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Chapter 1

Do TV News Chase Twitter?

A High-Frequency Analysis

Abstract

In order to understand if cable news outlets cover information disclosed on social me-
dia, | analyze U.S. cable news Trump-related coverage in narrow time windows cen-
tered around President Trump’s tweets. Using high-frequency data on cable television
news to describe how were @realDonaldTrump tweets covered by cable news. | find
evidence in favor of cable new outlets having covered President Trump’s tweets in real
time. Using an exhaustive dataset on online news, | then study if this latter coverage
was related or not to past news. | find that on average, Fox News and MSNBC’s cov-
erage of President Trump’s tweets was unrelated to recent news, an indication that
President Trump was able to temporarily shift these outlets’ agenda simply by tweet-
ing. Lastly, | take advantage of recent advancements in natural language processing
techniques to classify President Trump’s tweets into a set of interpretable topics. | then
allow for cable outlets to react differently to different types of Trump tweets. Here |
find that President Trump’s power over cable news attention was not specific to any
particular topic. This result suggests that cable news stations tended to differentiate
themselves not by covering different Trump statements but instead by slanting differ-

ently a relatively similar distribution of stories.



1.1. Introduction

U.S. politicians increasingly rely on social media to issue public statements ( ,

). This communication strategy allows politicians, in theory, to directly reach
a significant share of U.S. adults without intermediaries. In fact, as much as half of
U.S. adults use social media as one of their news sources ( : ). However, this
half is mainly composed by young adults, a generation which is still a minority in U.S.
presidential elections ( , ). Indeed, U.S. media consumption today is seg-
mented across ages - young adults rely heavily on social media for news, old adults

instead use television ( , )-

In a context such as this one - in which U.S. television plays a major role as a primary
news source for a majority of U.S. voters - it seems inefficient for politicians to use social
media as their main means of communication. Nonetheless, U.S. television outlets
recurrently cover politicians’ statements on social media. This paper focuses exactly on
this type of coverage. A coverage that amplifies a selected set of political statements to
an audience that would otherwise not know about them. Most importantly, a coverage
that does so with an audience that is more likely to vote and so, is expected to be more

sensitive to this type of political messaging.

In this paper, | currently describe how this coverage is cast. In future work, | intend to
quantify by how much does this coverage affect politicians’ behavior on social media
and general social media discussions. To be more specific, in this paper | intend to
focus on three questions. How are politicians’ social media statements covered by
television news outlets? Are these statements shaped by this same coverage and if

so, how? What effect does this type of coverage have on social media forums?

To answer these questions | study a relevant case study - U.S. cable news outlets’

coverage of President Trump’s tweets. | turn to this case for a variety of reasons.

To start, due to its likely high relevance from an international perspective. It focuses on

a singular political figure, one that has most likely served as reference to other foreign
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rising populist politicians. Be it through his use of Twitter as a main communication
tool - in fact, throughout his presidency, Donald J. Trump recurrently used Twitter to,
among other acts, disclose cabinet nominations (e.g., , ) and issue first-
reactions to statements from other figures (e.g., , ) - or through his active
engagement with television news outlets - indeed, President Trump openly used Twitter

to react live to given cable news shows (e.g., : ).

Second, given how sizeable of an effect this type of coverage is likely to have had on an
array of relevant outcomes. Cable news coverage by itself has been shown to be able
to politically persuade individuals to espouse conservative views and, more recently,
to determine health behaviors ( , ; ,

, : ; , ; , ). Trump tweets on an-
other hand have been associated to increases in racial hate speech, surges in political

violence, decreases in trust on electoral institutions (respectively, ,

; , : : ).

To answer these questions causally, | take advantage of an exhaustive dataset of times-
tamped transcripts on cable news television. | use this dataset to construct two Trump-
related high-frequency coverage measures - (a) amount of time cable outlets covered
Trump-related stories and (b) similarity in content between cable news coverage and
Donald J. Trump’s tweets. Then, | study both measures in narrow time intervals cen-
tered around Trump tweets. | am able to pin-down how much of a causal impact did
President Trump’s tweets had on cable news coverage decisions (assuming that any
change in cable coverage minutes after a tweet can be only due to that tweet). | find
that cable news outlets tended, on average, to turn their attention towards those issues

tweeted by President Trump in a matter of minutes.

Afterwards, | leverage on an exhaustive dataset of news posted on Facebook to under-
stand whether these shifts in coverage could simply be explained by President Trump
being systematically faster at reacting to last minute events (e.g., a news event hap-

pens at period t-1, President Trump reacts at period t and cable outlets react at period



t+1, this late reaction by television news ultimately implying a convergence in content
between cable news and Trump tweets in period t+1). | compare each shift in coverage
with past online news. | find that for certain outlets (Fox News and MSNBC), these
shifts in media attention are unrelated to recent breaking events. These results seem
to suggest that President Trump was able to temporarily set Fox News and MSNBC'’s

agenda through his tweets.

In a third analysis, | take advantage of recent advancements in Natural Language Pro-
cessing (NLP) techniques to classify President Trump’s tweets into an array of inter-
pretable topics. Then, | allow for cable outlets to react differently to different types of
Trump tweets. | find that President Trump tended to shift cable news attention irre-
spective of which topic he tweeted about (with some minor exceptions). This result
seems to suggest that television stations tended to differentiate themselves not by cov-
ering different Trump statements but, instead, by slanting differently a relatively similar

distribution of Trump stories.

In future iterations of this chapter, | will use an extensive dataset on tweets posted
in reply to President Trump to study whether cable outlets’ reactions were a function
of how was a tweet received on Twitter minutes after being posted. This analysis
is intended to shed light on which factors explain outlets’ coverage decisions (a la

, ; , ). These become important in a context in
which President Trump acts strategically, aligning his tweets with these outlets’ editorial

criteria.

In addition, | will take advantage of previous analyses to identify within each outlet
those shows that actively followed President Trump’s tweets. Then, | intend to use this
information to study not only if Donald J. Trump actively timed his tweets to moments in
which this type of show was being aired but, also, whether he changed which topics he
addressed within a day according to which content each show was more likely to cover
(conditional on its past history). This exercise is aimed at understanding not only if but

also how did cable news coverage shape President Trump’s tweeting behaviors (con-



nected to a literature focused on identifying strategic behaviors from political actors;

see , ; , ).

Concerning this chapter, it is organized as follows. Section 1.2 describes the data
sources used until now and the variables constructed. Section 1.3 describes the empir-
ical setting and specifications estimated. Section 1.4 presents the results and robust-
ness exercises implemented until now. Section 1.5 concludes and discusses ongoing

work.

1.2. Data

1.2.1 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
universe of shows broadcasted from January 2017 to January 2021. It was kindly

provided by the ( )

Tweets by @realDonaldTrump. Timestamped tweets posted by Donald J. Trump’s
personal Twitter account, ( )'. This dataset covers the universe
of tweets posted by Donald J. Trump from January 2017 to January 2021. It was

collected and later on made publicly available by the ( ).

Facebook news posts by U.S. outlets. Text, timestamp and other post-specific met-
rics for the universe of Facebook posts released by a comprehensive subset of U.S.
national news outlets. This dataset has been collected by ( ). It covers

every post released from January 2017 to January 2021.

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



1.2.2 Variables

@realDonaldTrump tweets

| construct a count variable defined as:

D¢ = [{TrumpTweet : Timestamp(TrumpTweet) € t}| (1.1)

where TrumpTweet stands for a Trump tweet; Timestamp(TrumpTweet) stands for
when in time was TrumpTweet posted; t stands for a 15-minute absolute time period

(e.g., first 15 minutes of 1pm).

D, is a quarter-hourly count of Donald J. Trump tweets. It counts tweets belonging to
a selected sample of Trump statements: it does not count retweets as it is intended to
point towards original Trump tweets; it excludes short tweets, to filter out statements

with little information and so, of little general interest.?

Event windows

| will tend to focus on event windows - i.e., time intervals centered around Trump tweets.

In formal terms, as illustrated above, let a treatment period be a period in which Donald
J. Trump tweeted at least once (i.e., a period in which Dy > 0). This treatment period
defines an event window w composed of 3 pre-treatment and 2 post-treatment periods

(i.e., a window of 1 hour and 30 minutes).

2See Appendix 1.6.1 for different descriptive statistics and more technical details on D.
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Figure 1.1: Event window. The figure illustrates a generic event window with 6 pe-
riods, 1 treatment (t = 0) and 5 relative-to-treatment periods (t # 0); t stands for
absolute time; T stands for relative-to-treatment time (within event window w).

Television coverage

| construct a cable news coverage measure defined as:

C Zian,w,t (1 [*Trump” € Text;] x Duration;) (12
o (Zieln,w,t Durationi> =900 '

where i stands for a set of uninterrupted sentences spoken by one person; I, ., + stands
for the set of i's spoken in network n during relative time period T of window w; Text;
stands for the text of i; 1 [“Trump” € Text;] stands for an indicator variable equal to one

when “Trump” was mentioned in i; Duration; stands for the duration in seconds of i.

Chw,x Is the share of time network n devoted to Trump-related issues during relative
time period T of event window w. It should be interpreted as a lower bound for Trump-
related coverage given that it does not take into account segments related to President

Trump where his surname was not explicitly mentioned.®

3See Appendix 1.6.1 for different descriptive statistics and more technical details on Cy, 1, +-



Similarity between television and tweets
| construct a textual similarity measure defined as follows:
Snwr = sim(nS (Transcriptsyw,), N3 (Tweetsw)) (1.3)

where sim stands for a Jaccard similarity, n3 (Transcripts, . ) stands for the 3-
word phrases used on network n, during relative time period t of window w and
n3 (Tweets,, ) stands for the 3-word phrases used in those tweets posted during the

treatment period of event window w.

Snw.r IS the number of 3-word expressions used on both (i) network n during relative

time period T of window w and (ii) Trump tweets posted during window w.

It is intended as a conservative indicator for moments in which Trump tweets, or topics
mentioned on Trump tweets, are being discussed by network n. It is conservative in
nature as it does not take into account instances in which a tweet is being implicitly

discussed through other words.*
Similarity between television and online news

| relate cable television with online news as follows:

4
Snwr = sim(nS (Transcriptsn w.) , Uk_1 {n3 (OnlineN ewswyT_k)}) (1.4)

where sim stands for a Jaccard similarity, n3 (Transcripts,,,.) stands for the 3-
word phrases used on network n during relative time period t of window w and term
Uﬁ:1 {n3 (OnlineNews,, . )} stands for the 3-word phrases featuring in news posted

on Facebook in the hour preceding relative time period T of window w.

4See Appendix 1.6.1 for different descriptive statistics and more technical details on S, v <.



Sn.w,c IS the number of 3-word expressions used on (i) network n during relative time

period T of window w and (ii) recent news posted on Facebook by national news outlets.

This measure should be considered as an indicator for moments in which cable news
are discussing a recent news event that has already been newscasted online (here, on
Facebook). It should be interpreted with caution - it does speak to instances in which

an event is discussed differently on TV, relative to how it was addressed online.®
Topics addressed on @realDonaldTrump tweets

| fit a Biterm Topic Model (an unsupervised topic model designed for short texts; see
: ) on a selected corpus of @realDonaldTrump tweets (those used to
construct Dy, defined in Equation 1.1) in order to cluster Donald J. Trump’s tweets into

10 different topics (each of these topics being associated to a unique set of words).®

Then, | build a set of indicator variables to distinguish between different event windows:

=1 [0 (U, o050 = 19

where t stands for tweet, Tweets,, stand for tweets posted at relative time period 0 of
window w, Topic(t) stands for topic of tweet t and Mo (U, c 1yyeets, TOPic(t)) stands
for mode of topics addressed during window w (given that within a window multiple

tweets of multiple topics can be posted).

T, is an indicator variable that points towards those windows in which topic v was

most addressed by President Trump. It does not provide any information on how many

5See Appendix 1.6.1 for different descriptive statistics and more technical details on §,, ;.

6] chose to cluster President Trump’s tweets in 10 topics. This was an ad hoc decision, taken for tractabil-
ity purposes - to work with a fewer number of topics, more general and so, easier to be interpreted. In
future work, | intend to inform this modelling choice with different information criteria purposed by NLP
scholars. These criteria are all built to act as measures for how semantically coherent a model’s topics
(i.e., clusters of documents associated to unique sets of words) are.
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tweets of topic v were posted during window w.’

1.3. Empirical Setting
1.3.1 Identification
Non-overlapping event window (over time). Since President Trump tweeted on av-

erage at a shorter frequency than that of a quarter-hourly frequency (see Figure 1.4),

there are several instances in which event windows partially overlap over time.

event-window wo

-3 -2-10 1 2

-3 -2-10 1 2 -3 -2-10 1 2

event-window wy event-window ws

Figure 1.2: Overlapping event windows (over time). The figure illustrates an hypothet-
ical scenario in which 3 event windows partially overlap over time (shaded areas stand for an
overlap). Each number stands for a within window relative time period.

As illustrated above, windows that overlap over time share different relative time peri-
ods. This is problematic from an identification standpoint for outcomes that are based
on time, such as Trump-related coverage (defined in Section 1.2.2). These types of
outcomes do not vary across overlapping time periods, making it impossible for one to

distinguish between pre and post treatment intervals (see : )

This is a concern in the current setting - it does not allow for an unbiased assessment

of coverage dynamics before and after a tweet. As such, in what follows, | restrict my

’See Appendix 1.6.1 for different descriptive statistics and more technical details on 7).
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sample of study, when focusing on Trump-related coverage, to event windows that do
not overlap over time. | will discuss in more detail the implications of this identification

restriction in Section 1.3.2.8

Non-overlapping event window (over content). The identification problem described
above is not of necessary concern for outcomes that are built with event window spe-

cific information such as similarity between television and tweets (in Section 1.2.2).

A partial overlap of two event windows over time is of concern for this last class of
outcomes if and only if that information that is specific to each event window overlaps
in any way. In this case, a component of these outcomes will again not change across

overlapping periods and pre and post treatment times will not be distinguishable.

: event-window wo

=~ -3 -2 -1 0 1 2

where A, B, C, D, E, ... are 3-word phrases
(e.g., “great american people’ or “fake news channel”)

-3 2 -1 0 1 2

event-window wj

Figure 1.3: Overlapping event windows (over content). The figure shows a scenario
in which 2 windows partially overlap over content. Shaded areas stand for overlaps. Numbers
stand for relative time periods. Letters stand for 3-word phrases posted in tweets.

This type of overlap (illustrated in Figure 1.3) is a concern when | study how cable
news content compared to Donald Trump’s tweets. In this context, those windows that

overlap over time and have tweets that partially overlap over content (here, 3-word

8| present different descriptive statistics on this class of event windows in Section 1.6.1.
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expressions) will provide a biased snapshot of how similarity evolved minutes before

and after a tweet.

To circumvent these concerns, throughout this paper | will restrict my sample of study
to two classes of event windows when studying how cable news content converged (or
not) towards Trump tweets - | will focus on (1) event windows that do not overlap over
time and (2) event windows with tweets that do not overlap over content. | discuss the

implications of these identification restrictions in Section 1.3.2.°

1.3.2 Specification

To investigate how did cable news outlets react to President Trump’s tweets, | estimate
a standard event-study specification (see , and

: for an extensive methodological review):

3

Yo = (o X 8) 4+ ) Lm=n] > BR(Llt=K xDyuo)| | +enwr
ne(C.FM) k=—38,k~—1

where Y, ., stands for an outcome variable specific to network n and relative time
period T of event window w; «, stands for a network fixed effect; &,, stands for an
event window fixed effect; 1(n = n) stands for an indicator variable equal to one if
network n is network n (where 1 can be CNN (C), Fox News (F) or MSNBC (M));
1(t = T) stands for an indicator variable equal to one if relative time period T is equal
to t; D, o stands for a treatment variable indicating how many tweets President Trump
posted during the treatment period of event window w; ¢, ,, . iS an idiosyncratic term

specific to network n, event window w and relative time period .

.....

depending on which outcome is under investigation. If Y, ., stands for how much

9 present different descriptive statistics on these classes of event windows in Section 1.6.1.
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time network n allocated to Trump-related issues during relative time period T of event
window w (as defined in Section 1.2.2), B} should be interpreted as, by how much,
on average, did Trump-related coverage by network n varied, relative to its pre-tweet
value, k minutes after one Trump tweet was posted. If Y., ,, . instead stands for how
similar network n’s content, during relative time period T of event window w, was to
those tweets that were posted during event window w (as defined in Section 1.2.2), 3}
should be interpreted as by how much, on average, did network n’s content converge

to a recently posted tweet, k minutes after that tweet was posted.

Turning to these coefficients causal interpretation, | restrict myself to studying cable
news coverage in narrow time intervals exactly to argue in favor of an identification
assumption that is necessary for these estimates to be interpreted as causal - that
of variations in Y, ,, « within high-frequency periods neighboring Trump tweets being
only attributable to Trump tweets (other relevant network-specific and macro factors
interpreted as causal effects, then, Y, ,, . should not exhibit any abnormal behavior
prior to each tweet (so-called parallel trends assumption). This is an identification
assumption that | test for by estimating a set of pre-treatment coefficients: {1}, . (3 o)
that, indeed, television coverage did not seem to behave abnormally moments prior to

@realDonaldTrump tweets.

Lastly, | impose different identification restrictions on Equation 1.6 depending on which
outcome | focus on. As discussed in Section 1.3.1, these restrictions are related to
how frequently President Trump tended to tweet during his mandate, creating a setting

in which event windows tended to overlap over different dimensions:

* When studying how Trump-related coverage evolved moments prior and after a
Trump tweet, | estimate Equation 1.6 by only using those event windows that

did not overlap over time. This allows me to unbiasedly estimate pre and post-

.....
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.....

local average treatment effects, focused on those tweets that tended to generate
event windows that did not overlap over time. This class of tweets accounts for
approximately 20% of Donald Trump’s presidential tweets (see Figure 1.7) and is

more likely to be posted during the evening (see Figure 1.8).

* When studying how did cable news content related to Trump tweets text mo-
ments prior and after a Trump tweet, | estimate Equation 1.6 by using separately
(1) those event windows that did not overlap over time and (2) those windows
that did not overlap over content. As before still, both identification restrictions
fects, focused on those tweets that tended to generate (1) event windows that
did not overlap over time and (2) that did not overlap over content. On this last
class of tweets, contrary to before, this accounts for approximately 80% of Don-
ald Trump’s presidential tweets (see Figure 1.25) and follows closely President

Trump’s posting patterns throughout his mandate (see Figure 1.12).

One last remark concerning the fixed effect specification laid out in Equation 1.6 - coef-
ficients are estimated while controlling for network-specific event window fixed effects
(xn % 8,). This specification choice implicitly assumes that each cable news outlet re-
acted differently to common macro factors other than President Trump’s tweets. This is
an assumption that is aligned with previous empirical findings -

( ) and more recently ( ) have documented significant

differences in these outlets’ editorial criteria.™®

ONote that, in Appendix 1.6.2 | present estimates for specifications with coarser time fixed effects. Still,
this specification choice - that of controlling for network-specific time factors - is kept constant, exactly
due to its empirical grounding.
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1.4.

1.4.1

Results and Robustnesses

Results

Reaction through Coverage

| start by studying how did Trump-related coverage behave minutes before and after a

Trump tweet. This exercise can speak to at least two different scenarios:

On one hand, President Trump could have been more likely to tweet moments
after a specific outlet spent an abnormally high (or low) amount of time covering
him. These tweets could either be posted as a reaction to said coverage or,
as an attempt to generate Trump-related coverage (e.g., President Trump could
have been more likely to tweet right after abnormally low levels of coverage by

Fox News). In this case, pre-treatment coefficients ought to be different from zero.

On the other hand, cable outlets could have reacted in real time to @realDon-
aldTrump tweets. In this scenario, pre-treatment coefficients are expected to be
still while post-treatment coefficients are expected to be significantly different from
zero (but not necessarily positive; e.g., Fox News could have diverted coverage
to non-Trump topics right after @realDonaldTrump’s tweet - given how sensitive

these statements were on average (e.g., see 5 )

Figure 1.26 shows the estimated coefficients from Equation 1.6 for when Y,, ,, . stands

statistically insignificant. This result holds across outlets. It is also robust to (1) con-

trolling for different outlet-specific macro factors and (2) to clustering standard errors at

different levels (see Figure 1.27 and 1.28). Taking these estimates by their face value,

"In addition, the coefficients reported in 1.26 have been estimated using only event windows that did
not overlap over time (hence, these estimates should be interpreted as how cable coverage evolved

minu

tes before and after a specific class of Trump tweets; see Section 1.6.1 for descriptives on this

particular class of statements).
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these seem to indicate that, on average, throughout Donald J. Trump’s mandate, (1)
the President did not seem to tweet in reaction to cable news coverage and (2) Trump-

related coverage did not change in any significant way, minutes after a Trump tweet.

Nonetheless, these results deserve significantly more study. In fact, given how Equa-
tion 1.6 is specified, null coefficients such as those plotted in Figure 1.26 can be a
product of unobserved heterogeneity. Taking scenario (2) for illustration purposes -
assume that an outlet’s short run reaction to a Trump tweet varied according to when
a tweet was posted throughout his presidency - e.g., cable outlets could have learnt
over time which tweets were more interesting for their audiences, varying their cover-
age decisions accordingly. In this setting, each coefficient in Equation 1.6 should be
interpreted as a weighted average of different types of outlet-specific reactions. For
a plot such as that in Figure 1.26 to materialize, it would only be required that these

reactions varied in such a way over time such that their averages would equal zero.

Reaction through Content

In a second analysis, | turn to how did cable news content relate to President Trump’s
tweets moments before and after a tweet. As before, this analysis can be motivated

with different scenarios:

» On one hand, President Trump could have reacted to cable news coverage in real
time. In this scenario, pre-treatment coefficients are expected to be significantly
different from zero and positive (as the President would tweet at period Tt = 0

about those issues being discussed on cable outlets during periods T < 0).

* In a second scenario, cable outlets could have been covering in real time @real-
DonaldTrump tweets. As before, post-treatment coefficients would be expected to
be positive and significant while pre-treatment coefficients should, on a contrary,

not differ from zero.

Figure 1.29 shows the estimated coefficients from Equation 1.6 for when Y,, ,, . stands

for how similar was network n’s content to that of @realDonaldTrump’s most recent

17



(2). Pre-treatment coefficients do not differ from zero, hence, the parallel trends as-
sumption seems to hold on average, meaning that post-treatment coefficients can a
priori be interpreted as average causal effects. Post-treatment coefficients are signifi-
cantly positive This result holds across outlets. It is robust to (1) controlling for different
outlet-specific macro factors and (2) to clustering standard errors at different levels (see
Figure 1.30 and 1.31).'3

These estimates are suggestive of President Trump having been able to, on average,
temporarily shift cable news outlets’ attention through his tweets. Still, this “sugges-
tion” should be taken with caution. Previous concerns regarding unobserved hetero-
geneities hold. In addition, an additional caveat in this case relates to an external factor
that is currently not being taken into account in the current regressions. | discuss and

test for this second caveat in Section 1.4.2.

1.4.2 Robustnesses

Content Reaction due to Breaking News

As discussed in Section 1.4.1, previous results concerning how television coverage
converged in content towards Trump tweets minutes after a tweet, can be attributed not
only to unobserved heterogeneities but also to a second uncontrolled factor - pressing
events that happened within (or close to) each event window. In fact, a possible ex-
planation for those estimates presented in Section 1.4.1 is that President Trump could
have systematically reacted to recent breaking news faster than cable outlets (e.g., a

news event happens at period t-1, President Trump reacts at period t and cable outlets

2The coefficients reported in 1.29 have been estimated using only event windows that did not overlap
over time (hence, as before, these estimates should be interpreted as how cable coverage evolved
minutes before and after a Trump tweet a ).

3These results also hold qualitatively when using event windows that do not overlap over content,
instead of time (still, effects decrease by 4 orders of magnitude; see Figure 1.32, 1.33 and 1.34).
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react at period t+1, this late reaction by television news ultimately implying a conver-

gence in content between cable news and Trump tweets in period t+1).

In this section, | take advantage of an exhaustive corpus of online news (described in
Section 1.2.1) to test for this hypothesis. In doing so, | assume that in a framework with
3 players, (a) online news outlets, (b) cable news outlets and (c) @realDonaldTrump,
online news outlets should be those fastest at covering a breaking news. Under this
assumption, | compare cable news coverage with recent online news content within
event windows in which television news converged towards President Trump’s tweets,
minutes after a tweet. If President Trump tended to react faster to a breaking news
than television, then, | ought to see a systematic convergence in content of television

content with past online news minutes after a tweet was posted.

To be more specific, | estimate Equation 1.6 with Y, ,, . being a similarity measure
between current cable news transcripts and past online news (“past” = last hour;
as defined in Section 1.2.2). To understand if previous results were driven by Pres-
ident Trump having been systematically faster at reacting to breaking news, | esti-
mate Equation 1.6 using only observations belonging to event windows in which cable

news content converged to @realDonaldTrump tweets minutes after a tweet.'* | turn to

.....

.....

positive).

Figures 1.35 and 1.37 show the estimated coefficients from Equation 1.6 for when
Ynw,« Stands for how similar was network n’s content to recent news posted on Face-
book. Both figures point to a similar result - CNN tended to converge towards Trump

tweets that were related to past online news; Fox News and MSNBC on the contrary

4In particular, | proceed as follows: (1) demean similarity measure between television and tweets at a
network x event window level; (2) sum within event window demeaned outcome by pre and post tweet
periods; (3) take difference between post and pre tweet aggregated demeaned outcome and last (4)
estimate coefficients using observations belonging to windows where difference (3) is positive.
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tended to shift their attention towards topics tweeted by President Trump that were un-
related to recent online news.”® These results seem to suggest that President Trump
was able to temporarily set Fox News and MSNBC'’s agenda through his tweets. This
agenda setting power is of interest as it could have been used by President Trump to

shift these outlets’ attention towards or away from specific topics at particular times.

1.4.3 Results (2)

Reaction per Topic

Previous results are derived within a framework in which an outlet’s reaction to a Trump
tweet is assumed to be homogeneous across different dimensions. This is a theoreti-
cally far-fetched assumption. Indeed, a factor that is likely to play a role on how a news
outlet tends to react to a Trump tweet is which topic President Trump addressed on that
same tweet. This can be due to supply (i.e., an outlet’s idiosyncratic editorial biases),

demand (i.e, an outlet’s audience and its demand for news on certain issues), or both.

To give an example, a conservative outlet such as Fox News (see ,

) can be thought of as being more likely to cover a topic that is a priori friendlier
towards President Trump. This can be rationalized by a supply argument - e.g., Fox
News’ editors having an idiosyncratic objective of improving President Trump’s ratings
through their coverage - or a demand motif - e.g., this outlet’s audience, while conser-

vative, drawing utility from consuming news that flatter key conservative figures.

In this section, | empirically test for whether or not certain topics caused a relatively
larger shift in content for specific outlets. This is an exercise that is important from at
least two different perspectives. On one hand, understanding whether specific outlets

were consistently more drawn to particular topics can potentially help us understand

SResults are robust to different FE specifications (see Figure 1.36 and 1.38).
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President Trump’s tweeting patterns, possibly helping us shedding light on which ob-
jective function dictated his statements on Twitter. On another hand, describing how
different outlets tended to cover a specific issue can provide us with more informa-
tion about which dimension of coverage is normally used by outlets as a differentiation
factor, relative to their competitors. This second angle speaks to an open question in
media bias studies - which dimension of coverage differentiates cable news stations

and is thus determinant at explaining cable news persuasive effects on voting (see

: ; ; )-

To test whether or not certain topics caused a relatively larger shift in content for spe-
cific outlets, | extend Equation 1.6. In particular, | allow for each station’s reaction to
vary across an array of topics that President Trump consistently addressed on Twitter,

throughout his mandate:

3

Yowe=wt > Tn| Y (ITh=n| D B (Llr=K xDyp)

veN ne{C,F,M} k=—3,k#—1

where Y, ., stands for an outcome variable specific to network n and relative time

period T of event window w; “...” stands for a network x window fixed effect and an
idiosyncratic term; v stands for topic; N stands for set of topics addressed by President
Trump throughout his mandate; T, stands for an indicator variable equal to one if topic
v was that most discussed by President Trump during window w (as defined in Section

1.2.2); 1(n=n), 1(t =) and D,, o are defined as in Equation 1.6.

posted. As before, these ought to be interpreted as causal estimates conditional on
two different assumptions: (1) any variation in Y, ,, - minutes after a Trump tweet is
solely attributable to that same tweet; (2) Y, ..~ does not exhibit any abnormal pat-
tern minutes before a Trump tweet. Assumption (1) is not testable. Assumption (2) is

testable - | test for (2) by estimating different pre-treatment coefficients {B"}, 5 _5-
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Figures 1.39, 1.40 and 1.41 plot how Trump-related coverage evolved minutes before
and after tweets from different topics were posted. Overall, previous results seem to
hold across topics. In other words, irrespective of which topic one focuses on, Trump
tweets did not cause a significant increase in cable outlets’ Trump-related coverage.
This piece of evidence casts aside previous concerns on how much was this absence
of a response from Trump-related coverage a product of unobserbed heterogeneity. It
is suggestive of a world in which cable networks tended to follow President Trump’s

focus on Twitter without explicitly naming him.

In similar fashion, Figures 1.42, 1.43 and 1.44 plot how cable news content compared
to President Trump’s tweets minutes before and after a Trump tweet was posted. Here,
| arrive at different conclusions: (1) certain tweets caused all outlets to shift their cover-
age minutes after a tweet (these were tweets related to domestic events, foreign policy,
collusion charges and the White House); (2) a second set of topics was mostly asso-
ciated to shifts in Fox News and MSNBC’s coverage (tweets related to news media,
immigration and economic topics); (3) a specific set of tweets did not cause significant

shifts in cable news coverage (tweets related to trade policy, shootings and disasters)'®

Put together, these results seem to suggest that, on average, cable networks tended
to cover a relatively similar set of Trump tweets. This seems to suggest that, in this
context, television outlets tended to differentiate themselves not by covering different
Trump statements but, instead, by slanting differently a relatively similar distribution of

news stories.

1.5. Conclusion

| have taken advantage of an exhaustive dataset on cable news transcripts and Pres-

ident Trump’s tweets to study cable news coverage in short time intervals centered

6These results keep mainly constant both if | focus on tweets that generate event windows that do not
overlap over time (1.42, 1.43 and 1.44) or over content (Figures 1.45, 1.46 and 1.47).
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around Trump’s tweets. In doing so, | have concluded that cable news outlets tended
on average to shift their focus to topics related to President Trump’s tweets minutes

after these tweets were posted.

In a second exercise, | turned to an exhaustive corpus of news posted on Facebook by
U.S. national news outlets to understand if cable outlets tended to purposefully follow
President Trump’s tweets in content or, instead, if this convergence was simply due to
President Trump tending to react faster to recent breaking news (relative to television).
Here, | found that Fox News and MSNBC seemed to purposefully follow President

Trump’s tweets, independent of recent online news.

This latter result is interesting from different perspectives. On one hand, it suggests
that different outlets had differing coverage criteria when focusing on President Trump’s
tweets. Understanding how did these criteria differed across outlets is important as it
can help us understand how is social media covered by mass media and how does

bias plays a role in that coverage.

Motivated by this result, | went on and studied how did each outlet cover different types
of Trump tweets (where by types | mean topics; e.g., tweets related to domestic events,
tweets on immigration, tweets on foreign policy). Here, | find that President Trump
tended to shift cable news attention irrespective of which topic he tweeted about (with
some minor exceptions). This result seems to suggest that television stations tended
to differentiate themselves not by covering different Trump statements but, instead, by

slanting differently a relatively similar distribution of Trump stories.

On another hand, it suggests that President Trump was able to temporarily set Fox
News and MSNBC’s agenda through his tweets. This agenda setting power is of in-
terest as it could have been used by President Trump to shift mass media and, thus,
public attention, towards or away from specific topics at specific times. This hypothe-
sis is of relevance in nowadays context as it can possibly shed light on how populist

politicians strategically interacted with mass media through social media.
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Tweets posted by @realDonaldTrump

Table 1.1: Descriptive statistics

'17-'20 17 18 19 '20
Total tweets 16,632 2,292 3,104 4,946 6,290
Total 15-minutes 11,914 1,925 2,553 3,489 3,947
Tweets per 15-minutes 17-°20 17 18 19 '20
Min. 1 1 1 1 1
p25 1 1 1 1 1
Median 1 1 1 1 1
p75 2 1 1 2 2
Max. 18 8 5 13 18

Notes: The table shows descriptive statistics on a sample of @realDonaldTrump tweets that
does not include retweets nor short tweets. (tweets have been winsorized according to their
dimension, measured by the number of characters; bottom ten percentiles dropped).
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Figure 1.4: Time distance between @realDonaldTrump tweets. The figure shows
the probability and cumulative density functions for the time distance measured in a specific
class of Trump tweets (as in Table 1.1; no retweets, no short tweets, from 2017 to 2020).
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Figure 1.5: @realDonaldTrump tweets per day. The figure plots the number of Trump
tweets posted per day, covering a period that goes from 2017 to 2020. It focuses on a specific
class of Trump tweets (as in Table 1.1; no retweets, no short tweets).
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Figure 1.6: @realDonaldTrump tweets within a day. The figure plots the number of
Trump tweets posted within a day, per 15 minute interval. It focuses on a specific class of
Trump tweets (as in Table 1.1; no retweets, no short tweets, from 2017 to 2020).
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Non-overlapping @realDonaldTrump tweets

1.1.2.1. Over time
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Figure 1.7: Number/share of overlapping and non-overlapping tweets. The figure
shows how many of Trump’s tweets overlapped and non-overlapped over time (from 2017 until
2020; without counting retweets nor short tweets).
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Figure 1.8: Overlapping and non-overlapping tweets per day. The figure plots the
number of tweets that generated overlapping and non-overlapping event windows (over time)
per day (from 2017 until 2020; without counting retweets nor short tweets).
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Figure 1.9: Overlapping and non-overlapping tweets within day. The figure plots the
number of tweets that generated overlapping and non-overlapping event windows (over time)
within a day, per 15 minute interval (from 2017 until 2020; without counting retweets nor short

tweets).
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tweets (across time; from 2017 until 2020, without counting retweets nor short tweets).



1.1.2.2. Over content
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Figure 1.11: Number/share of overlapping and non-overlapping tweets. The figure
plots different descriptive statistics for those tweets included in event windows that overlap and
do not overlap over content (number of tweets and share relative to total).
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Figure 1.12: Overlapping and non-overlapping tweets per day. The figure plots the
number of tweets that generated overlapping and non-overlapping event windows (over con-
tent) per day (from 2017 until 2020; without counting retweets nor short tweets).
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Figure 1.13: Overlapping and non-overlapping tweets within day. The figure plots
the number of tweets that generated overlapping and non-overlapping event windows (over
content) within a day, per 15 minute interval (from 2017 until 2020; without counting retweets

nor short tweets).
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Figure 1.14: Topic distribution for overlapping and non-overlapping tweets.
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Television news coverage of Trump-related issues

Table 1.2: Descriptive statistics

Mean Std. Dev. Min. p25 Median p75 Max. Observations

CNN 0.21 0.18 0.00 0.04 0.17 0.33 0.88 13,794
FNC 0.21 0.19 0.00 0.05 0.16 0.33 0.88 13,722
MSN 0.27 0.21 0.00 0.09 0.25 0.42 0.88 13,680

Notes: The table shows statistics built using only observations belonging to event windows that did
not partially overlap over time. These amount to a total of 2,346 windows, some for which it was not
possible to construct a coverage measure for specific outlets - (Link) transcripts cover
an average of 98% of all content broadcasted by CNN, Fox News and MSNBC. As expressed in column
“Observations”, these event windows cover a total of 10,299 hours of cable content (=~ 429 days).
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Figure 1.15: Measure across sample. The figure plots the average share of time de-
voted to Trump-related issues, per day, by network, during non-overlapping event windows
(over time).
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Figure 1.16: Measure within day. The figure plots the average share of time devoted to
Trump-related issues, within a generic day, per 15 minute interval, by network, during non-
overlapping event windows (over time).
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Similarity between television news and Trump tweets

1.1.4.1. During non-overlapping event windows (over time)

Table 1.3: Descriptive statistics

Mean Std. Dev. Min.

Median p75 Max. Observations

CNN 0.07 0.36 0.00 0.00
FNC 0.08 0.36 0.00 0.00
MSN 0.06 0.33 0.00 0.00

0.00 4.06 13,794
0.00 3.74 13,722
0.00 4.13 13,680

Notes: The table shows statistics built using only observations belonging to event windows that did
not partially overlap over time. These amount to a total of 2,346 windows, some for which it was not

possible to construct a coverage measure for specific outlets -

( ) transcripts cover

an average of 98% of all content broadcasted by CNN, Fox News and MSNBC. As expressed in column
“Observations”, these event windows cover a total of 10,299 hours of cable content (= 429 days).
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Figure 1.17: Measure across sample. The figure plots the average similarity between
cable news and tweets, per day, by network, during non-overlapping event windows (over time).
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Figure 1.18: Measure within day. The figure plots the average similarity between cable
news transcripts and Trump tweets, within day, per 15 minute interval, by network, during non-

overlapping event windows (over time).



1.1.4.2. During non-overlapping event windows (over content)

Table 1.4: Descriptive statistics

Mean Std. Dev. Min. p25 Median p75 Max. Observations

CNN 0.06 0.34 0.00 0.00 0.00 0.00 4.06 53,856
FNC 0.07 0.36 0.00 0.00 0.00 0.00 4.22 53,250
MSN 0.06 0.32 0.00 0.00 0.00 0.00 4.13 53,190

Notes: The table shows statistics built using only observations belonging to event windows that did not
partially overlap over content. These amount to a total of 9,141 windows, some for which it was not
possible to construct a coverage measure for specific outlets - (Link) transcripts cover
an average of 98% of all content broadcasted by CNN, Fox News and MSNBC. As expressed in column
“Observations”, these event windows cover a total of 40,074 hours of cable content (~ 1,670 days).
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Figure 1.19: Measure across sample. The figure plots the average similarity between
cable news transcripts and Trump tweets, per day, by network, during non-overlapping event
windows (over content).
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Figure 1.20: Measure within day. The figure plots the average similarity between cable

news transcripts and Trump tweets, within day, per 15 minute interval, by network, during non-
overlapping event windows (over content).
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Similarity between television news and past Facebook news

1.1.5.1. During non-overlapping event windows (over time)

Table 1.5: Descriptive statistics

Mean Std. Dev. Min. p25 Median p75 Max. Observations

CNN 1.18 0.97 0.00 0.00 0.88 2.09 3.69 492
FNC 0.29 0.60 0.00 0.00 0.00 0.00 3.09 546
MSN 0.28 0.58 0.00 0.00 0.00 0.00 3.00 390

Notes: The table shows statistics built using only observations (1) belonging to event windows that did
not partially overlap over time and in which (2) TV news converged in content towards Trump tweets.
Considering (2), windows have been selected by (2.i) demeaning similarity between TV and Trump
tweets (at a network x event window level) and (2.ii) selecting windows where demeaned outcome was
higher after a tweet (relative to before). These amount to a total of 238 windows (357 hours, ~ 15 days).
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Figure 1.21: Measure across sample. The figure plots the average similarity between TV
and past FB news, per day, by network, during windows that (1) do not overlap over time and
in which (2) TV converged in content towards Trump tweets.
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Figure 1.22: Measure within day. The figure plots the average similarity between TV and
past FB news, within day, per 15 minute interval, by network, during windows that (1) do not
overlap over time and in which (2) TV converged in content towards Trump tweets.

1.1.5.2. During non-overlapping event windows (over content)

Table 1.6: Descriptive statistics

Mean Std. Dev. Min. p25 Median p75 Max. Observations

CNN 1.13  0.99 0.00 0.00 0.88 1.82 4.06 1,872
FNC 0.33 0.65 0.00 0.00 0.00 0.00 3.58 2,322
MSN 0.29 0.61 0.00 0.00 0.00 0.00 3.64 1,686

Notes: The table shows statistics built using only observations (1) belonging to event windows that did
not partially overlap over content and in which (2) TV news converged in content towards Trump tweets.
Considering (2), windows have been selected by (2.i) demeaning similarity between TV and Trump
tweets (at a network x event window level) and (2.ii) selecting windows where demeaned outcome was
higher after tweet (relative to before). These amount to a total of 980 windows (1,470 hours, ~ 61 days).
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Figure 1.23: Measure across sample. The figure plots the average similarity between TV
and past FB news, per day, by network, during windows that (1) do not overlap over time and
in which (2) TV converged in content towards Trump tweets.
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Figure 1.24: Measure within day. The figure plots the average similarity between TV and
past FB news, within day, per 15 minute interval, by network, during windows that (1) do not
overlap over time and in which (2) TV converged in content towards Trump tweets.

Topics addressed on @realDonaldTrump tweets

44



Table 1.7: Topic-word distribution for @realDonaldTrump tweets

Topic Theme Words

1 Domestic Events endorsement, governor, alabama, state, border, senator,
luther_strange, congressman, fantastic, strong_crime, geor-
gia, taxis, tough_crime, love _military, weak_crime, endorse,
want_raise, race, republican, need

2 Foreign Policy north_korea, meeting, prime_minister, great_honor, meet,
china, today, south_korea, honor_welcome, host, japan,
peace, summit, whitehouse_today, dinner, leader, delegation,
launch, white_house, turkey

3 Collusion Charges crooked_hillary, witch_hunt, russia, caign, collusion, clinton,
investigation, russian, comey, hillary_clinton, mueller, phony,
dossier, report, information, server, james_comey, hoax,
election, obama

4 Immigration democrats, republican, obamacare, daca, bill, need, im-
migration, wall, senate, border_security, democrat, health-
care, border, pass, southern_border, repeal_replace, crime,
congress, house, republican_senator

5 Veterans / Military great_honor, today, hero, welcome, honor, whitehouse, na-
tion, woman, service, veteran, american, life, sacrifice, cele-
brate, serve, america, memorial, national, brave, vietham

6 News Media fake_news, medium, story, fake, nytimes, dishonest, write, re-
port, wrong, fail_, news, reporting, mainstream_medium, fact,
cnn, washington_post, book, hate, know, media

7 Economy stock_market, economy, unemployment, record, number,
plant, american, high, company, prosperity, manufacturing,
record_high, worker, growth, economic, america, optimism,
business, regulation, create

8 Trade Policy china, north_korea, trade, deal, tariff, farmer, dol-
lar, trade_deal, disrespect, negotiation, iran, relationship,
trade_deficit, nafta, missile, many_year, united_state, product,
negotiate, money

9 White House join, melania, crowd, white_house, tonight, evening, maga,
land, beautiful, rally, incredible, south_carolina, wonderful,
first_lady, chion, last_night, flotus_melania, head, paris, arrive

10  Shootings / Disasters first_responder, thought_prayer, hurricane, family, fema,
school, shooting, bless, california, teacher, heart, storm, lon-
don, pray, terrible, train, prayer, victim, tragedy, state_local

Note: Topic-word distribution (20 words most likely to feature in a document of that topic) for a 10 topic Biterm
Topic Model ( , ) fitted on a selected pre-processed corpus of @realDonaldTrump tweets.
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Figure 1.25: Topic distribution for @realDonaldTrump tweets. The figure plots the distribution of topics (inferred from a

Biterm Topic Model, explained in Section 1.2.2) for a selected sample of @realDonaldTrump posted from 2017 until 2020 - without
counting retweets nor short tweets.



1.6.2 Results and Robustnesses
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Results. Reaction through Coverage
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Figure 1.26: Coverage before and after a @realDonaldTrump tweet. Estimates refer to a selection of @realDon-
aldTrump tweets posted between 2017 and 2020 - (i) short tweets have been dropped; (ii) tweets that generate partially
overlapping event windows over time have been dropped. Coefficients have been estimated controlling for network x event-
window FEs computed using only those observations belonging to non-overlapping event windows (across time). Error
bars stand for 95% confidence intervals computed with SEs clustered at a network-window level. Dependent variable has
been subjected to an inverse hyperbolic sine transformation.
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Figure 1.27: Coverage before and after a tweet / Varying FEs specifications. Estimates refer to a selection of
@realDonaldTrump tweets posted between 2017 and 2020 - (i) short tweets have been dropped; (ii) tweets that generate
partially overlapping event windows over time have been dropped. Coefficients have been estimated by controlling for
unit-specific macro factors computed using only those observations belonging to non-overlapping event windows (across
time). From left to right: (i) network FEs; (ii) network x date FEs; (iii) network x date and network x hour-of-day FEs; (iv)
network x date and network x week-day x hour-of-day FEs; (v) network x date and network x quarter-hour-of-day FEs; (vi)
network x date and network x week-day x quarter-hour-of-day FEs and (vii) network x event window FEs. Error bars stand
for 95% confidence intervals computed with SEs clustered at a network-window level.
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Figure 1.28: Coverage before and after a tweet // Varying SEs clusters. Estimates refer to a selection of @realDon-
aldTrump tweets posted between 2017 and 2020 - (i) short tweets have been dropped; (ii) tweets that generate partially
overlapping event windows over time have been dropped. Coefficients have been estimated controlling for network x event-
window FEs computed using only those observations belonging to non-overlapping event windows (across time). Error
bars stand for 95% confidence intervals computed with clustered SEs. From left to right: (i) non-clustered SEs; (ii) SEs
clustered by network; (iii) SEs clustered by network x week-of-the-year; (iv) SEs clustered by network x date; (v) network x
window.



Results. Reaction through Content

52



€9

CNN FNC

iy 20 iy 20
© ©
=2 10 ) £ 5 10 1
5 O | i & ¢ I 1
C (@© cC @©
—_ 0——3:— ————————— { PoTTeTee e e e e e e e S e D O a— 0——1— ————————— L T
3 F 3 F
5 5 5 5
= =
> 8 20 2 8 20
T3 2 1 0 1 2 3 2 1 0 1 2
15-minutes relative to tweet(s) 15-minutes relative to tweet(s)
MSN
ry 2
o ¥
.: q)
2 1
EZ P!
c 5 '
= O__I_ _________ B @ e
QP
C C
£g -1
O =
L o
2 _20
-3 -2 -1 0 1 2

15-minutes relative to tweet(s)

Figure 1.29: Similarity before and after a @realDonaldTrump tweet // Non-overlapping windows across time. Es-
timates refer a to selection of @realDonaldTrump tweets posted between 2017 and 2020 - (i) short tweets have been
dropped; (ii) tweets that generate partially overlapping event windows over time have been dropped. Coefficients have
been estimated controlling for network x event-window FEs computed using only those observations belonging to non-
overlapping event windows (across time). Error bars stand for 95% confidence intervals computed with SEs clustered at a
network-window level. Dependent variable has been subjected to an inverse hyperbolic sine transformation.



12°]

CNN FNC

> 7 ol
- - @
o 2 o 9
é E 10 EEE é E 10 IIEE IEE EE
a2 % s &3
c® i — £ o o RO SN s
2 F 3 F
C C C C
S g -lo o9 _10
O = O =
X 0 X o
o _ o
20 -3 2 -1 0 1 2 20 -3 2 -1 0 1 2
15-minutes relative to tweet(s) 15-minutes relative to tweet(s)
MSN
5 20
__.E’ %’ o N FEs
SS 10 T o (N xYMD) FEs
£ JIK:... T o (NxYMD) + (N x H) FEs
< g Qe TE. e ———— e (N xYMD) + (N x WKD x H) FEs
Q
o - e (NxYMD)+ (N x QH) FEs
‘6" y -10 e (NxYMD)+ (Nx WKD x QH) FEs
< § e (N x WINDOW) FEs
-0 5 2 1 0 1 2

15-minutes relative to tweet(s)

Figure 1.30: Similarity before and after a tweet / Non-overlaps across time // Varying FEs specifications. Estimates
refer to a selection of @realDonaldTrump tweets posted between 2017 and 2020 - (i) short tweets have been dropped; (ii)
tweets that generate partially overlapping event windows over time have been dropped. Coefficients have been estimated
by controlling for unit-specific macro factors computed using only those observations belonging to non-overlapping event
windows (across time). From left to right: (i) network FEs; (ii) network x date FEs; (iii) network x date and network x
hour-of-day FEs; (iv) network x date and network x week-day x hour-of-day FEs; (v) network x date and network x quarter-
hour-of-day FEs; (vi) network x date and network x week-day x quarter-hour-of-day FEs and (vii) network x event window
FEs. Error bars stand for 95% confidence intervals computed with SEs clustered at a network-window level.
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Figure 1.31: Similarity before and after a tweet / Non-overlaps across time // Varying SEs clusters. Estimates
refer to a selection of @realDonaldTrump tweets posted between 2017 and 2020 - (i) short tweets have been dropped; (ii)
tweets that generate partially overlapping event windows over time have been dropped. Coefficients have been estimated
controlling for network x event-window FEs computed using only those observations belonging to non-overlapping event
windows (across time). Error bars stand for 95% confidence intervals computed with clustered SEs. From left to right: (i)
non-clustered SEs; (i) SEs clustered by network; (iii) SEs clustered by network x week-of-the-year; (iv) SEs clustered by
network x date; (v) network x window.
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Figure 1.32: Similarity before and after a tweet // Non-overlapping windows across content. Estimates refer a to
selection of @realDonaldTrump tweets posted between 2017 and 2020 - (i) short tweets have been dropped; (ii) tweets that
generate partially overlapping event windows over time have been dropped. Coefficients have been estimated controlling
for network x event-window FEs computed using only those observations belonging to non-overlapping event windows
(across conent). Error bars stand for 95% confidence intervals computed with SEs clustered at a network-window level.
Dependent variable has been subjected to an inverse hyperbolic sine transformation.
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Figure 1.33: Similarity before and after a tweet / Non-overlaps across content // Varying FEs specifications. Es-
timates refer to a selection of @realDonaldTrump tweets posted between 2017 and 2020 - (i) short tweets have been
dropped; (ii) tweets that generate partially overlapping event windows over time have been dropped. Coefficients have
been estimated by controlling for unit-specific macro factors computed using only those observations belonging to non-
overlapping event windows (across content). From left to right: (i) network FEs; (ii) network x date FEs; (iii) network x date
and network x hour-of-day FEs; (iv) network x date and network x week-day x hour-of-day FEs; (v) network x date and
network x quarter-hour-of-day FEs; (vi) network x date and network x week-day x quarter-hour-of-day FEs and (vii) network
x event window FEs. Error bars stand for 95% confidence intervals computed with SEs clustered at a network-window

level.
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Figure 1.34: Similarity before and after a tweet // Non-overlaps across content // Varying SEs clusters. Estimates
refer to a selection of @realDonaldTrump tweets posted between 2017 and 2020 - (i) short tweets have been dropped; (ii)
tweets that generate partially overlapping event windows over time have been dropped. Coefficients have been estimated
controlling for network x event-window FEs computed using only those observations belonging to non-overlapping event
windows (across content). Error bars stand for 95% confidence intervals computed with clustered SEs. From left to right:
(i) non-clustered SEs; (ii) SEs clustered by network; (iii) SEs clustered by network x week-of-the-year; (iv) SEs clustered
by network x date; (v) network x window.
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Figure 1.35: Similarity before and after a tweet between TV and Facebook (FB) news // Non-overlapping windows
across time. Estimates refer a to selection of @realDonaldTrump tweets posted between 2017 and 2020 - (i) short tweets
have been dropped; (ii) tweets that generate partially overlapping event windows over time have been dropped; (iii) tweets
for which cable news does not converge in content minutes after a tweet are dropped. Coefficients have been estimated
controlling for network x event-window FEs computed using only those observations that belong to (a) non-overlapping
event windows (across time) and (b) non-overlapping event windows where cable news converged in content towards
Donald J. Trump’s tweets, minutes after these. Error bars stand for 95% confidence intervals computed with SEs clustered
at a network-window level. Dependent variable subjected to an inverse hyperbolic sine transformation.
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Figure 1.36: Similarity before and after a tweet between TV and Facebook News // Non-overlaps across time //
Varying FEs specifications. Estimates refer to a selection of @realDonaldTrump tweets posted between 2017 and 2020
- (i) short tweets have been dropped; (ii) tweets that generate partially overlapping event windows over time have been
dropped; (iii) tweets for which cable news does not converge in content minutes after a tweet are dropped. Coefficients
have been estimated by controlling for unit-specific macro factors computed using only those observations belonging to
non-overlapping event windows (across time). From left to right: (i) network FEs; (ii) network x date FEs; (iii) network x
date and network x hour-of-day FEs; (iv) network x date and network x week-day x hour-of-day FEs; (v) network x date and
network x quarter-hour-of-day FEs; (vi) network x date and network x week-day x quarter-hour-of-day FEs and (vii) network
x event window FEs. Error bars stand for 95% conf. intervals computed with SEs clustered at a network-window level.
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Figure 1.37: Similarity before and after a tweet between TV and Facebook (FB) news // Non-overlapping windows
across content. Estimates refer a to selection of @realDonaldTrump tweets posted between 2017 and 2020 - (i) short
tweets have been dropped; (ii) tweets that generate partially overlapping event windows over content have been dropped;
(iii) tweets for which cable news does not converge in content minutes after a tweet are dropped. Coefficients have
been estimated controlling for network x event-window FEs computed using only those observations that belong to (a)
non-overlapping event windows (across content) and (b) non-overlapping event windows where cable news converged in
content towards Donald J. Trump’s tweets, minutes after these. Error bars stand for 95% confidence intervals computed
with SEs clustered at a network-window level. Dependent variable subjected to an inverse hyperbolic sine transformation.
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Figure 1.40: Trump-related coverage before and after a tweet // Non-overlaps across time // Reaction per topic (2).
Estimates refer to a selection of @realDonaldTrump tweets posted between 2017 and 2020, as in previous figures. In
this figure | plot those estimates referent to 4 out of 10 topics consistently addressed by President Trump on Twitter - (5)
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95% conf. intervals computed with SEs clustered at a network-window level.
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Figure 1.44: Similarity before and after a tweet / Non-overlaps across time // Reaction per topic (3). Estimates refer
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those estimates referent to 4 out of 10 topics consistently addressed by President Trump on Twitter - (9) White House, (10)
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refer to a selection of @realDonaldTrump tweets posted between 2017 and 2020, as in previous figures. In this figure |
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Chapter 2

Is Congress Watching TV News?

Evidence from Congressional Tweets

Abstract

Evidence in support of an agenda setting power from mass media on the agenda of
politicians is based on correlations. Using novel intra-day content measures for televi-
sion news and congress-members’ statements, | provide a causal assessment of tra-
ditional mass media’s agenda-setting power. | start by constructing an original dataset
with precise timestamps and transcripts for each instance that a breaking news was
covered on one-year of cable television news. Timestamps are retrieved from video
data, images referring to a breaking news being identified through an image retrieval
algorithm. Transcripts are retrieved from cable networks’ closed captions. Then, | con-
struct a dataset covering the universe of tweets posted by U.S. congress-members’
in that same year. Lastly, | study if and how congress-members’ react on Twitter to

television breaking news in real-time, using narrow time windows.

74



2.1. Introduction

Are politicians reacting to an agenda set by traditional mass media? Existing evidence

in support of this hypothesis is based on correlations and focuses only on social media

( : )-

In this paper, using intra-day content measures for U.S. legislators’ reactions and cable
news television, | intend to causally identify an agenda-setting relationship between a
traditional mass medium, television, and politicians’ public agenda. In doing so, | will
contribute to strands of literature that measure the effects of television coverage on
policy and political outcomes, such as: foreign aid provision ( ,

), political accountability ( , ), political polarization

( , ), among others.

In addition, if politicians are reacting to an agenda set by cable news television, are

they reacting to alternative outlets depending on their political affiliation?

| will leverage on having content measures for media outlets recurrently classified as
liberal (CNN and MSNBC) and conservative (FOX NEWS) to study this hypothetical
relationship ( , ; , ;

: ). Here | will be contributing to literature relating partisan media with a
variety of outcomes: voting behavior ( , ;

, ), political discourse ( , ), judicial outcomes (

, ) and, more recently, health behavior ( , :

| construct a novel data of intra-day content measures for cable news television - times-
tamps and transcripts for breaking news released by CNN, FOX NEWS and MSNBC. |
take advantage of having access to one year of data related to the universe of content
broadcasted by CNN, FOX NEWS and MSNBC - video and timestamped transcripts,

provided by TV News Archive. Breaking news are identified from video data through
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computer vision techniques. Transcripts are retrieved from closed captions - subtitles

made available by networks to individuals with hearing disabilities.

Then, | retrieve each elected congress-member’s tweets from Tweets of Congress.
These are used as real-time reactions from congress-members to ongoing newsworthy
events, constituting at the same time a standardized representation of their expressed

issue agenda in other communication channels such as Facebook and press releases

( : )-

To understand if congress-members react in real-time to breaking news put forward by
cable news outlets, | study their tweets in narrow time windows centered in each re-
leased breaking news. To control both for macro factors and for time-invariant member-
specific characteristics | use within-congress-member variation in the sorts of topics
addressed on Twitter: | classify breaking news in topics through an unsupervised
classification method; then, | retrieve an array of keywords for each topic; | classify
congress-members’ tweets in news topics through the generated keywords; at last, |
study if and how legislators react on Twitter to breaking news related to topics of their

own interest (according to their posting history).

While using computer vision techniques to time instances where breaking news are
broadcasted, | am contributing to a recent literature in political science and economics
that introduces computer vision methods to retrieve data from images (see

, for a survey) and video ( , ). In addition, by clas-
sifying both tweets and breaking news in common topics, | contribute to a strand of

economics literature that uses text as data ( , ;

; )-

The remainder of the paper is organized as follows. Section 2.2 describes the data
sources; Section 2.3 describes the empirical setting, defines treatment and outcome
variables and presents the empirical specification to be estimated; Section 2.4 outlines

future steps.
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2.2. Data

| am constructing a high-frequency panel dataset linking in real-time representatives’
Twitter activity with cable news television content. To do so, | am leveraging on three

different data sources:

Congressional timestamped tweets. Text and timestamp for the universe of tweets
posted by U.S. Congress members present on Twitter - made available by Tweets of
Congress. Information on tweets is from Twitter's API, encompassing not only text
and timestamps but also if a tweet was sent from a computer, smartphone or social

management app.

Additional information on the sources for congressional tweets data, together with pre-

liminary descriptive statistics, is provided in Appendix A.

Cable news timestamped transcripts. Text and timestamps for the universe of di-
alogues broadcasted by U.S. cable news networks - courtesy of TV News Archive.
Retrieved from closed captions, i.e., transcriptions of dialogue taken place in short win-
dows of time (no more than 10 seconds), made available for individuals with hearing

disabilities.

Cable news breaking news timestamps. Timestamps for breaking news broad-
casted by U.S. cable news networks. Retrieved from cable news broadcast videos -
courtesy of TV News Archive. Stories labelled as “breaking” or “alert’ are identified
within videos through computer vision techniques, as described in Appendix C and

Appendix D.

Examples of closed captions and images are provided in Appendix B. These are pro-

vided for illustrative, and thus non-consumptively, purposes.

Data provided by TV News Archive covers the universe of content broadcasted by
CNN, FOX News and MSNBC. | have been given access to a one-year sample - from
July 2018 to June 2019 (included).
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2.3. Empirical Strategy

| intend to study if breaking news being broadcasted on cable news television (treat-
ment) have a causal impact on posts and content posted on Twitter (outcome) from

elected U.S. congress-members (units).

In this section | formally describe my empirical setting (2.3.1); | define my treatment
variable (2.3.2); | define my outcome variables (2.3.3) and, | outline my empirical spec-
ification (2.3.4).

2.3.1 Setting
Television

Take a cable station s; denote a piece of news as n.

Each station s will put forward C; number of breaking stories throughout a period of

time, thus being mapped to a vector of breaking news N,

N = (n!,n% .. ,n&1 nb), (2.1)

S? s?

Each breaking news n will be released at period e,,, for a particular duration of time d,,
with a specific choice of wording w,, and on a topic k,,. Define then a breaking news

as a quadruplet of features,

n=(en,dn,Wn, Kn). (2.2)
Each feature is retrieved from television data, through alternative methods - starting
time t™ and duration d™ are collected from stations’ video footages (described in Ap-

pendix C and D); wording w™ is recovered, using t™ and d", from stations’ closed
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captions; topic k™ is recovered by fitting an unsupervised topic classification model on

a corpus containing each identified “breaking news”.
Twitter

Then, take a congress-member i; denote a tweet as r.

Each congress-member will post C; number of tweets throughout a period of time, thus

being mapped to a vector of tweets R;,
Ri= (v}, v3, ., ro 1 vl (2.3)

Each tweet r, irrespective of the congress-member, will be posted at period e,, on a
topic k, and with a particular choice of wording w,. Hence, define a tweet as a triplet

of features,
r= (er, Ky, Wy). (2.4)

These features are available only for elected congress-members: starting time t" and
wording w" are retrieved from Twitter's API; topic k™ is assessed by filtering tweets
according to breaking news topics keywords (these keywords are retrieved by fitting an

unsupervised topic classification model on “breaking news”, as described previously).
Television and Twitter

Topics from breaking news and tweets belong to a common set of topics KK,

kn and k, e K,¥ynelN and Vr € R, (2.5)

where IN stands for all breaking news broadcasted on cable news television; where R

stands for all tweets posted by congress-members on Twitter.

79



2.3.2 Treatment

Treatment can be defined differently, according to which assumptions are made regard-

ing both breaking news and tweets topics. If one assumes:

Homogeneous breaking news and tweets. Homogeneous breaking news imply that
treatment should be understood as any piece of breaking news being put forward by
a television station. Homogeneous tweets imply that, if we abstract from congress-
member-specific characteristics, treatment is assumed to have an identical intensity

across members.

In formal terms, treatment is defined via a treatment indicator b} equal to 1 in period t

if and only if any breaking news is broadcasted in period t + j,

bl =1[t+j=en, Vne N, (2.6)

Heterogeneous breaking news and homogeneous tweets. Heterogeneous break-
ing news imply that treatment differs depending on a news topic. At the same time,
if we abstract again from member-specific characteristics, homogeneous tweets imply

an identical intensity of each treatment across representatives.

Treatment is to be defined as a treatment indicator b)* equal to 1 in period t if and only

if a breaking news of topic k is broadcasted in period t + j,

b*=1[t+j=e, and k =ky, Vn € N]. (2.7)
Heterogeneous breaking news and tweets. Treatment differs in terms of news top-
ics. Additionally, if congress-members cover through their tweets different distributions

of topics, treatment is expected to have a varying intensity across congress-members

- members are expected to react more promptly to topics of their own taste.
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Treatment is then formally defined as a treatment indicator b{f equal to 1 for congress-
member i in period t if and only if a breaking news of a topic k, a topic recurrently

tweeted by congress-member 1, is broadcasted in period t + j,
b =1[t+j=en, k=k, and ke Q}, VneN], (2.8)
where Q! stands for a fourth quartile of a distribution of topics tweeted by congress-

member 1i, topics being ordered according to tweets frequencies.

In this paper | take breaking news as heterogeneous, between and within networks
(to be assessed as soon as breaking news are identified). At the same time, | as-

sume tweets are heterogenous between congress-members (in line with findings from

).

Hence, from here onwards, treatment is defined as in Equation 2.8.

2.3.3 Outcome

To answer the question - “are politicians reacting to an agenda set by traditional mass

media?” - | assess how similar are congress-members’ tweets to recent breaking news.

In order to do so, | define outcome yi. as the textual similarity between tweets of
congress-member i posted in period t with the breaking news closest in time to period

t.

In formal terms,
Yit = sim(w;,wy), Vr € Ry and n:= argmin, {le, — t|}, (2.9)

where sim(w,,w, ) is a textual similarity metric (e.g., Jaccard’s similarity metric, de-

fined as the intersection over the union of w, and w,,).
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2.3.4 Design
General

To study if breaking news have a causal impact on congress-members’ Twitter agenda,

| will implement an event-study design (for a methodological review, see

: )-

In particular, | will estimate a standard event-study specification:

j
Y= | D_BF b | i+ 0+ e, (2.10)

keK \ j

where i stands for congress-member 1i; t stands for time period t; yi; is an outcome
variable (as defined in Equation 2.9); k stands for a news/tweet topic; K stands for the
set of news/tweets topics; j and j are bins for each breaking news window; b stands
for a treatment indicator (as defined in Equation 2.8); w; and 6, are congress-member

and time fixed effects (FEs), respectively.

With regards to identification, member FEs, time FEs and, consequently, treatment
effects, will be identified by exploiting fopic and time variation in (a) breaking news
and (b) congressional tweets. As made explicit in Equation 2.10 above, both types of
variation will be circumscribed to event windows centered around time periods when a

breaking news is released. | illustrate an event window in Figure 2.1.

Figure 2.1: lllustration of an Event Window.

en +j (% en—}—]T

Note: e, stands for the time period in which a breaking news n has been put forward by a
cable news television station; e,, +j and e, + j stand for the first and last observation of the
event window, respectively; t stands for time.
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To interpret [3}‘ as a real-time causal effect of breaking news on congress-members’
Twitter agenda, | have to argue for exogeneity - i.e., | must argue that any identified
treatment effect is only caused by event windows’ breaking news. To do that, | will
study members’ Twitter activity in narrow event windows (+15min). In particular, time

periods t will correspond to blocks of between 1 and 2.5 minutes.

In addition, | cast aside any possibility that event windows partially overlap in time - if |
do not, | would not be able to distinguish between pre and post breaking news periods
(a crucial distinction, necessary to test for pre-trends and simultaneously assess if

causal effects are, in some way, dynamic).

Figure 2.2: lllustration of Partially Overlapping Windows.

nq 11%)

— —
1+ |
CFM CFM time

Note: C, Fand M stand for CNN, FNC and MSN; n; and n, stand for different breaking
news; partial overlaps of event-windows are signaled in yellow and orange; t stands
for time.

As illustrated in Figure 2.2, partial overlaps are likely to happen in this setting: breaking
news are expected to be released by different networks in a staggered but close in
time fashion. To rule these out, | will: (1) identify clusters of breaking news, in time and

content; (2) define treatment with first breaking news within each cluster.

Last but not least, [5}‘ coefficients will refer to treatments that will not only affect a subset
of congress-members but also affect the same congress-member repeatedly across
time. Hence, [3}< should be interpreted as an average treatment effect on treated (ATT)
across treated units and within treated units (across time). With that in mind, a causal

interpretation of Bf is possible after testing for two alternative hypothesis:
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(1) treatment effects are heterogeneous across units; tested by estimating ATTs con-
ditional on dimensionalities that ex-ante would be expected to determine different

reactions to breaking news;
(2) treatment effects are unstable within units, across time; tested by estimating av-

erage treatment on treated conditional on different time periods.

Partisan
To understand if congress-members from different political affiliations react differently
on Twitter to breaking news, | will estimate different event-study specifications.

(1) To study if congress-members are more or less reactive to particular news topics,
depending on their political color, | will estimate two specifications identical to that in

Equation 2.10.

In essence, | will estimate Equation 2.10 with the following different selected samples:

1.1. treated units composed only of Republican legislators; control units identical to

those used to estimate Equation 2.10 in Subsection 2.3.4;

1.2. treated units composed only of Democrat legislators; control units identical to

those used to estimate Equation 2.10 in Subsection 2.3.4.

| estimate specifications identical to Equation 2.10 with selected treated samples so to

have treatment effects that are comparable across studies.

(2) To study if congress-members, conditional on their political family, are reacting more
or less promptly to breaking news depending on which station broadcasted that news,

| will estimate two different specifications.

In line with classifications from past literature:
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2.1. To test if Republicans are abnormally reactive to FOX NEWS:

j j

Yie=) | D BB+ B b Fe| 4w+ 0+ e, (2.11)
keK j j

where F; stands for an indicator variable equal to 1 if and only if breaking news

closest in time to period t has been released by FOX.

In terms of interpretation, Equation 2.11 allows me to distinguish between an
average treatment effect related to breaking news released by cable news televi-

sion stations in general and a FOX-specific treatment effect encompassed in B}‘f.

2.2. To test if Democrats are significantly sensitive to CNN/MSNBC:

j j

Y= (D B b +Y BT (0 -F) | b0 tben,  (212)
keK j j

where F, stands for an indicator variable equal to 1 if and only if breaking news

closest in time to period t has been released by FOX.

As above, Equation 2.12 allows me to distinguish between an average treatment
effect related to breaking news released by generic cable news television stations

and a CNN/MSNBC-specific treatment effect encompassed in [S}mf.

To estimate treatment effects comparable across analyses, | will estimate Equations
2.11 and 2.12 using selected panels. In particular, | will estimate Equations 2.11 and
2.12 with treated units being composed exclusively of Republican and Democrat rep-
resentatives, respectively. In both specifications | will also use control units identical to

those used in Equation 2.10.
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2.4. Conclusion

| have collected and pre-processed data referent to 6 months of video footage (17TB of

video footage downloaded and later pre-processed into 2.3TB of one-second frames).

| have written different image retrieval algorithms, capable of distinguishing between
news and breaking news frames (early validation exercises point for accuracies above

95%, when retrieving news frames).

In future iterations of this chapter, outside of the scope of this thesis, | intend to arrive
at a first set of results, using data referent only to 2019:S1 only. To arrive at these, |

will:

Retrieve breaking news timestamps and transcripts: retrieve exact timestamps for
breaking news broadcasted by CNN, FNC and MSN throughout January and June,
2019; after timing instances where breaking news have been broadcasted, | will retrieve

these periods’ respective transcripts using networks’ closed captions;

Classify breaking news and tweets into topics: with breaking news transcripts, clas-
sify news into topics by employing an unsupervised classification model (a LDA topic
model) on the corpus of transcripts; after, filter tweets according to keywords for each

news topics - to classify tweets in news topics;

Construct outcome and treatment variables and estimate event-study specifica-
tion: as soon as | have access to news and tweets texts, topics and timestamps,
construct outcome and treatment variables as defined in Section 2.3; then, construct
a panel dataset with outcome and treatment variables for U.S. congress-members and
estimate different empirical specifications as described in Equations 2.10, 2.11 and
2.12.

Validate image retrieval algorithms: perform an extensive validation exercise for both
image retrieval algorithms. In particular: extract a comprehensive random sample

of shows from data in storage; (2) skim manually through these to classify frames
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as news/ads and breaking/standard news; (3) map both classifications, human and

computer-based, to infer on how accurate both image retrieval algorithms are.
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Appendix A. Congressional Tweets
(back to Appendix)
Sources: Universe of tweets posted by U.S. congress-members made available

by Tweets of Congress. Metadata for each member (e.g., party) are provided by
@UnitedStates Project.

Table A.1: Descriptive Statistics for Cong. Tweets, Total and Across Parties.
(sample period - Jul