverage of Trump tweets, both in terms of how

S0Estimates for 2020 can be seen as counter-intuitive. In fact, during an electoral year, it would be
expected that cable outlets would have increased their coverage of Donald J. Trump's statements
instead of further decreasing it. Still, this result can be potentially explained by Covid crowding out
cable and broadcast news ( , ).

311n other words, only a share of these statements is interesting to channels' audiences. News channels
learn this over time, progressively narrowing down those statements that are covered, to cater to
audiences' preferences.

32An alternative argument that can be made in favor of outlets being expected to react di erently to
di erent contents is a supply argument { i.e., the editorial bodies of each outlet being idiosyncratically
biased, this bias causing each outlet to focus on di erent distributions of tweets (e.g., , ).

33These topics span issues as di erent as \immigration”, \news media", \economy", \foreign policy" and
more. See Table A.1.11 for a description of each topic. These topics are inferred via a semi-supervised
topic model (a CorEx topic model; , ) which is estimated using a set of topic
anchors that are instead inferred from a bootstrap-like routinea la ( ). Appendix
A.1.5.2 provides additional detalils.
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much time did each outlet spend on speci c topics (see Figure A.1.22) and in terms of
the average tone being used to cover speci c contents (see Figure A.1.23).

3. Eect of TV News Coverage of
Trump's Tweets on Public Opinion

In this section, | study how the coverage of President Trump's Tweets by cable news
outlets a ected the opinions of cable news' audiences about Donald J. Trump.

In Section 3.1, | introduce a set of new data sources and | describe the variables used.
Section 3.2 presents the empirical strategy. | discuss the main results in Section 3.3.
Section 3.4 shows di erent robustness checks. Last, in Section 3.5 | review alternative
heterogeneity analyses.

3.1 Data

3.1.1 Sources

Text broadcasted by cable news outlets . Text displayed on-screen by CNN, Fox
News and MSNBC, from January 2020 to January 2021 (not included). This dataset
has been assembled due to a (Link) Covid-19 research grant awarded to
a partnership between the (Link) and (Link) { seehere for
more details.

Public opinion concerning President Trump . Data on timestamped interviews,

each interview having (i) a set of news consumption questions and (ii) questions regarding
Donald J. Trump, both as a president and as a presidential candidate. Collected as part
of a large public opinion survey from January 2020 to January 2021 (not included), by

(Link)3*

%4The (Link) survey was employed in weekly waves, from July
2019 until January 2021. This was a large public opinion survey that interviewed 6,250 individuals
during each week, to measure public opinion for a sample representative of the U.S. adult population.
1,000+ individuals were interviewed within each day. Interviews were conducted online, be it through
a networked computer or a mobile device, and were designed to be completed in a 15-minute span.
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3.1.2 Variables

Broadcasts of Trump tweets . | match the texts being shown on-screen by cable news
outlets with the text of Donald J. Trump's tweets to construct two sets of complementary
variables: (1) three indicator variables, each indicator being referent to a speci c outlet,
identifying those instances within a day in which an outlet explicitly shown a Trump
tweet on-screen; (2) a set of accompanying variables with information about the length
in time of each of these broadcasts (measured in seconds).

In total, cable outlets showed 16+ hours of imagery featuring a Donald J. Trump tweet
(see Figure A.2.1). Interestingly, short-run coverages of Trump tweets (i.e., broadcasts
that happened up to 3 hours after the posting of a tweet) represented only 12 percent of
the total amount of time that cable networks spent covering these statements (see Figure
A.2.2). Lastly, while Fox News spent more time covering President Trump's tweets, CNN
was more likely to broadcast a Trump tweet during primetime (see Figure A.2.3).

Trump approval rating . | am able to measure how did the approval rating of Donald
Trump varied within a day for a given news audience by using three di erent sets of
( ) questions:

(1) When did each interview start (the date and the time in UTC timezone { this
information was automatically collected at the start of each interview);

(2) An approval ratings question asking do you approve or disapprove of the way
Donald Trump is handling his job as president?(allowing individuals to respond
along a 1 to 5 scale where 1 stands fostrongly disapprové, 2 stands for \somewhat
disapprove, 3 stands for \not sure”, 4 stands for \somewhat approveand, 5 stands
for \ strongly apprové);

(3) A news consumption question { have you seen or head news about politics on any of
the following outlets in the past weeK? with an exhaustive set of possible answers.
To be more speci c, this question allowed respondents to provide information not
only about their cable news viewership (i.e., which cable outlet(s) each respondent
use to get their political news { if CNN, Fox News, MSNBC, a combination of
these three or none) but also their social media presence (whether individuals used
\ social media (e.g., Facebook, Twittet)as a source of political news).

Panel (a) of Figure A.2.5 shows the average Trump approval rating for four groups of
news consumers. Namely, individuals that (a) only watch CNN, (b) only watch Fox News,
(c) only watch MSNBC and (d) do not watch any type of cable news. Three patterns are
clearly visible: (1) CNN and MSNBC viewers tended to rate Donald Trump badly; (2)
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individuals that do not watch cable news seem to have been neutral relative to Trump;
(3) Fox News viewers rate Donald J. Trump in a particularly positive fashior?

3.2 Empirical Strategy

To study how did the cable news coverage of Trump's tweets a ected the views of ca-
ble news audiences, regarding President Trump, | estimate the following di erences-in-
di erences event-study speci cation:

trump_approval g nw, = gnw* Xi+ 1 fg: \watches g
X x3 n= 5
1 _ k, broadcast, w,o kT nw, ©)
2fC,FM g k=- 3,
ke- 1

wheretrump_approval 4 , ., Stands for the rating that individual i of group g gave to
Donald J. Trump during relative time period of event window(n,w).*%3" |, stands
foragroup network window xed e ect aimed at controlling for, among other aspects,
time-varying macro factors that are assumed to a ect di erently how each group of news
consumers rates Trump.broadcast, , o IS a treatment variable that measures how much
time network n spent showing a Trump tweet on-screen during relative time period O of
window w.*® , is a standard di erences-in-di erences event-study coe cients specic
to network and relative time periodk. X; is a set of individual-speci ¢ controls®® |
estimate Eq. (5) through ordinary least squares (OLS) and I cluster standard errors at a
group network event window level, accordingly.

The coe cient of interest, , , is estimated by comparing the ratings of Donald J. Trump
as President across two di erent groups of news consumers: (a) individuals that watch

35Encouragingly, these patterns are aligned with each of these audiences' political leanings. In fact, CNN
and MSNBC's viewers tend to be signi cantly more liberal than Fox News audiences ( , ).

36Note that g can stand either for (a) a group of individuals that only watch n and simultaneously do
not consume any online news (labelled aswatches i) or (b) a group of respondents that do not watch
cable news nor consume any online news.

37In what follows, stands for a 3-hour time period. Furthermore, an \event window(n, w)" refers to a
narrow time interval centered around an instance in which networkn explicitly showed a Trump tweet
on-screen.

38Rescaled so that it has an observed mean of 0 and a standard deviation (S.D.) equal to 1. Note that
this re-scaling is done for each outlet separately, to account for di erences in broadcast across networks.

39Namely, age, race, gender, census region, education and household income.
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outlet versus (b) individuals that do not watch cable new&’*! This coe cient can
provide a causal estimate for how the coverage of a Trump tweet by networka ects

the views that the audience of that network has about President Trump, under a parallel
trends assumption. In other words, , can be interpreted as causal if the Trump ratings
from both groups of news consumers would have evolved in parallel had a tweet not been
broadcasted by outlet . To corroborate this assumption, | estimate Eq. (5) with a set
of pre-broadcast coe cients, to test whether both groups rated Trump similarly prior to

a broadcast of a Trump tweet!?

Conditional on this assumption, the interaction between group and network window
xed e ects allows me to control for a host of factors that could act as confounders when
interpreting . To start, | am able to control for time-invariant di erences in Trump's
ratings, across audiences. To give an example, individuals that do not watch cable news
may have been consistently more moderate than cable viewers. This would make them
rate Donald Trump more neutrally. Not controlling for this fact could then give rise

to overstatements when interpreting , . In particular, in this case, , would not only
measure the e ect of a Trump tweet being shown on cable on cable news audiences but
it would also speak to the average di erences across the Trump views of both groups of
news consumers.

Second, | rule out time-variant factors that a ect both groups homogeneously. An ex-
ample of an episode of this type is a school shooting. This is an event that is likely to
be covered equally across news sources and thus, is expected to dictate similar changes
in both groups' views about Trump. Third, | cast aside concerns related to time-variant
factors that a ect groups heterogeneously. An example of an event of this kind would be a
political scandal, an event that is likely to be covered asymmetrically across news sources
(i.e., cable vs. non-cable). This asymmetry in coverage would translate into each group
of news consumers updating their Trump views di erently. Not controlling for these dif-
ferences could give rise to either an under or over interpretation of, , depending on how
both sources di ered over time in terms of their coverage of these matters.

4070 better argue that those individuals taken as treated and control were respectively exposed and not
exposed to a Trump tweet, | further restrict this comparison to respondents that do not use social
media to gather their political news. This second restriction is put in place to avoid cases in which
respondents are aware of a Trump tweet from sources other than cable, that are likely to cover Trump's
activities on Twitter (in this case, online news outlets).

41Again, a one standard deviation (S.D.) speci ¢ to outlet : for CNN, a 1 S.D. long broadcast translates
into a showing of 14 seconds; for Fox News, a showing of 17 seconds; for MSNBC, a showing of 18
seconds.

42Moreover, | perform di erent balance tests to argue that both groups were similarly \identical" both
pre and post Trump tweets showings (i.e., \identical" along an array of demographics relevant at
explaining support for Trump, conditional on those xed e ects used to estimate Eq. 5).
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A last identi cation concern relates to how often did cable outlets cover Donald Trump's
tweets within a day { in fact, TV channels tended to explicitly show Trump tweets on-
screen on average 3 times a day. Such a recurrent coverage of Trump tweets gives rise
to event windows that partially overlap across calendar time (both within and across
cable outlets)?* This type of overlap across event windows does not allow for a clear cut
distinction between pre and post-broadcast periods, biasing, .**

To address this issue | proceed in two ways. As in Section 2.2, | rst implement a
stacked design (see e.qg., : ). In particular, | restrict myself to studying
an event window speci ¢ treatment group (i.e., within an event window 1, w), | take as
treated those individuals that claim to only watch outlet ). This restriction allows for
an unbiased estimation of , if and only if those event windows that share a same outlet
do not partially overlap across calendar timé>#°

Second, to partially address this pre-requisite, | assume that only abnormally long types
of coverages have a non-zero treatment e ect. Then, | estimate Eq. (5) by using only
those event windows that do not partially overlap across time with event windows from a
same outlet where a Trump tweet was shown during an abnormally long period of time (2
S.D. 37 seconds}! This sample restriction comes with implications for how , should

be interpreted. In particular, theoretically, , should be interpreted as a local coe cient

speci c to those broadcasts that were not closely followed in time by other showings, from
a same outlet, that took a signi cant amount of time. In practice, this class of broadcasts

43Cable outlets broadcasted Trump's tweets 3,055 times during 2020 (CNN showed a Trump tweet on-
screen 864 times, Fox News 1,114 times, MSNBC 1,077 times). 2,951 (97%) of these windows partially
overlap across calendar time (taking event windows as time intervals with a duration of 15h, as in Eq.
5; note that longer event windows translate into more overlaps { e.g., windows that stretch for 33h
map into a 100% overlapping rate).

44 As described in Section 2.2, for those windows that partially overlap across calendar time, a subset of pre
and post-broadcast periods from speci ¢ event windows will be wrongly taken as post and pre-broadcast
periods in other event windows, respectively. Again, similar to a di erences-in-di erences (DiD) setting
with staggered treatment (see , ; , ;

, ). Or, more speci cally, comparable to a DiD setting with multiple treatments where
coe cients referent to a speci ¢ treatment are contaminated with information from di erent treatments

( , )-

4SMoreover, | restrict control units to never-treated types of individuals. First, by taking individuals
that do not watch any type of cable news. Second, by further restricting myself to studying a subset
of these individuals that are not on social media, thus, being signi cantly less likely to be aware of a
Trump tweet (i.e., being treated) from other sources.

46\Within outlets, 1,509 (49%) event windows partially overlap across calendar time (taking event windows
as time intervals with a duration of 15h, as in Eq. (5); again, wider event windows imply more overlaps
{ windows of 33h generate an overlapping rate of 94%).

47] corroborate this assumption by estimating an extension of Eq. (5) in which | allow for cable news
audiences to react di erently to a showing of a Trump tweet according to a duration of a showing (in
particular, if below or above median).
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appers to be representative of cable outlets' showings of Trump tweets, meaning tha,
can be interpreted as an average treatment e ect

3.3 Main Results

Event-studies . Panels 3.4.1a, A.2.8a and A.2.8b plot the coe cients from estimating
Eq. (5). Panel 3.4.1a refers to the coe cients that are speci c to CNN showings. Panels
A.2.8a and A.2.8b show similar estimates for Fox News and MSNBC, respectively.

Two results stand out. First, CNN's broadcasts of Trump tweets caused CNN viewers to
worsen their views about Trump hours after a broadcast. More speci cally, a 1 standard
deviation (S.D.) long showing of a Trump tweet caused an average 6 percent decrease in
CNN viewers' ratings of Trump (in between 3 to 9 hours post a CNN broadcast; relative to
individuals that do not watch cable news and are similar to CNN viewers across di erent
demographic characteristics)?

Second, | do not nd any such results for Fox News and MSNBC. This second set of
results should be interpreted with caution, nonetheless. In an heterogeneity analysis to
be discussed in Section 3.4, | show that the broadcast of Trump tweets by Fox News caused
real changes in how Fox News viewers rated Donald Trump. Alternatively, the estimates
referent to MSNBC are likely to be underpowered due to a severe under-representation
of MSNBC viewers on the estimation sample of Eq. (5).

Pre-posts . The previous trends in public opinion were not persistent over time. In
particular, CNN viewers seem to have consistently reverted back to their pre-broadcast
priors 12 hours after a 1 standard deviation long showing of a tweet. To rate then whether
this temporary shift in opinions translated into a signi cant post-broadcast development
in how cable news viewers evaluated Donald Trump, | estimate the following pre-post
regression:

trump _approval g nw, = gnwt Xi + 1 fg: \watches g
X n=, ) (6)
1 > 0 broadcast, w, o post T " nw,
2fCFM g

48|n particular, this class of showings represents 87% of all broadcasts made by cable outlets (see Figure
A.2.6). Moreover, it follows well cable outlets' within-day broadcast patterns of Trump's tweets (see
Figure A.2.7).

49Both groups of news consumers are indiscernible along a wide array of demographic controls (age, race,
gender, income and education) after controlling for group network window xed e ects (see Table
A.2.3 for more details).

50Both in absolute terms and relative to CNN and Fox News { see Table (A.2.1).
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where . stands for a standard di erences-in-di erences post coe cient that measures
on average how a viewer of network compared with an individual that did not watch
cable news (i.e., in terms of how both individuals rated Donald Trump, post a showing).

Table A.2.4 shows the coe cients from estimating Eq. (6). On average, a 1 standard

deviation long CNN showing of a Trump tweet caused CNN viewers to revise their Trump

ratings negatively by 2 percent (p-value 0.196). This result reinforces previous estimates
{ an average broadcast of a Trump tweet on CNN caused this outlet's viewers to revise
their views about Donald J. Trump downwardly; these same updates in how CNN viewers
rated Donald Trump as President were nonetheless short-livéd.

3.4 Robustness Checks
3.4.1 Parallel Trend Concerns

The past results can be driven by individuals that do not watch cable news thus, being
likely unrelated to the broadcasting of Trump tweets by cable outlets. To give an example,
news events that would be expected to in uence how individuals rate Donald Trump
could be exclusively covered by non-cable outlets hours after cable networks broadcasted
Trump's tweets. In this case, respondents that do not watch cable news would be expected
to revise their views about Trump after a cable news broadcast of a Trump tweet.

To rule out then concerns that the previous ndings were exclusively driven by individuals
that do not watch cable news, | extend Eqg. (5) to allow both audiences to rate Donald
Trump di erently along each event-window:

trump_approval g nw, = gnwt 1fg: \no cable' g
(7)
\no cable® 1f g: \watches 1 g \watches n* + Xi + " nw,
where,
X x3 n=
= 1 _ K broadcast, w, o k'r

2fCFMg k=- 3,

k- 1

51The post coe cients referent to Fox News and MSNBC are in absolute terms two orders of magnitude
smaller than those from CNN (with p-values of 0.394 and 0.732, respectively).
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and '" is a standard event-study coe cient measuring how group rated Donald J.

Trump k periods away from a one standard deviation long showing of a Trump tweet by
cable outlet

Encouragingly, the estimation of Eq. (7) corroborates previous results. Namely, those
changes in Trump's approval ratings taking place hours after a CNN showing of a Trump
tweet are exclusively driven by CNN viewers worsening their opinions concerning Pres-
ident Trump (see Panel 3.4.1b). Alternatively, the audiences from both Fox News and
MSNBC do not change their views about Trump hours after a showing of a tweet by
these outlets (see Panels A.2.9a and A.2.9b respectively).

3.4.2 Omitted Variable Concerns

A similar concern relates to whether the individuals that watch speci c cable outlets
changed their views hours after a showing of a tweet only because of that showing or,
alternatively, also due to a news event that was only covered by speci ¢c news outléts.
An example where this could happen would be a pressing event related to Donald Trump
{ e.g., an anti-Trump statement by Democrat congress-members { that would prompt
speci c outlets to air a story where a tweet related to that same issue would be shown.

To address this issue, | proceed as in Section 2.4.2. | rst construct a similarity measure
that compares the text of the tweets broadcasted on-screen at each event window with
the text of the news posted online up to 18 hours before and after each showing. After,
| distinguish broadcasts according to how the tweets covered in each showing related to
neighboring news. Last, | estimate a version of Eg. (5) in which | allow individuals to
react di erently to broadcasts that are related and unrelated with recent news.

The estimation of this extended equation authenticates previous ndings. In particular,

a showing of a tweet by CNN caused CNN viewers to revise their opinions about Trump
downwardly, independently of how the tweet being shown on-screen related to recent
news (see Panels A.2.10a and A.2.10a for tweets seemingly unrelated and related to
neighboring events, respectively). As before, Fox News and MSNBC viewers were on
average insensitive to both types of showings (see Figures A.2.12 and Figures A.2214).

52Thus, possibly not a ecting individuals that do not watch cable.

53|n addition, to understand whether these ndings were exclusively driven by cable news viewers (i.e., to
rule out those concerns tackled in Section 3.4.1), | estimate an extension of Eq. (7) where | allow each
group of news consumers to rate Donald Trump di erently along two di erent types of cable broadcasts:
showings of tweets that were seemingly related and unrelated to neighboring news stories, accordingly.
This exercise further corroborates previous conclusions: a CNN showing of a tweet unrelated to recent
news caused a deterioration of Trump's approval ratings only for CNN viewers (see Panel A.2.10b.)
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