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Abstract

Do the police respond to media coverage of crime? In this paper, we study how a decline
in news coverage of local crime affects municipal police departments ldnibed States.
Exogenouwariationin localnewsis fromacquisitionsof local TV stationdy alargebroadcast
group,Sinclair. To controlfor othercontentchangeshatmight beinducedby Sinclairbutare
notmunicipality-specificweimplementatriple differencesin-differenceglesigrthatinteracts
the timing of the acquisitions with an indicator for whether the municipality is covered by
the news at baseline, a proxy for exposure to the local news shock. Using a unique dataset
of almost 300,00 newscasts, we show that stations that are acquired by Sinclair decrease
their coverage of local crime. This matters for policing: after Sinclair enters a marat,
covered municipalities experience 10% lower violent crime clearance rates relatime to
covered municipalities. Finally, we provide evidence to suggest that the effect is consistent
with a decrease in the salience of crime in the puwipiision.
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1 Introduction

Law enforcement is one of the most important functions of U.S. local governments, lyatese
limited understanding of what factors shape the incentive structure of police departiveaits (
(2020). Recent yearbaveseen an increased debate on the extent to which civil societyitoabl
influencethe behaviorof policeofficers. In this paperwe investigateaforcethatmight havearole

to play in this respect: locahedia.

Local media, and local news in particular, influence the behavior of public officials through two
main channis. First, by providing information to the public, the news facilitates monitoring
(Ferraz and Fina(011), Lim et al. (2019, Snyder Jr and Strombe(8010). This is especially

true at the local level, where the news garners high levels of kmisthf Foundatior(2018) and
servesasoneof thefew democratiavatchdoggRolnik etal. (2019). Secondwhatnewsthemedia
coverinfluencegerception®ftopicsthataresalientin thepolitical debatgDellaVignaandKaplan
(2007, Martin andYurukoglu (2017, Mastrorocco and Minal€2018), potentially affecting the
demand for specific policiess@lletta and As2019).

What makes local news uniquely positioned touefice police behavior, perhagpgenaboveand
beyond that of other public officials, is the fact that it focuses on a topic closely intertwined with
policing: crime. In local TV new$ the focus of our study crime is the most popular topic,
appearingn morethan20%of all localstories.Consideringhehighly decentralizeahatureof law
enforcemenin the United Stateswe arguethatthis makesstudyingtherelationshipbetweerocal

news and the police firstrder.

We studyhow changesn TV newscoverageof localcrimeimpactthe behaviorof policeofficers.

Our proxy for police behavior are clearance rates, i.e. crimes cleared over total'cTiongst
exogenousariationin newscontentwe exploitthefactthatin thelasttenyearsthelocal TV mar

ket has seen a large increase in concentration driven by broadcast groups acquiring high numbers
of local TV stations, and that acquisitions are likely to affect conf&ah((2016). Wefocus in
particular on the most active group in this sense: Sinclair.

Sinclair acquisitions affect content in two ways. First, Sinclair reduces local ndiaoirof a
national focus ilartin and McCrain(2019). This gives us variation in news coverage of local
crime, which is the changein contentwe areinterestedn studying. In additionto this, Sinclair
T aright-leaningmediagroupi also makescontentmore conservative.To control for this, we

IMore precisely, clearance rates are defined as total number of crimes cleared by arrest or exceptiamammeans
total number of crimes. A crime is considered cleared if at least one person has been arrested, charged, and turned
over for progcution or if the offender has been identified, but external circumstances prevent an arrest. Clearance
rates are highly sensitive to what resources are allocated to investigations and have often been used by conomists
study police behavior (see, amanthers,Mas (2006, Shi (2009, andPremkumaf2020).



make use of the fact that all households in a media market receive the same television éfferings.
This meanghatonceSinclairentersa mediamarket,all municipalitiesexperiencets conservative
messagingHowever,only somemunicipalitiesareexposedo the shockin newscoverageof local

crime.

Our proxy for exposure is the baseline probability that a municipality appears in theTimews.
intuition is thatthedeclinein local coveragalrivenby acquisitionsshouldonly matterfor munick
palitiesthatarelikely to appeain the newsin thefirst place(i.e. coveredmunicipalities).Instead,
municipalities that are never in the news (i.e.-comered municipalities) should not experience
any change and, as a result, function as our control grooe pMecisely, we define coversulr
nicipalities as municipalities mentioned in the news more than the median municigzliiyin

Our empirical strategy is a triple differeneesdifferences design that combines variatioym
thestaggerediming of Sinclair acquisitionswith crosssectionalariationacrossmunicipalitiesin

whether they are covered by the news at baseline. For this to identify a causal effect, it must be
the case that covered and raovered municipalities are on parallel trendé provideevidence
supporting this assumption using an event study specification that allows the relativeofeffect
Sinclair in covered and necovered municipalities to vary ovieme.

We begin by characterizing in detail how Sinclair acquisitions affee¢@ge of local crimélNe
dosousinganoveldatasebf transcriptof almost9.5millions storiesin 300,000newscastsThese

data allow us track news coverage of 323 stations weekly from 2010 to 2017, which represents a
significantlylargertime andgeographicoverageavith respecto previousstudiesof local TV news

content (see, for exampligloskowitz (Forthcoming).

We use these data to quantify the change in coverage of local crimeethdy Sinclailacqui
sitions. To do so, we identify crime stories using a patteased sequenadassificationmethod

that labels a story as being about crime if it contains a "crime bigram.” That is, if it contains two
word combinations (i.e. bigram#f)at are much more likely to appear in crinedated storieef
theMetropolitanDeskSectionof theNew York Timesthanin noncrimerelatedones.In addition,

we assign stories to municipal inamees based on

Wefind that ownership matters for content: once acquired by Sinclair, local TV stations decrease
news coverage of local crime. In particular, covered municipalities are 2.2 percentage points less
likely to be mentioned in a crime story after a station gegsiieed by Sinclair compared tomn
coveredmunicipalities.Theeffectis significantatthe 1% levelandeconomicallymportant,corre
sponding to almost 25% of the outcome mean in 2010. Examining the timing of comieges,

2A media market is a regi where the population receives the same television and radio station offerings. By
definition, each municipality belongs to a specific media market. There are 210 media markets in the United States.
Section 2.Jprovides further details.



we find a reduction in local crime coverage in the year that immediately follows the acquisition,
with the effect increasing over time. Other stations in the same media market do nottbeange
crimecoveragafterSinclairentry: themainresultis explainedoy aneditorialdecisionof Sinclair.

How doesthechangen newscoverageof local crimeimpactpolicing? We estimatdhatafter Sin

clair entersamediamarket,coveredmunicipalitiesexperiencel.5 percentag@ointslower violent
crimeclearanceatesrelativeto non-coveredmunicipalities.Theeffectis preciselyestimatedand
corresponds to 10% of the baseline mean. This shows that there is scope for extern&d forces
exert an influence on polideehavior, despite the fact that police officers are protected by strong
union contracts and civil servitaws.

Using an event study specification, we find no difference between covered andvesad mu
nicipalitiesin the four yearsbeforeSinclairertersthe mediamarket. The effectappearsvithin the

first yearaftertreatmentaindbecomesmallerovertime, whichis potentiallyconsistentvith view-

ers learning that the signal on local crime that they receive from Sinclair is biased, and adjusting
for it based on their own observation or other mediarces.

In contrast, property crime clearance rates do not experience a similar declineetérageneity
can be explained by the fact that local TV news has a clear violent crime\féedecumenthis

in our databy traininga classifiermodelto identify whetherlocal crime storiesareabouta violent

or a property crimeéWe show that 75% of the @ties are about a violent crime and only 17% are
about a property crime, a difference whickevenstarker if we consider that property crimes are
more common by orders of magnitude. Our unique content data underpin one of tim@wabst
contributionsof this paper:theability to characterizén detailthecontentshockandpreciselymap
content into the reakord outcomes we are interesteditndying.

The effect on the violent crime clearance rate is not explained by changes in violent crime rates.
However wefind that,after Sinclairentry,coveredmunicipalitieshavehigherpropertycrimerates

relative to norcovered municipalities. This can be explained by a decreased incapaaitation
deterrenceffectdueto the lower clearanceates.Finally, we do not find evidenceof thedecrease

in crime coverage affecting police violence, although we cannot draw strong conchestanse

of the imprecision of ouestimates.

Wepr opose the following explanation fwolntour r e
crimes are less frequent, crime loses salience in the eyes of local ditidengolice findthem

3Wealso provide evidence of the robustness of our estimdtes taking into account concernseterogeneous
treatment effect with two way fixed effects estimatatse( Chai semar t i n(202g).d DoO6Haul t f1T uil
4Crimenewsareoneof themostimportantdeterminantf salienceof crime, moresothanactualcrimerates(see
R a méAlvarez (Forthcoming, Shi et al.(2020 andVelasquezt al.(2020). In addition,Mastrorocco and Minale
(2018 show using data from Italy that, when exposed to less crimedeiaivs, individuals become less concerned
aboutcrime.



selves operating in a political environment where there is less pressure to clear violent crimes. As

a result, they might reallocate their resources away from clearing these crifaesr iof other

policing activities.Two pieces of evidence are consistent with this explanation. First, we use data

on monthly Google searches containing the terms "crime" and "police" to show that indeed, after
Sinclairentersa mediamarket,thesalienceof theseissueslecreasesSecondwe notethatthekey

audience of local news, individuals over 55 years of age, are also an important interest group for
local politics and law enforcement in particul&@ao(dstein 2019. Consistent with this, we find

that the effect is driven precisely by those municipalities where individuals over 55 yeges of
constitute a larger share of the populatidfe interpret this evidence as supporting ttiea of a
feedback mechanism from salience toprpssutei ce be

Alternatively, it is possible that the effect might be explained by explicit monitoring pbtice.

If police officers anticipate a lower probabyjliof appearing in the news if they fail to solve a
crime, they might shirkWe find this explanation to be less convincing because the decline in
crime reporting is almost entirely driven by stories about crime incidents as opposed to stories
that are amestrelated, thus not changing the probability of delays in solving a crime being the
subject of astory. The same result also suggests that it is unlikely that perceptions of police are
negatively affected by the content change, which makes it uncleacevhshunity cooperation

with the police should be affected by Sinclextry.

A long tradition in the economics of media shows that the media influence the behgubtiof
officials. By providing information on current events, the media performs a miogittunc-

tion (Ferraz and Fina(201J), Lim et al. (2019, Snyder Jr and Strombefg010). In addition,
media content i mpacts i ndi DelaVigaalasdKapa@OOin,ef s an
Martin andYurukoglu (2017, Mastrorocco and Minal€2018, Durante et al(2019). We con

tribute to this literature in twavays. First, our extensive content data, which span multiple years
and include a large share of TV stations, allow us to precisely document and quantify the content
changes and their timing following acquisitions. As a result we can exactly map out hew co
tent influencegolicy. Second, in the discussion of the mechanisms, we provide evidence on how
mediainduced changes in perceptions may feed back into the behavior of public offitials.

two papers that are closest to ours in this respeckalietta and Asif2019 andAsh andPoyker

(2019, whichstudyhow FOX Newsinfluencedocalgovernmenspendingandj u d gemtenting
decisons;theyalsoshowthattheway in whichthe mediainfluencepreferencesight havea pol

icy impact.We addto thesepaperdy studyinghow local TV newscontentmight influencepolice
behavior through crimperceptions.

One of our most policyelevant findings is that ownership of local TV stations affects content in
a way that is consequential for public officials: the trend of increasing concentration, which cur



rently characterizes not only the local Thdustry but also other media types sucim@sspapers
(Hendricksor(2019), might havetangibleexternalitiePrat(2018, Stahl(2016). Thisquestions
theuseof standardriteriain competitionandantitrustregulationof mediaindustriegRolnik et al.
(2019). Consistentwith Martin andMcCrain (2019, we confirmthatSinclairacquisitiondeadto
a crowding out of local news favor of national storiesWe add to this paper by investigatitige
consequences of this shift for the behavior of palitieers.

Finally, we contribute to the growing literature aimed at understanding the determinants of po
lice behavior (see, among otheBs (2019, Chalfin and Goncalve2020, Dharmapala et al.
(Forthcoming, Grosjean et al(2020, Mas (2006, McCrary (2007, Stashko(2020) and the

role played by institutional level incentives in particul@o(dstein et al(2020, Harvey (2020,
Makowsky and Stratman2009). To the best of our knowledge, ours is one of the first studies
to provide systematic causal evidence on how crime news influences the police. It is particularly
interestingto contrastour finding thatareductionin newscoveragef localcrimedecreaseslear

ance rates with the evidence that increases in monitoring following scandals can soimetgnes
thesameeffect(BaandRivera(2019, Premkumar2020, DeviandFryerJr (2020). Thetwo re-

sults can be rationalized by the attentchange being of a very different nature: negative outside
pressurdollowing scandalss likely to beverydifferentthanincrease# crimesaliencedrivenby

media coverage of crimacidents.

The remainder of the paper proceeds as follows. In the next section we present the badkground,
Section3 thedata,andin Section4 theempiricalstrategy.The mainresultsof theeffectof Sinclair

on local news are in Section 5, and the results oétteet of Sinclair on police behavior aire
Section 6. Section 7 discusses potential mechanisms. Finally, we conclude in &ection

2 Background

2.1 Institutional Setting

A media market, also known as designated market area (or DMA), is a region wheoplse
tionreceiveghesametelevisionandradio stationofferings. Mediamarketsaredefinedby Nielsen

based on householdsd viewing patterns: a cour
ma r k statiofissachieve the highest viewership shaliel$en(2019).> As a result, media mar
ketsarenonoverlappinggeographiesin eachmarket,we focuson stationsthat are affiliated to

SCounties can be split across media markets, but this happens rarely in practice. As nigteskdyitz
(Forthcoming, only 16 counties out of 3130 are split across media markets. Similarly, while media markets are
redefined by Nielsen every year, only 30 counties changed their media market affiliation between 2008 and 2016.



oneof thebig-four networks(ABC, CBS,FOX, andNBC) astheytheytendto takeup mostof the
viewership and be the ones producing local news€asttact, 85% of local TV stations theb
so belong to this categori?&pper2017).

2.2 Local TV News

Althoughits popularityhasbeendecliningin recentyears,Jocal TV newsremainsa centralsource

of information for many Americans. In a 2017 Pew Research Center report, 50% of U.S. adults
mentioned often getting their news from television, a higher share than those turning to online
sourceg43%),theradio (25%),or print newspaper£l8%) (GottfriedandShearer2017). Among

TV sources, news stories airing on local TV statibagelarger audiences than those on cairle

on national networks\{atsg 2019.

In addition, the overarching narrative regarding the decline in TV news masks substantial het
erogeneity. First, the decrease in viewership has been limited outsi#5 toediamarkets
(Wengerand Papper201&). In fact, local TV news still plays an important role in small and
mediumsizedmarketspothin termsof viewershipandbecausé¢heretendto befeweroutletssuch

as newspapers producing original news focusing on theg\dferegerand Pappel018&).

Second, the decline has been concentrated in younger demographics, while the core audience of
local TV newsi thoseaboves0, who constituteZ 3%of theviewershipi hasnotbeenbeenaffected
(Wengerand Papper2018&). Considering that local TV news also tends to garner the highest
levelsof trustfrom the public (Mitchell etal., 2016), it constitutesanimportantsourcehathasthe

potential to shape public information goerceptions.

What is local TV news about? Our novel contentddlow us to provide a precise answer to the
guestion. Newscasts of local TV stations include both national and media 1slaekéic stories.

As we show irFigure | Panel (g)approximately 30% of stories are specific te thedia market,

in that they mention at least one same media market municipality with more than 10,000 people.
Crime is a prime subject of local TV news: 22% of local stories are ¢gtated (13% overall).

Tohaveamorecompletepictureof thebreakdowrof topicscoveredn local TV news,wealsotrain
anunsupervisetlDA modelwith five topicsonthe 1.8million localstoriesin ourcontentdata® In

5Networks are publishers that distribute branded content. Affiliated stations, although under separate ownership,
carry the television lineup offered by the network while also producing original content. With few exceptions, each
network has a single affdte by media market.

"We discuss in detail the content data and the methodology we use to identify local stories and crime stories in the
following section.

8Appendix Figure shows word clouds with the 50 words that havehilgaest weight for the five topics, which
can be easily identified to be related to crime, events (also possibly a filler topic), politics, weather, and sports.



Figurel Panel(b), we showthe averageopic shaesacrossll local newsstories.Again, the most
covered topic is crime (with a topic share of 26%), followed by events (23%), and {alit¥¢3.
Weatherand sports also appear in local stories, although to a lesser extent. Given thearsne

of TV newscasts, studying the relationship between local news and police departmentstappears
be firstorder.

2.3 The Sinclair BroadcastGroup

Since 2010, the local TV market has seen the emergence of large broadcast groups owning a
significant share of local TV stationslétsg 2017). We focus on one of the most active players

in thelocal TV market: the Sinclair Broadcast Grodjgure 11 shows the number of local TV
stations under Sinclair control monthly from 2010 to 2017. Sinclair expanded from 33 stations
January 2010 to 117 stations in Deceml@t72 which corresponds to about 14% of all-tagr
affiliates. As shownin Figurelll , therehavebeenacquisitionan mediamarketsacrosghe United

States, although Sinclair was particularly active in meesizad medianarkets.

With respect to other broadcast groups, Sinclair holds a-kegining political orientatiorisee,
among othersKolhatkar(2018, Miho (2020, andFahri(2017) and it appears to be particularly
interested in controlling the messaging of its statiést(n and Bromwichi{2018). Importantly,
after acquisitions, stations maintain their call sign, network affiliation, and news anchaightit
take time for viewers to realize that content ¢taenged.

Existing research supports the anecdotal evideleetin and McCrain(2019 show using a
differencesin-differences design that when Sinclair acquired the Bonten Media Grd{i
theideolagical slantof Bontenstationsmovedto theright. Miho (2020 showsthatSi n c toai r 6 s
servativdeaningmighthaverealword effects,with exposurdo Sinclairownedstationsncreasing

the Republican vote share in presidential elections. In additlartjn and McCrain(2019 also

show that Sinclair acquisitions increase national coverage mostly at the experc stoldes.

These content changbavelimited negative effects on viewership, at least in the short

2.4 Municipal Police Departments

Law enforcement in the United States is highly decentralized. Municipal police departments are

the primary law enforaaent agencies in incorporated municipalities: they are responsilye for
spondingo callsfor service,investigatingcrimes,andengagingn patrolwithinthemu ni ci pal ity
boundaries. Municipgbolice departmentare lead by a commissioneor chiefthatis generally



appointed (and removed at will) by the head of the local government. For more detidués on
functioning of law enforcement agencies in the United Statesgeendix A

3 Data and Measurement

This paper combines multiple data sources.

Station Data. Our startingsampleare835full-poweredcommerciallV stationghatareaffiliated

to one of the big four networks (ABC, CBBOX, and NBC)? Information on the marketerved
by each station andegrly network affiliation 2012017 is from fromBIA/Kelsey, an advisory
firm focusing on the medimdustry.

Sinclair Ownership and Control. | nf or mat i on on Sinclair contro
reports to shareholders. In particular, we collect information on the date on which Sinclair took
control over the stationds programmi ngthe When
exact date otakeover,we recover this information from the BIA/Kelsey data, which incltige

full transaction history of all stations in the sam{Jl&Ve consider stations to be controlled by

Sinclair if they are owned and operated by the Sinclair Bretd@roup, if they are owned and
operated by Cunningham Broadcasting, or i f Si
a local marketing agreemettWe use Sinclair acquisitions to refer to Sinclair contreér the
stationds c o gangofthesdirstareas mnleseotherdimeified:?

Newscast Transcripts.To study how Sinclair acquisitions affect content, we use transcripts of
local TV newscasts frorShadowTV,a media monitoringompanyFor each station, weavethe
closedcaptontranscriptf all eveningnewscast$5-9pm)for arandomlyselectedlayperweek.
Thedatacover323(39%)stationsn 112 mediamarketsrom 2010to 2017,for atotalof 291,323
newscastsWesegment each transcript into separate stories using an automated prbasddre

9As discussedn Section2.1, this choiceis motivatedby thefact thatthesestationsendto havethelargestviewer
shares and produce their onewscasts.

®We use annual reports as our primary sour @egamecause
ming in addition to outright ownership, which the BIA/Kelsey data is limited to. In pantjdhia BIA/Kelseydata
doesnotreportinformationonlocal marketingagreementanderwhich Sinclair effectivelyoperateshestationswhile
not owningit.

UsSinclair has a controlling interest in Cunningham Broadcasting, although it does not haveity ofajoting
rights. The strong ties between Sinclair and Cunningham are also evidenced by the fact that as of the end of 2017,
the estate of Carolyn C. Smith owned all of the voting stock of the Cunningham Stations. She is the mother of the
two controlling shareholders of Sinclair. Under a local marketing agreement, Sinclair operates the station therefore
controlling itsprogramming.

12The large majority of stations under Sinclair control are owned and operated by Sinclair directly. Allowing for a
more canprehensive definition of control sets a different treatment date for around 10 stations out of the 121 that are
ever controlled by Sinclaippendix Table column (1)).



on content similarity across sentes@®scribed in detail iAppendix B which gives u®.5m
separate stories.

We use the segmented transcripts to measure whether a municipality appears in a crime story. We
identify crime stories about a municipality using fbkowing procedure:

1. Wedefine a story to be local to a given municipality if the name of the municipality appears
in it. | f multiple muni cstgpyave define the sioryribe me s a
local to all of thent2 For each station, we search the name of all municipalities witastt
10,000 people according to the 2010 Census that are located in the media market the station
belongs toWeexclude smaller municipalities as they are likely to receive a neglgfible
of overallcoverage.

2. We identify whether a story is about crime using a pattased sequenadassification
method. The method defines a story to be about crime if it contains a bigramrthathis
more likely to appear in an external criredatedlibrary, as opposed to a non crireated
one, and is similar to the one usedHygssan et a2019 t o i denti fy fir ms
political risk from quarterly earningsalls.

The crimerelaed training library we consider are articles from the Metropolitan Dé&sk

the NewYork Times with the tags Crime Statistics, Criminal Offenses, or Law Enforce
ment 20162012, that we download from Factiva. The non crielated training librarys
compesed of all Metropolitan Desk articles without those tags over the same peacid.
library is composed of all adjacent two word combinations (i.e. bigrams) contained in the
articles. We focus on bigrams because they tencdcomveymore information tharsingle
words. We remove punctuation and stop words and lemmatize the remaining words using
Wo r d Nlentmatger.We usearticlesfromtheNew York Timesastheyareareadilyavail

able, previously tagged corpus, but focus on the Metropolitan Desk to capture latigiage

is appropriate to local nevesories.

We define a bigram to be about crime if it is ten times more likely to appear in the crime
related library versus theon crimerelated one. Focusing on the relatively frequency of
bigrams between the two libraries allows us to filter out common use bigrams (e.g. "New
York", "last year") that are likely to appear in the corpus but are not specific to crime. We
additional filter out uncommonly used bigrams that might show up only because of noise
by selecting bigrams that appear at least 50 times in the crime library.

We identify 179 crime bigrams following this procedutg@pendix Figure Il shows word
clouds for the selected bigrams, where the size of the word is proportional to its relative

1375%of local crime storiesmentiona singlemediamarketmunicipality, 20% mentiontwo municipalities andthe
remaining 5% mention three wore.
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frequency (Panel (a)) or its overall frequency in the cnielated library (Panel (b)). The
bigramswe identify to beaboutcrimearequitegeneralandmakeintuitive sensee.g."police
said", "police officer", "law enforcement”. In addm, they do not display an ideologically
drivenview of crime,which lowersthe concernof measuremergrrorsystematicallywarying
with Sinclairacquisitions.

We validate the procedure by comparing the classification of local stories (i.e. shaties
mentionat leastoneof the municipalitieswith morethan10,000peoplein the mediamarket)

that we obtain following this methodology and a content characterization that fesults
training an unsupervisddDA model withfive topics on the same stories (seection2.2).
First,goingbackto Figurel, we seethattheshareof local storiesaboutcrimethatwe identify

with our methodology (22%) is very similar to tbeerall weight of the crime top¥26%).
SecondAppendixFigurelll showsthatstoriesaboutcrimedisplaysignificantlyhighercrime

topic shares than nesrime stories. Overall, these results indicate that the procedure we
follow successfully identifies crimgtories.

3. Wecombinethedefinitionsto createanindicatorvariableequalto oneif agivenmunicipality
was mentioned in a crinstory by a given station in a giveeek.

Our starting sample is composed by stations that are continuously present in the content data
20102017, and municipalities thaavemore than 10,000 peopMVe only include municipality

station pairs where the station and the municipality belong to the same media market. tm order
maximize sample size in the presence of short gaps in the content data, we replacebsssing
vations in spells shorter thandveonsecutive months using linear interpolation @&Geeendix B

for moredetails),butwe showthatour findingsarerobustto leavingtheseobservationgasmissing

in Section 5.41n addition, we drop municipalities whose name never appears in the content data
(14 municipalities). The resulting sample includes 323 stations and 2201 municipalities in 112
mediamarkets.

Crime and Clearance Data.Crime and clearance data are frone tiniform CrimeReports
(UCRs) published by the Federal Bureau of Investigation (FBI) 2017 * UCRs arecompiled

from returns voluntarily submitted to the FBI by police departments. They report monthly counts
of offenses known to the police and couafsoffenses cleared for three property crinflesr-

glary, larcenytheft, and motor vehicle theft) and four violent crimes (murder, rape, robbery, and
aggravated assaulijVe use UCRs to study crime rates, defined as crimes per 1,000 paagble,

clearanceates, defined as cleared crimes over tiates!®
1UCR data 2022016 are from NACJR2017 UCR data for 2017 are frolaplan(201%).

15A crimeis consideredtlearedf atleastonepersorhasbeenarrestedchargedandturnedover for prosecutioror
if the offender has been identified, but external circumstances prevaméesn
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We aggregate the data at the year level for two reasons. Thédsgo do with the definitioaf
clearance rates. When there are no offenses over the time period considered, the densminator
zeroandtheclearanceateis undefined Aggregatinghedataattheyearlylevelallowsusto create

a balanced sample without sacrificing sample size. Second, there is no perfect correspondence
between the crimes that are reported as being cleared in a certain month and thetakegses

place in that month, although the vast majority of arrfespgpen relatively close to the datetlod

incident. Using the yearly data minimizes thmgsmatch.

UCR data may contain record errors and need extensive cleaning, as sHovanbynd Owens

(2007 andMaltz andWeiss(2006. Following the state of the art in the crime literature (see,
amongothers,ChalfinandMcCrary(2018), Mello (2019, Premkuma(2020), we usearegression

based method to identify and correct record errors, and define crime rates using a swarothed

sion of the population reported in the UCR&describe the data cleaning procedure in detail in
Appendix B Finally, we winsaize crime and clearance rates at the 99% level to minimizethe in
fluence of outliers. Nonetheless, we show that our results are robust to the data cleaning procedure
in Section6.5.

Our startingsampleis composedy municipalitieswith morethan10,000peoplewith a municipal
police departmenftlo create a balanced sample, we exclude municipalities that do not eontinu
ously report crime data to the FBI and do hateat least one violent and one property crime
everyyear.In addition, the empirical strategy requires restricting the sample to municipktities
catedin mediamarketsncludedin thecontentdata.Ourfinal samplencludesl752municipalities
(seeAppendix Bfor moredetals).*®

Municipality Characteristics. Municipality characteristics are from the 202610 American
Community SurveyNlanson et a).2019. We construct the Republican vote share in the 2008
presdential election aggregating precinct level returns to the municipal level. Precinct level re
turns are from the Harvard Election Data archid@golabehere et al2014). When these are

not awailable (approximately 10% of the sample), we assign to the municipality the share who
voted Republican in the county the municipality is located in. County level returns are from the
MIT Election Data and Science L&2017).

Media Market Characteristics. Media market characteristics from 202017 are from th€en
sus Bureau (demographics), the Bureau of Labor Statistics (unemployment), and the Bureau of
Economic Advisers (income per capitaurmout and Republican vote share in presideeted
tions are from thé/IT Election Data and Science L#2017). In all cases, we start fromounty

16The sample for the content analysis includes 476 municipalities not in the police behavior analysiareThese
municipalitieswith morethan10,000peoplein mediamarketsfor which we havecontentdata,butthatdonot satisfy
theconditiongto beincluded in thepolicebehavioranalysigfor example becaus¢heymightcontinuouslyreportdata
totheUCR). Weincludethemin orderto maximizepower,butshowin Section5.4thatthisdoesnotaffectourresults.
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level data and aggregate them to the media market level.

Police Violence. Dataon police-involvedfatalitiesarefrom FatalEncountersFatalEncounterss
a crowdsourced dataset that aims to document all deaths where police are présesived’’
We use the data to define an indicator variable equal to one if the police departméntolvas
in at least one death in a giveear.

Police Expenditures and EmploymentDat a on police departmentso
U C R éasv Enforcenent Officers Killed in Action (LEOKA) files, which report the numbsr
swornofficersandcivilian employeessof Octoberof eachyear(Kaplan 201%). Wesupplement

these data with expenditures and employment from the Annual Survey of State and Lecal Gov
ernment Finances and the Census of GovernmentsZDIIQ which are published by tBensus

Bureau.

Google Trends.To study the effect of Sinclair on satice of crime, we collect data on monthly
Google searches containing the terms "crime”, "police”, "youtube”, and "weather" at the media
market level using the Google Trends API (8ge@endix Bfor more details).

3.1 Descriptive Statistics

AppendixTablell columns (1) to (5) show descriptive statistics for the main variablesidered

in the analysis. Panel A shows that the average municipality was mentioned in 26% of newscasts
in 2010, and appeared with a local crime story in 10% of them. Panel B reports the average prop
erty and violent crime and clearance rates for theesgear, and Panel C reports seetmnomic
characteristics of thesaunicipalities.

The sample is restricted to municipalities for which lve&ecoverage information, which might
raiseconcerngelatedto the externalalidity of ourfindings. However AppendixFigurelV shows
thatthecontentsamplehasgoodgeographicoverageln addition,AppendixTablell columns(6)

to (10) report descriptive statistics for all municipalities with nbes 10,000 people thsatisfy

the conditions to be included in the police behavior analysis for comparison. The municipalities
included in our sample appear to be highly comparable to other municipalities, as is cobjirmed
the p-values reported in cofan (11).

TAwnile the data is notoriously challenging to collect sedfy, Fatal Encounters aims to provideamprehensive
account of these incidents through "Freedom of Information Act requests to police departmestsapilgof
news sources, pai@searchers to run additional searches and data checks from public sources, and aggoegation
multiple othersources'{Premkumag2020). It is consideredo bethemostcomprehensiveatasebf police-involved
fatalities. The database can be accessed
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4 Empirical Strategy

Theobjectiveof thispaperisto studyhow TV newscoveragefamu n i ¢ i prienéimpacygin-s

lice behavior thatwe proxy usingclearanceates.The major challengeto answeringhis question

is finding ashockto newscoveragef local crimethatis exogenouso clearanceates.Weaddress

this issue by exploiting a supply driven change in local TV news coverage. That is, we exploit a
changean contentthatis explainedoy acquisitionsof local TV stationsby a largebroadcasgroup,
Sinclair.

Figurell andFigurelll showthatSinclairacquisitionsarestaggere@crosspaceandtime, which
suggestsve could useadifferencein-differencegesignto studytheir effect. However thiswould
notallow usto identify thetreatmenbf interest.This is becaus¢he shockto newscontentinduced

by Sinclair is twofold. First, when Sinclair acquires a station, newscasts increase their national
focus to the detriment of local coveragdféct #). This gives us variation in neacoverage of

local crime, which is the change in content we are interested in identifying. But in addition to
this, becaus&inclairis aright-leaningmediagroup,acquisitiongnakecontentmoreconservative
(effect#2), which might alsoaffecttheway in which crimeandpolicearediscussedFor example,
Sinclair is notorious for imposing on its stations raust segments that include law and order
featuresuchasthe"TerrorismAlert Desk,"which providesfrequentupdateonterrorismrelated

news {ill, 2015.

Todisentangle the two effects on content, we make use of the fact that media marieg®ase
where households receive the same TV station offerings. This means that all mtiegipal
media markets where Sinclair enters experience its conservative mesbkgvweger,not all mu
nicipalities are exposed to a change in the probability of appearing in the news with staryme
Our empirical strategy is a triple differenaesdifferences design that combines variatioom
thestaggerediming of Sinclairacquisitionswith crosssectionalariationacrossnunicipalitiesin
whethertheyarecoveredby the newsatbaselinepur proxy for exposureo thelocalnewsshock?®
This design allows us to capture solely the effect of variation in news coverage of locamidime
control for any changes in content that all municipalities in the media market are expased to,
cludingeffed #2 Theidentificationassumptions thatcoveredandnoncoveredmunicipalitiesare

on paralletrends.

The intuition for using whether a municipality is covered by the news at baseline as a proxy for
exposure to the local news shock is the following. If Sinclair acquisitions decrease local news

18Nonetheless, we also always estimate separate differamdiferences designs for covered and wwowered
municipalities to understand what effect is driving the result. It is especially interesting to do so when we are con
sidering clearance rates, as the effect of Sinclair acquisitions enavened municipdties is informative on how
conservative content affects police behavior.
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coverage, municipalities often in the news at baseline (i.e. covered municipalities) woultebear
brunt of the decline. Instead, municipalities that are never indgtes in the first place (i.eon
coveredmunicipalities)arealsonot goingto be coveredafter Sinclairacquiresa stations.Theydo

not experience any change, and therefore function as our cgrtogl.

Appendix FigureV provides a visual representation of our intuition, based on the faatrimmet
reporting is principally a function of -a muni
tional bi nned scatter pl ot s o folent drime ratecanthet i on s h
share of weeks in a year in which the same municipality is in the news with a locaktwimye
separately for years before and after the Sinclair acquisition. The sample is restricted to stations
everacquired by Sinclair. Panel (a) shows the relationship forcoeered municipalities: the
probability of being in the news with a crime story is at very low levels both beforafend
theacquisition.Forcoveredmunicipalities(Panelb)), higherviolentcrimeratesarealwayscorre

latedwith ahigherprobabilityof beingin the newswith acrimestory,butfor everylevelof violent

crime, crime reporting is lower after Sinclair acquiresstiagion.

We define a municipality as covered in the felimg way. First, we calculate the share of weeks

a municipality is mentioned in the news in our baseline year, 2010. hbwedata for multiple
stations in the same media market, we assign to each municipality the median share af weeks
municipalityis mentionedn the newsacrosghedifferentstations Finally, we defineanindicator
variableequalto oneif the municipalityis in thenewsmorethanthe medianmunicipalityin 2010,

and zero otherwise. A&ppendix Figure Vishows, using data from media markets that never
experience Sinclaientry,the measure is persistent across years, showing that the likelihood of
being in the news can be seen as a fixed characteristic of a municipality and meanrréversio
unlikely to explain ouresults.

Appendix Figure Vlishows that covered and noeovered municipalities differ on a number of
characteristics.To ensure that the effect is not confounded by other municipality attsitnutie

is truly driven by exposure, our baseline specification includes interactions between @mclair
quisitions and baseline soeswonomic characteristics of the municipalities. This impliesttieat
effect is going to be driven by those idiosynardtaits other than the observable ones thalte
one municipality more likely to be in the news than another. Given that covered andvesed
municipalities are especially different in population size, we check whether our sulise
restricting he analysis to medium sized municipalities between 10,000 and 5&0ple.

Finally, it is important to note that the presence of a control group has the additional adeaintage
allowing us to control for demographic or economic trends at the media market levaightat
induceSinclairto acquiresomestationsbeforeothers.While AppendixTablelll showsno change

in mediama r k soticeedonomiccharacteristicgollowing Sinclair entry, the fact that our de-
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sign allows us to control for observable and unobservable trends strengthens the credibility of the
resultst®

5 Effect of Sinclair Control on Coverage of LocalCrime

5.1 Specification

We estimate the effect of a Sinclair acquisition on the probability that covered municipalities are
mentioned in a crime story compared to 1oowered municipalities using the following baseline
specification:

ymse = aSinclairs, Coveredn+ Sinclairs . XmoopA+ Ust + Uct + Ums+  mst (1)

whereymst is an indicator variable equal to one if municipafitywas mentioned in a crime story
by stations in weekt, Sinclairs; is an indicator variable equal to one after a station is acquired by
Sinclair,Covered is anindicatorvariableequalto oneif amunicipalityis likely to bein thenews

at baselineXm2o10 are baseline municipality characteristids,are station by week fixed effects,

Uit arecoveredstatusby weekfixed effects,andlism aremunicipality by stationfixed effects?®

Each municipality is associated with one media market, but there can be multiple stations that
belong to the media markebvering the municipality. Given that the outcome is station and mu
nicipality specific, the crossectional unit of analysis is the municipalgiationpair. More pre-
cisely,we estimate the regression on a municipadiigtion pair by week balancedrng thatonly

includes pairs where the station and the municipality belong to the same media market. Standard
errors are clustered at the media market level.

The station by week fixed effec{8st)) control nonparametrically for station specific shociks
content that are common to all municipalities, while covered status by week fixed @lftects
allow the two different types of municipalities to be on different trends. Finally, municipality
by station(lsm) fixed effectscontrolfor stationspeciic level differencesacrossmunicipalities,

19Even if we control for media market level trends in observable and unobservable characteristics, we might still
worry of Sinclair acquisitions being driven by differential trends in covered relative toovared municipalities.
This is unlikely to explain our findings as the result is unchanged if we focus on instances when Sinclair acquires a
station by buying a smaller broadcast group. Given that in such instances stations come as a bundle, aaguisitions
unlikely to be driven by specific media markenditions.

20In particular, Xmo10 includes the following variables: population, share male, share male between 38, and
sharewhite, shareblack,shareover55, shareHispanic,sharewith 2 yearsof college,medianincome shareof popula
tion below the poverty rate, share unemployed, municipality area, and Republican vote share in the 2008 presidential
election. Population, median income, and area aag
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including level differences explained by rbme-varying measurement error due to how stories
are assigned to municipalitiés.

We provide evidence supporting the parallel trends assumption by estimating an evenestudy
sionof thebaselinespecificaton thatallowstheeffectto varyovertime. In particular,we estimate
the followingspecification:

Thin Tmax
Ymst= H, ay - Prej ys, Covered+ H A, . Post.ys Covereg
y=1 y=0 (2)

+ ljst"‘ ljct"’ ljms"’ mdt

where variables are defined as above. To reduce noise, we constrain the effect to be constant by
year since treatment.

5.2 Main Results

Table| shows the effect of Sinclair acquiring a station on its local ceomesrage of covered
versusnorntcoveredmunicipalities.In particular thetablereportsthe coefficientontheinteraction
betweeranindicatorvariablefor the stationbeingunderSinclaircontrolandanindicatorvariable
for themunicipalitybeingcoveredatbaselinegstimatedrom equation1). Column(1) reportshe
estimategromaspecificatiorthatonly controlsfor thefixed effects,while column(2) additionally
includestheinteractionbetweerSinclairandsocioeconomiccharacteristicef the municipalityat
baseline (equatiofl)).

Wefind that a Sinclair acquisition decreases the probability that the station reports a local crime
story about covered municipalities by 2.2 percentage points compared to municipalitvesréhat

not likely to be in the news at baseline. The effect is significant at the 1% level. The maghitude
the effect is large, corresponding to almost 25% of the baseline mean. The coefficient is smaller
in size but similar in magnitude, corresponding to 29% of the Ineseiean, if we exclude mu
nicipalities with more than50,000peopleto increasethe comparabilityof the sample(column

2lWe assign a story to a munici pal i tsyoryiTHis mightgvenseni ci pal
both to false positives (e.g. mentions of "Paris, France" might be counted for "Paris, TX") and false negatives
neighborhoods might be mentioned instead of municipalities, or unusual municipality names might be maoe likely
bemisspelledn theclosecaptionedext). We canaccountfor bothtypesof measuremergrrorusingthemunicipality
by station fixed effects, as long as the error is stable over tifabelieve this to be a reasonable assumption in this
setting. For exampl, we mi ght worry that Sinclairés increased fo
of falsepositivesfor municipalitiesthathavethe samenameasnationallyrelevantplaces.However to theextentthat
these municipalities are more likely be covered in the first place, the effect should go in the opposite direction to
our findings.
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(3)). This is an important test as one of the main differences between covered aaVerea
municipalities is precisely population.

Event Study. The identification assumption is that, absent treatment, the probability of covered
municipalities being in the news with a local crime story wdhdsle evolvedsimilarly to that

of nonrcovered municipalitieSNVe provide evidence supporting trassumption by estimatiran

event study specification that allows the effect of Sinclair control to vary by time since treatment.
Figure IV reports thei, andA, coefficient estimates from equation (2), together with 95%ieconf
dence intervals. The figure shows no difference between covered aodvered municipalities

in thefour yeardeadingupto thestationcomingunderSinclaircontrol. Immediatelyafter Sinclair
acquires the station, covered municipalities becomdiledg than norcovered municipalitie®
appeaitin the newswith acrimestory. Theeffectbecomedargerovertime, almosttripling by year

three.

Same Media Market Stations.Our result might still reflect an underlying change in a munici
palityds crime pr eval e fceraminerthisowe neplicate our baseline r i me
model but focus our attention on the local crime coverage of stations that are in the shane me
market as stations that are acquired by Sinclair, but are not themselves bought by the group. In
Appendix Figure VII| we report the sarmi, andA, coefficient estimates from equation (2); to
gether with similarly defiad leads and lags for same media market stations that are not directly
controlled by Sinclair. In the four years leading up to Sin@airy,there is no difference in how
Sinclair and no+Sinclair stations report about crime in covered relative teauvered munici

palities. Once Sinclair enters the media market, we only see a decrease in local crime coverage
by Sinclair stationsTablel column (4) confirms the result: a test of equality of the effect of Sin

clair entry on Sinclair and ne8inclair stations shows that the two effects are indeed statistically
different (p-value =0.017).

This evidence supports the interpretation that desong local crime coverage is an editodiett
siononthepartof Sinclairstations.lt is alsointerestingo notethatthis showsdimited spilloversof

S i n ¢ kthangdn@ositentto otheroutletsin themediamarket:otherstationsdo not appeato be
respondingo whatSinclairis doing, atleastasfar local crime coveragas concernedThis signals

that there might be demand for local news stories, which is in line with stations acquired by Sin
clair potentially experiencing a decline in viewershifa(tin and McCrair(2019). Noretheless,
decreasing local news might still be an optimal strategy for Sinclair if economies ofreaale
jointly operating a large number of stations outweigh the potential decline in advertigmgies

due to smalleviewership.

Differencesin-Differences DecompositionWe justify the triple differencem-differences de
sign using the intuition that municipalities with a low baseline probability of being in the news
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shouldnot experiencea changean their local crime coveragewhile coveredmunicipalitiesshould

bear the brunt of the declin€o explore whether this is the case, we estimate a differances
differences specification that only exploits variation coming from the staggered timing-of Sin
clair acquisitions, separately foon-covered and covered municipalities. As we hypothesize,
AppendixTablelV shows that after Sinclair acquires a station, there is no change in the probabil
ity that noncovered municipalities appear in the news with a crime story (columns (1) and (2)).
Instead, Sinclair entry implies a large decline in the probability of bewwgfioned in the news
with a crime story for covered municipalities (columns (3) @i

5.3 Additional Findings

Other Types of Local Newsln light of the results iMable | it is natural to ask to what extent

the decline in local coverage is specific to crime newsgpendix Table V we show that local

news decreases across the board, but the effect is larger for stories about crime.aSimdla
sitions lower the probability that a station reports a story about covered municipalities relative to
nontcovered municipalities by 3.9 percentage points or 16% of the baseline mean (column (1)).
However, the effect is much larger in magnitudedome compared to necrime stories more
generally (25% versus 11%). Overall, we interpret this result as providing supporting evidence
that the effects on police behavior that we identify are going to be related to the change in local
coverage of crimeand not result from decreased coverage of othercriare events.

Overall Crime Coverage. How is nonlocal crime coverage affected by Sinclair acquisitions?
We address this question #ppendix TableVI, where we estimate differencesin-differences
specificationat the stationlevel. The mainoutcomeis the shareof storiesthatareaboutcrimein a

month (column (1)), which we further decompose into stories about crime that are local (column
(2)) or nonlocal (column (3)) The table shows a negative effect of Sinclair acquisitions on the
overallshareof storiesaboutcrime,whichis entirelyexplainedoy adeclinein local crime stories.
Importantly, coverage of nelocal crime stories does not appear to be affected by Sinclai: non
coveredmunicipalitiesareexposedo thesamdevelof nonlocalcrime newsbothbeforeandafter
acquisitions??

Heterogeneity by Political Leanirg of the Municipality. Since Sinclair is a conservative media
group,we mightworrythatthedeclinein coveragecouldbeinfluencedby political considerations.

To explore this possibility, ippendixTableVIII , we estimate the main specification separately
for municipalitieswith different political leanings.In particular,we split the sampleby whether

22Gjven that Sinclair is a conservative media group, it might be surprising to not see an increaseimig@fvo
nortlocal crimestories.However,we showin AppendixTableVIl thatwhile thevolumeof nonlocal crimecoverage
is constant, the way in which crime and police are covemsot.is
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themu n i c i Republicanyoi@sharewasabovethe median(column(1)) or belowthe median
(column (2)) in the 2008 presidential election. The coefficient is the same across the two sub
samplegp-value=0.956)which suggests limited scopeor strategiccoveragalecisonsbasecn

the political leaning of thenunicipalities?®

5.4 Robustness of the Effect of Sinclair on Coverage of Loc&rime

Appendix Table IXshows that the effect of Sinclair acquisitions on news coverage of local crime
is robust to a number of concerns. Column (1) reports the baseline estimates for reference.

Robustnesdo Data Cleaning and Sample.Webeginby showingthatthe choicesve makewhen
cleaning the content data and defining the outcome do not matter for the effect on the probability
thata municipalityappearsn the newswith a crimestory. First, columns(2) and(3) showthatthe

result is not affected if we identify crime storiesing bigrams that are less (modatinctively

about crime, i.e. bigrams that dee (twenty) times more likely to appear in the crinedated

versus the non crimeelated library. In addition, not replacing missing observations using linear
interpolationasdescribedn AppendixB (column(4)) or segmentingnewscastssinga fixed num

berof words(column(5)) leavegheresultunchangedSimilarly, restrictingthesampleto thesame

set of municipalities included in the analysis of clearance rates does not impact theaolkesuit

(6)).

Robustness toTreatment Definition. Columns (7) to (9) show robustness to using alternative
definitions of Sinclair control. In the baseline analysis, we consider a station to be controlled by
Sinclairin all monthsafteracquisition,independentlpf whetherSinclairretainsownershipof the

station or not. Column (7) shows that dropping the three stations that were divested by Sinclair
in the 2010 to 2017 period does not make a difference. Focusing on stations directly owned and
operatedy Sinclairalsodoesnot affecttheresult(column(8)). Finally, we showthattheresultis
unchanged if we only include markets that Sinclair entered as part of a group acgigsitiom

(9)), where endogenous acquisitions are less likely toch@aern.

23In Appendix Figure IXwe additionally show that the change in coverage of local crime is not heterogeneous
based on municipality characteristics.
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6 Effect of Sinclair Control on Police Behavior

6.1 How Should the Decline in News Coverage of Local Crime Influence
Police Behavior?

In the previous section, we documented that when a local TV station is acquired by Sinclair, cov
ered municipalities become less likely to appear in the news with a low& story comparetd
nonrcoverednunicipalities.WhilefromS i n ¢ paaniofviévscuttinglocalcoveragenaysimply
beawayto lower coststhisdeclinemayhavetangibleimplications.Specifically,we areinterested

in understanding the effect of tdecline in news coverage of local crime on pdieleavior.

Westudy in particular clearance rates. Crime clearances are highly sensitive to what reseurces
allocatedo investigationsForexample Blanesi Vidal andKirchmaier(2017) showthatincreases

in theresponséime to crimecalls havea negativeeffectonthe probabilitythata crimeis cleared.

In addition,Cook et al.(2019 show that the involvement of a specialized detective squad also
increases the probability that a crime is cleared in the medium run. As a result, clearasice
haveoften been used by economists to study police behavior (see, amongMteiZ)06, Shi

(2009, andPremkumar(2020Q). They are especially interesting in our setting as they allow us

to consider whether the types of crimes that get prioritized by police departments are affected by
newscoverage.

Not all crime types are equally likely to be reported in local news iShimportant to thextent

that we should expect arrest rates of different crimes to respond differently, depending on how
important local news coverage is for théive explore this heterogeneity in our content data by
developinga classifiermodelto identify whetherlocal crime storiesareaboutaviolent crimeor a
propertycrime,whichwe describan detailin AppendixC. FigureV Panela)reportsheshareof

crime stories that are about violent crimes (i.e. murder, assault, rape, and robbery) and the share
of stories that are about property crimes puglary,theft, and motor vehicle theft). Locaiime

news has a clear violent crime focus: 75% of lacahe stories are about a violent crime, while

only 17% of crimes stories are about a propetitye.

The difference in reporting across crime typesviensharper if we consider the fact that violent
crimes are relatively rare, while property crimee arore common by orders of magnitutte.
Figure V Panel (bjve normalize the number of crime stories of a given type that were reported
aboutamunicipalityin 2010by the numberof offensef thesameaypefor thesamemuniipality.

There are approximately 0.145 stories for each violent crime. Instead, property cridi@93at
storiesperoffensereceivenegligiblenewscoverage* Thisevidenceyuidesouranalysisof police

24t is important to note thatgiven that we only have transcripts for a random sample of days and multiple stories
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behavior. Giverthat property crimes appear to be significantly less important than violent crimes
for localnews,we expectthedeclinein localcrimecoverageo belessrelevantfor them:themain
outcome of interest for our analysis is the violent crime clearate#’

6.2 Specification

Weestimatdherelativeeffectof Sinclairentryonviolent crimeclearanceatesof coveredmunic
ipalitieswith respecto non-coveredmunicipalitiesusingthe following baselinespecification:

yma = aSinclaira. Coveredn+ Sinclaira:, XmpopA+ Udt + Ua + Um+  mat (3)

whereymdt is the violent crime clearance rate in municipahtyin media marked in yeart,
Sinclairg: is an indicator variable equal to one after a media market experiences Sintigir
Covered is anindicatorvariableequalto oneif a municipalityis likely to bein the newsat base
line, Xmz010 are baseline municipality characteristidg, are media market by year fixed effects,
Uit arecoveredstatusby yearfixed effects,andiim aremunicipalityfixed effects?® Theregression

is estimated on a yearly balanced panel 22007 that includes 1752 municipalities. Standard
errors are clustered at the media maldee|.

The media market by year fixed effe¢ts:) control nonparametrically for media market level
shocks.This includes any non municipaligpecific change in content that is associattth

Sinclair entering a media market, such as increased conservative slant. In addition, these fixed
effects allow us to take into account media market specific trendsmogtaphics thatnight
correlate with Sinclaientry. Covered status by year fixed effets:) allow covered and nen
covered municipalities to be affected by different shocks over time, while municipalities fixed
effects(lim) allow for level differencescross municipalitie¥’

can cover the same crime, these numbers do not precisely correspond to the probability that a given crime appears in
the news, although they are likely to be positively related.

25WVe use our classifier model to also estimate the direct effect of Sinclair acquisitions on local coverage of violent
and property crimesippendix Table Xshows that after Sinclair acquires a station, covered municipalite4.8
percentage points (27% of the baseline mean) less likely to appear in the news with a story about a violent crime and
0.4percentaggoints(30%of thebaselinanean)esslikely to appeain thenewswith a storyabouta propertycrime.
Theeffectis almost4.5timeslargerfor violentcrimesthanit is for propertycrimes althoughthedeclinein coveragés
proportionally similar across crime typesowever,because of the substantially lower probability of property crimes
appearing in the news in the first place, we expect the change in content to be less consequential for property crimes
rather than for violent crimes, which confirms the interpretation [zegban the maitext.

26Becausef restrictionson ownershigmposedy theFederalCommunication€ommissiongachownergenerally
controls one station by media market. Acquiring a new station usually implies entering a nemankelia

2IGiven that each municipality is associated with one media market, the inclusion of municipality fixed effects
makescontrollingfor coveredstatushy mediamarketfixed effects,asis customaryn triple differencesin-differences
specificationredundant.

22



We consider a media market to be treated in a given year if Sinclair owns one of the media mar
k e tstations in January of thgear. This implies that the year of treatment is the first yiear
which Sinclair is continuously present iretimedia market. This is reasonable because &7%

the stations in our sample are acquired by Sinclair in the second half of the year (58%sh the
trimester), which means that partially treated years only see a Sinclair presence for afcouple
months.Nonetheless, we ensure that the results are robust to this deciSiectim6.5.

As before, we also estimate an event study specification that allows the relative effect of Sinclair
entry to vary over time. In particular.enestimate the following specification:

Tiin Tmax
Ymat= H &y - Pre ya, Covered+ H Ay . Post.yq Covered
y=1 y=0 (4)

+ Ugt+ Uct+ Um+ mat

where all variables are defined as
above.

6.3 Main Results

Table IIshows the effect of Sinclair entry into a media market on the violent crime clearance rate
of covered versus necovered municipalities. The table reports the coefficient on the interaction
between an indicator variable for Sinclair presence in the meatiketnand an indicator variable

for whether the municipality is covered at baseline. Column (1) reports the estimates from a
specification that only controls for the fixed effects, while column (2) additionally includes the
interaction between Sinclair armbcioceconomic characteristics of the municipality at baseline
(equation (3)).

After Sinclair enters a media market, the violent crime clearance rate is 4.5 percentage points
lower in covered than in necovered municipalities. The effect is significaaitthe 1%level,

and sizable in economic magnitude, corresponding to 10% of the baseline mean. Retteicting
sampleto municipalitieswith fewerthan50,000peopledoesnot affecttheresult(column(3)), and

neither does controlling for crime rates grapulation, two factors that we might womfluence

violent crime clearance rates but that we do not include in the main specification becaase they
potentially endogenous to the treatment (column {hlell shows that news coverage of local
crime matters for policing. When violent crime is less covered by local news, police departments
respondiy changinghetypeof crimestheyprioritize anddecreaséheresourcesillocatedo clear

these types of crimé®

28 Ve areunableto follow clearancethroughthecriminaljusticesystemandknowwhethertheyleadto aconviction
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Event Study. The identifying assumption is that, had Sinclair not entered the media market, the
violent crime clearance rate of covered and-covered municipalities wouldave evolved simi

larly. We provide evidence supporting the parallel trends assumption byagisignan evenstudy
specification that allows the effect of Sinclair entry in a media market to vary by timergaee
ment.Figure VIreports thély andAy coefficient estimates from equation (4), together with 95%
confidencentervals. Thdigure showsnodifferencebetweercoveredandnoncoveredmunicipat

ities in the four years | eamhike®y up to Sincl ai

Theeffectis fully realizedin thefirst yearin which Sinclairis presentputthegapbetweercovered

and norcovered municipalities seems to be shrinking after that. This is consistentiewirs
learning that the signal on local crime that they receive from Sinclair is biased, and adjusting for
it based on their own observation dher media source3o the extent that the change in content

is drivenby a supplysideshockthatmight beopaqueo viewers(DellaVignaandKaplan(2007),

it is not surprising to see a shoun effect that tapers: it takes time for viewers to learn about
Sinclairds biasadordnglv er age and adj ust

Property Crime Clearance Rateslf the police are responding to news coverage of local crime
as we hypothesize, the clearance rate of critnaisare minimally covered by the news, sash
property crimes, should not be affected by Sindairy. Tablelll shows that the property crime
clearance rate is not differentially affected by Sinclair acquisitions in covered as opposed to non
coveredmunicipalities.The coefficientsaresmallandnot statisticallysignificant. This showsthat

the change in clearancates is specifically related to how Sinclair influences news content, and
does not depend on some other factors affecting clearance rates adossdffe

Crime Rates. A potential concern is that the change in the violent crime clearance rate might b
explainedoy anincreasen violent crimes,andnotby aresponsef policeofficersto thechanging
media environmentAppendix Table XI suggests that this is not the case. The table reports the
effect of Sinclair entry o the violent crime rate of covered municipalities relativedocovered

or anacquittal.As aresult,we cannotmakeinferencerelativeto thequality of theclearancethemselveswhich limits
our ability to drawefficiencyor welfareconclusiongrom our analysis. Accordingto theoriesof "de-policing” (Owens
(2019), it is possible that decreasing arrest rates might be sampdiigal.

29The paper focuses on the 26AM17 period because it is the period for which we have collected the content
data. Given that only a handful of municipalities are treated after 2015, the maximum numberesfque wecan
estimate is four as we do not sci#nt observations to identify periods before thdowever,UCR data is easily
available before 2010. As a result we also estimate the event study specification @02D@ta, which allows
us to both include one additional goeriod and to estimathe other prgoeriod dummies using a larger samplfe
municipalities. Appendix Figure Xwhich shows the resulting event study graph, confirms the evidence in safpport
the identification assumption: covered and-tomerel municipalities appear to be on comparable trajectories in the
five years preceding Sinclantry.

30To the extent that, as we discumsow, the volume of property crimes increases in covered versusowared
municipalities constanpropertycrimeclearanceatesarepotentiallyconsistentith resourceseingreallocatedrom
clearing violent to clearing propertyimes.
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municipalities, for all violent crimes (column (1)) and separately by type of crime (cqR)mn

to column (5)). Ressuringly, we do not find any statistically significant difference in the violent
crimerateof coveredandnon-coveredmunicipalitiesafter Sinclairentersa mediamarket.Evenif

we take the positive coefficient on the violent crime rate at face value, the magnitudeféddhe
(2.1%) is too small to explain the decline in the violent crime clearance rate. The samefis true
we use as outcomes indicator variables equal tafdhe municipality reports at least ongme

of the specified type (PanB).

AppendixTableXIl looks instead at property crime rates. Column (1) shows that Sinclair entry is
associateavith 5.4%higherpropertycrimeratesin coveredmunicipalitiesrelativeto non-covered

ones. The effect is significant at the 1% level. This result can be explained by a decreased inca
pacitationor deterrenceffectdueto thelower clearanceates.Alternatively, the positiveeffecton
propertycrimeratesmightbedueto areductionn overallpoliceperformancen coveredelativeto
nontcovered municipalities, which would be consistent with a decrease in monitoring iruced
lower crimenewscoverageFinally, it is possiblethatthatindividualswho commitpropertycrimes
aredirectlyaffectedby thedeclinein crimecontentof localnews(seeDahlandDellaVigna(2009
andLindo et al.(2019). Given that the local news audience tends to be above 55, we Ibéieve

this explanation has a limited role in tbistting®!

Differencesin-Differences Decomposition Appendix Table Xl reports coefficient estimates

from adifferencesin-differencesspecificationthatonly exploitsvariationfrom the staggeredim-

ing of Sinclair acquisitions, separately for roovered (columns (1) and (2)) and covered munic
ipalities (columns (3and (4)). After Sinclair enters a media market,-ookered municipalities
experiencenincreasen their violent crime clearanceate. This is consistentvith Sinclairhaving

a direct effect on police behavior, which 1is
might build support for toughn-crimepolicies®?

311t is important to note that our findings on crime rates refer to crimes that the public tepbetspolice, so
changes in crime reporting behavior might be potentially conflated with changes in crimes. Given that our results on
crime rates are quite stable across crime types, we believe that our results are unlikely to be purely exgained by
differentialreportingbehavioron partof thepublic. In particular,violent crimessuchasmurdersandassault@reless
likely to be undetreported, so we are not concerned that the null effect on violent crime rates is matikergra
dynamic. Similaly, to the extent that undeeporting is less likely for crimes crimes thmatolve insured goods such
as burglaries and vehicle thefts (as insurance companies often would not honor theft claims without a police report),
we do not believe that changes@porting behavior can explain our findings. Unrdgporting is less concerning for
our results on clearance rates, as the police can only investigate crimes that are known to them. While it is true that
there is potential for manipulation in clearanaistics, for manipulation to fully explain the result it would need to
be systematic and at quite a large scale, which we beliewplausible.

32The idea that conservative content might impact the criminal justice system has recently been explored by
Ash and Poyke(2019, which finds that exposure to Fox News Channel induces judges to impose harsher criminal
sentences. Consistent with this explanation, we shoWppendixTableVIl that, although the volume of ndocal
crime- and policerelated stories is constant after Sinclair acquisitions (columns (1) and (2)), the way ircrivhech
andpolice arecoveredis not. In particular,the table showsthat Sinclair stationsarelesslikely to mentionpolice
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Instead, covered municipalities do not experience a change in the violent crime clearaAce rate.
we discussed ifection 4 noncovered muitipalities provide us with the counterfactual of how
clearance rates woulshve evolvedn covered municipalities following Sincla@ntry, hadthere
beenno decreasén their probabilityof appearingn the newswith alocal crime story. If the news
coveragef localcrimehadnotchangedtheviolent crimeclearanceateof coveredmunicipalities
would haveincreased after Sincla@ntry.Instead, the decline in crime coverage that is specific to
covered municipalities fully undoes théfect.

6.4 Additional Findings

Heterogeneity by Type of Crime and Municipal Characteristics. Not all violent crimes aréhe
sameandwe mightwonderwhethertheeffectof Sinclairentryonclearanceatess heterogeneous

by crime type. InPAppendixTable X1V, we show that the decline in the violent crime clearance
rateappearso bedrivenbytheclearanceatesof robberiesandrapes.Anotherimportantsourceof
heterogeneity arises from municipal charactesstin Appendix Figure Xiwe find that the main
effectontheviolent crime clearanceateis quite consistenacrosgslifferentmunicipalitytypes.

PoliceViolence. Doesthereducedchewscoverageof localcrimealsoaffecttheprobabilitythatof-
ficersareinvolvedin episode®f policeviolence?Iin AppendixTableXV we addresshis question
using data from Fatal Encountevgefind limited evidence supporting the idea of news coverage
of crime stories influencing police violence. The large confidence intervals sugyesterthat,
given that officerinvolved fatalities are rare events, we might Ine¥esufficient power to dets
aneffect.

Municipal Police Spending.It is possible for the main result to be explained by covered raunici
palitieshavinglower policespendingasopposedo norrcoveredmunicipalitiesafterSinclairentry.
AppendixTade XVI shows that this is not the case: after Sindatry,covered andoncovered
municipalitieshavesimilar police expenditures and employment qagita.

6.5 Robustness of the Effect of Sinclair on Clearanc&ates

Apperdix TableXVIl shows that the effect of Sinclair entry on the violent crime clearance rate is
robust to a number of potential concerns. Column (1) reports the baseline estimate for reference.

Robustness to Data CleaningWe begin by showing that the result is not sensitive to the data
cleaningprocedureFirst, in column(2) we showthatnotwinsorizingtheoutcomeonly minimally

misconduct (column (3)) and more likely to talk about crimes related to immigration (colunam@4dyuggcolumn

(5)).
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impacts the estimates. In addition, column (3) shows that the result is virtually unchanged if we
do not replace record errors using the regredsased procedure describeddippendixB.

Robustness tolreatment Definition. Wealso show that using alternative definitions of Sinclair
control does not affect the result. The estimates are robust to dropping media markets where
Sinclair divested a station (column (4)), considering only media markets where Sinclair directly
ownsandoperatesstation(column(5)), or definingpartiallytreatedyearsastreated column(6)).

Finally, we considethepossibilitythatSinclairacquisitionamight correlatewith trendsin covered
relativeto non-coveredmunicipalities.In column(7), we shownthatthis is unlikely to explainour

results: the coefficient is unchanged when we only consider markets that Sinclair entered as part
of multi-station deals, where acquisitions are less likely to be driven by specific madiat
conditions.

6.6 Robusness to Heterogeneous Effects in TWFB®Models

Recent work in the econometrics literature has highlighted thatayofixed effects (TWFE)e-
gressiongi.e. regressionshatcontrolfor groupandtime fixed effects)recoveraweightedaverage

of theaveragdreatmeneffectin eachgroupandtime period(deChaisemartimandD 6 Ha u | t f T u i |
(2020). Thisis problematidecausaveightscanbenegativewhichmeanghatif treatmenteffects

are heterogeneous, the TWFE estimates might be biased. No formal extension of these concepts
to higherdimensionafixed effectmodels,suchastheoneswe usein this paper,is availableat the

moment.

Nonetheless, we provide three pieces of evsgeconsistent with the effect on the violenme
clearance rate being robust to concerns related to heterogeneous treatment effects.rféitst, we
that issues with negative weights are most severe when the majority of units in the sample are
treatedassomepoint. Thefactthatwe havea largenumberof mediamarketghatneverexperience
Sinclairentrysuggestshatnegativeweightsmight havemorelimited relevancen our setting.

Second, we apply the machinery introduceddby Chai semarti n (2820do DO Hau
thedifferencesin-differencesspecificationghatunderlieour triple differencesin-differencesestt

mates3® Apperdix TableXVIIlI reports results using the robust estimator proposed in their paper,

while the corresponding event study graphs are showppendix Figure XII Reassuringly, the

robust estimation shows treatment effects gra very similar to the baseline estimates fthen
differencesin-differencesspecificationsGiven that the estimateghat underlieour main effects

33AppendixTablelV andAppendixTableXIl show that the triple differences-differences estimates for both of
our mainoutcomesanbeseparatedh differencesin-differencesestimatesrom specificationghatonly exploit vari-
ation in the staggered timing of Sinclair acquisitions for oedeand norcoverednunicipalities.
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are robust to allowing for treatment effects to be heterogeneous, we are confident in our triple
differencesin-differences as well.

Finally, we show that our results are robust to artificially eliminateigation from thestaggered

timing of Sinclair acquisitions. This is important to the extent that the issue of negative weights
in staggered designs arises in part from using earlier treated units as control for later treated units
(GoodmarBacon(2019). We eliminate variation from staggered timing by runniegressions
including only media markets that are either never treated or that are acquired at specific points
in time 34 Appendix Table XIX shows that out of the four years we consider, three reproduce a
negativecoefficient. Themagnitudeof theeffectis largerin two of themandnotsignificantin one,

but larger standard errors pro@uconfidence intervals consistent with the main point estimate.
Insteadwe do not find asimilar effectif we focuson mediamarketsenteredn 2015o0nly.

7 Mechanisms

How does the decline in local crime coverage affect clearance rates? The explanatmes that
propose is that when stories about a municipa
change. Crime become less salient in the public opinion andbtice find themselves operating

in a political environment where there is less pressure to clear violent crimes. As a result, the
police might haveincentiveso reallocateheir resourceswayfrom clearingthesecrimesin favor

of other policing activigs. In this section, we provide two pieces of evidence suppdHisg
mechanism but also discuss alternative explanations such as monitoring of police officers on part

of the media and community cooperation in sohgnignes.

Salience of Crime.To suppot the idea that the decline in crime content impacts perceptions,
we investigate whether general interest about crime and police activities changes after Sinclair
acquisitions. ldeally, we would want to test the effect of Sinclair on crime and poli@ppens
directly. The main challenge to doing so is finding highly localized but nationally representative
data on perceptions over tim#&/e address this issue by using data on Google searches as a proxy
for overall interest in theopic.

In particular, ve collect data on monthly Google searches containing the terms "crime" and "po
lice" (seeAppendix B for more details). Because the Google trends data are not consistently
available below the media market level, we run a differencelifferences model exploiting the
staggered entry of Sinclair across media markets. The outcome variable is the mdathéy b

3%We perform a separate estimation for all years in which Sinclair entered more than three media markets.
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searches, and it is expressed in logarithms. The sample is restricted to media markets for which
the volume searches for crimedapolice are always available.

Table 1V shows that, when Sinclair enters a media market, the volume of searches containing the
keywords crime and police decreases by 4%. The effect is not explained by a generalized decline
in searches, as shown by placebo regressions looking at monthly searches for popular keywords
such as "weather" and "youtube." These results suggest that the decrease in local crime stories
triggers a change in public interest for precisely those topit¢satikanow less present in local

news. Importantly, this is the opposite direction to what one would expect based on actual crime
rates that are, if anything, higher after Sinclair enters a media market.

Political Feedback.Perceptions become reality withime political arena. If the change in news
coveragef localcrimemakest lesssalientin the publicopinion, politiciansshouldreactto it. We
believethisfeedbacknechanisnto beparticularlycrediblein thissettinggiventhattheindividuals
whoseopinion is likely to be influenced by local news are exactly the ones whose opanéns
likely to matter for local politics: those oveb 3536

Appendix Figure Xllishows descriptive evidence supporting this statement. Using theC2010
operative Congressional Election Studyhéolabehereg2012), we show that individuals ové5
are25%morelikely to watchlocal TV newsand50% morelikely to attendocalpolitical meetings
comparedo youngerindividuals. Thisis importantto the extentthatit highlightshow perceptions

of specific crime issues might be reflected in police behavior through the pressure of public opin
ion in the absence of elections. In additi@yldstein(2019 shows that peoplever 55 are an
especially important interest group for local politics when it comes to crimeadinahg.

Consistent with this argumentableVV shows that the effect on the violent crime clearaate
appears to be driveryleities with a larger share of population above pvdlue = 0.166)even

though the change in content is exactly the same across the two groups of municipalities. While
thedifferencein theeffectis not statisticallysignificant,we interpretthis aspotentialevidencehat

a change in public opinion operating through a political feedback mechanism might bethehind
main effect on clearancates.

35Police department chiefs are generally appointed (and removed at will) by the head of local government, which
impliesthattheirincentivegendto alignedwith thoseofthemu n i ¢ i adaninistratipr@Osiens2020). Consistent
with this idea, recent papers have shown that political incentives affect law enforc&unklstdin et al(2020),
Harris et al(2020, andMagazinnik(2018). In addition, managerial directives can have important effects on police
behavior supportingheideathatpressureomingfrom thetop mightinfluencethe effort allocationof policeofficers
(Ba and Riverg2019 Goldstein et a).2020 Mummolag 2018.

36The following quote, included in a case study on how politics influence police in an American Eitwisp
(2007, highlights the mechanism we have in mind: "The following case study results show [...] substpaiial
of the city council on homicide investigations and, ultimately, on case clearances. [...] The media was seen as the
catalystfor formal actionsby othercomponentsf theauthorizingenvironmento improvethemurderclearanceate.
The media shaped publpinion about the quality of publgafety.”
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Direct Media Monitoring. An alternative explanation is that there could be a decrease in direct
media monitoring of the police. If police officers anticipate a low probability of being covered
in the news for failing to solve crimes, they might shirk the amount of effort they allocate to this
activity. To explore whether this is likely to be the case, we use our content data to separately
identify storiesaboutcrimeincidentsandaboutarrestsin particular,we definestoriesto beabout

arrests if they contain an arrasiated string; all other stories are aberie 3’

In TableVI, we separatelyeportthe effectof a Sinclairacquisitionon therelativeprobability that

covered and neoovered municipalities appear in the news with different types of crime stories.
Thedeclinein crimereportingappearso bealmostentirelydrivenby storiesaboutcrimeincidents

(column (1)), whereas stories about asesxperience a much smaller decline, which is also not
statisticallysignificant(column(2)). Theseresultsdo not supportdirectmediamonitoringthrough

stories about police clearances being the main explanation for the results, although we cannot
excludethepossibilitythatpoliceofficersareupdatingtheir overallprobabilityof beingthesubject

of reporting based on the decline in cricoeerage.

Community Cooperation. It is also possible for the effect on clearance rates to be doyen
decreased community cooperation with the police. Community cooperation is generally consid
ered to be important for successful policing and crime investigationst aad been shown to
decreasalfterhigh-profile caseof police misconducthatnegativelyimpactperception®f police
(Desmond et gl.2016. It is unclear why the change in content thatdeeument shouldhave
directnegativeeffectsonthep u b | perceptisrof thepolice: if anything,peopleareseeingfewer
stories about crimes and a similar number of stories about arrests, so they should pgerceive
police as being equalbffective®

Having said this, we might still worry that independently of what the public thinks of the police,
people might be less likely to spontaneously provide useful information to solve crimesdibthey
not hearaboutthecrimeincidentson TV. Unfortunately thereis limited dataonthe importanceof

tips for solving crimes, but our understanding is that the phenomenon is quantitatively ifmited.
Overall, while we cannot exclude this alternatstery,we believe that it would only be able to
explain a smalfraction of theeffect.

37In particular, we use the following arresfated strings: arrest, capture, detention, custody, apprehend, catch,
caught, detain, imprison, incarcerat, jail.

38Insteadwewouldinterpretachangen theeffectivenessf thepolicecomingfrom therelativedeclinein clearance
ratesto bedownstreanirom the effecton police effort, andwe do not seeit asathreatto ourinterpretation.

39A piece of evidence that supports this interpretation comes from the evaluation of a tip solicitation program,
Crimestoppers, that uses data for the year 2000 in the United Kingdom. According to this rare evaluation of the
program, only 11% of calls result@d actionable intelligence; in addition, most calls are for minor offenses such as
drug crimes that are not included in our analysis, and overall only "30 calls were received which led to an arrest or
change in relation to murder, 25 in relation to attexdpnurder, and 28 in relation to sexual assa@itegham edl.,
2003.
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8 Conclusion

In this paper, we study the effect of a shock in news coverage of crime on municipal police de
partments in the United States. The source of variation in local news content that weigexploit
the acquisition of local TV stations by the Sinclair Broadcast Group. In particular, our empirical
strategy combines variation in the staggered timing ofiiatepns with crossectionalvariation

in exposure to the local news shock in a triple differemcaifferenceslesign.

Ownership matters for content: once acquired by Sinclair, TV stations decrease news coverage of
local crime.Wedocument this by edpiting a unique dataset of transcripts of local &wvscasts

of 323 stations 202Q017.Wefind a very significant and sizable effect: relative to 4conered
municipalities, covered municipalities exhibit a reduction in the probability of appearing in th
news with a crime story of about 25% of the outcome mean in 2010.

How does police behavior change in response to the decline in news coverage of localMerime?
find that after Sinclair enters a media market, covered municipalities exhibit lower \daleet
clearanceatesrelativeto non-coveredmunicipalities.Theeffectis significantatthe 1% leveland
corresponds to a decrease to 10% of the baseline Méaaho not find any effect for property
crime clearance rates, which is consistent with local TV news having a violenfarinse

To explain these results, we argue that when violent crime appears less frequently in the news,
the salience of crime in the gidopinion decreases. The police find themselves operating

a political environment where there is less pressure to clear violent crimes, and they reallocate
resourceswayfrom clearingthesecrimesin favor of otherpolice activities,becaus®f anoverall
decrease in crimgalience.

To conclude, this paper shows that shocks to local media content driven by acquisitiafisatan
the behavior of the police. Overall, this suggests that the increase in ownership concexnirration
rently characteding thelocal TV marketin the United Stategnight haveimportantconsequences
for localinstitutions.
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Figures

Figure I: Local TV News Content
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Notes: This figure describes local TV news content. Panel (a) shows the share of stories that are local, that are abodt looitnéocabnd
about crime. A story is local if it mentions at least one of the municipaliilsmore than 10,000 people in the media market. A story is about
crime if it contains a "crime bigram" (i.e. a bigram that is much more likely to appear inm@iated stories than in nestime related ones die
Metropolitan Desk Section of the NeYork Times). For more details, s€ection 3 Panel (b) shows the mean topic share from an unsupervised

(b) Local NewsT opics

LDA topic modeltrainedonlocal stories.In bothgraphsthe samplés restrictedo mediamarketshatneverexperienced®inclairentry.

Figure II: Number of Stations Controlled by Sinclair 262017
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Notes: This figure shows the number of idgr affiliate stations controlled by Sinclair in each month from January 2010 to December 2017. A
stationis considereaontrolledby Sinclairif it is ownedandoperatedy the SinclairBroadcasGroup,if it is ownedandoperatedy Cunningham

Broadcasting, or if Sinclair controls programming through a local markagregment.
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Figure Ill: Map of Media Markets Experiencing Sinclair Entry 2€A@ML7

B Always Treated
[CJ Never Treated

Notes: This map shows year of Sinclair entry across media markets in the United States. Lighter colors correspondrio Méseetreated
aremediamarketsthatneverexperienceSinclairentry; alwaydreatedaremediamarketsthathaveatleastonestationcontrolledby Sinclairatthe
beginning of the period of interest (January 2010). There were no additional stations that were ac2d@d in

Figure 1V: Effect of Sinclair Control on the Probability of Having a Local Crime Story, by Year
since Treatment
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Notes: This figure shows the effect of Sinclair control on the probability that a station reports local crime storieevebedtmunicipalities

relative to norcovered municipalities, by year since treatm&vreport coefficient estimates and 95% ddefce intervals from a regression of
anindicatorvariablefor thestationreportingalocal crimestoryaboutthe municipalityon theinteractionbetweerindicatorvariablesfor yearssince
Sinclaircontrolandanindicatorvariablefor whetherthe municipalityis coveredatbaselinestationby weekfixed effects,coveredstatushy week

fixed effects,andstationby municipality fixed effects(equation(2)). Theomittedcategoryis T-1. Standarderrorsareclusteredatthemediamarket

level. The dataset is a municipaligyation pair by week panel. There are multiple stations in each media market covering the same municipalities,
and the municipalitystation pair is the crossectional unit of interest. Treatment is defined atrtionthly level, but the effect is constrained¢o

the same by year since treatment. Covered municipalities are municipalities that are mentioned in the news more than thenmogutility in

2010.
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Figure V: Local Crime News of Violentrad Property Crimes
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Notes: This figure shows what crimes are covered in ¢ésodesthatard news.

about violent crimes (i.e. murder, assault, rape, and robbery) and property crimes (i.e. burglary, theftpamdhicte theft). Panel (b) shows
the average number of crime stories per reported offense across municipalities. Note that this does not exactly cothespuostzhtolity that
crime of a given type appears in the news because we have informatiws coverage only for one randomly selected day per weélthn
graphs, the sample is restricted to 2010 and to media market that never experience&inclair

Figure VI: Effect of Sinclair Entry on the Violent Crime Clearance Rate, by Year since Treatment
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Notes: This figure shows the effect of Sinclair entry on the violent crime clearance rate of covered municipalitiesorelaticevered munici

palities,by yearsincetreatmentWereportcoefficientestimatesind95%confidenceantervalsfromaregressiorof themu n i c i picentcrimg 6 s
clearance rate on the interaction between indicator variables for years since Sinclair entry and an indicator variadteefdherhunicipality

is covered at baseline, media market by year fixed effect&red status by year fixed effects, and municipality fixed effects (equation (5)). The
omitted category i3-1. Standard errors are clustered at the media market level. The dataset is a municipality by year panel. Treatment is defined
at the yearly levle A media market is considered treated in a given year if Sinclair was present in the market in the January of thaeyedr. Co
municipalities are municipalities that are mentioned in the news more than the median municipality in 2010. Clearanee editescdaasotal

number of crimes cleared by arrest or exceptional means over total number of crimes, winsorized aletred. 99%
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Tables

Table I: Effect of Sinclair Control on the Probability of Having a Local Crime Story

Dependen¥ariabe Had Local CrimeStory
1) (2) 3) 4)

Sinclair * Covered -0.024%* -0.022*** -0.014** -0.023***

(0.007) (0.006) (0.005) (0.006)
NonSinclair Stations in Sinclair -0.005
Media Market * Covered (0.005)
Observations 3065194 3065194 2334112 3065194
Clusters 112 112 109 112
Municipalities 2201 2201 1673 2201
Stations 323 323 319 323
Outcome Mean in 2010 0.089 0.089 0.048 0.089
P-value Sinclair = Other .017
Station by Week FE X X X X
Covered by Week FE X X X X
Station by Municipality FE X X X X
Sinclair * Controls X X X
Restricts Sample 10%0k X

Notes: This table shows the effect of Sinclair control on the probability that a station reports local crime storiesvabedithmanicipalities
relative to norcovered municipalitiesMeregress an indicator variable for the station reporting a logalecstory about the municipality on the
interactiorbetweeranindicatorvariablefor thestationbeingunderSinclaircontrolandanindicatorvariablefor whetheithemunicipalityis covered

at baseline, station by week fixed effects, covered status by week fixed effects, and station by municipality fixe@@tfewts(2) additionally
includestheinteractionbetweeranindicatorvariablefor the stationbeingunderSinclaircontrolandbaselinemunicipality characteristicéequation

(1)). The characteristics included are log population, share male, share male between 15 and 30, share over 55, siare blitkshare
Hispanic, share with 2 years of college, log median incaimae of population below the poverty rate, share unemployed, log municipality area,
and Republican vote share in the 2008 presidential election. Column (3) restricts the sample to municipalities withnf&fe¢d0bgpeople.
Finally, column(4) alsoincludestheinteractionbetweeranindicatorvariablefor beingin the samemediamarketasa stationunderSinclaircontrol

and an indicator variable for whether the municipality is covered at baselin@-Vidiee reported in column (4) is from a test of the difference
between the effect of Sinclair entry on the station controlled by Sinclair and other stations in the same media maakéteStandre clustered

at the media market level. The dataset isumicipality-station pair by week panel. There are multiple stations in each media market covering the
same municipalities, and the municipaidtation pair is the crossectional unit of interest. Treatment is defined at the monthly level. Covered
munidpalities are municipalities that are mentioned in the news more than the median municig8lit§.in
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Table II: Effect of Sinclair Entry on the Violent Crime Clearance Rate

Dependenv¥ariable Violent Crime Clearanc®ate

@ 2 3 4

Sinclair * Covered -0.046%* -0.045%* -0.043*  -0.043*
(0.016)  (0.017)  (0.020)  (0.017)

Observations 14016 14016 10384 14016
Clusters 111 111 107 111
Municipalies 1752 1752 1298 1752
Outcome Mean in 2010 0.463 0.463 0.469 0.463
Media Market by Year FE X X X X
Covered by Year FE X X X X
Municipality FE X X X X
Sinclair * Controls X X X
Restricts Sample 10&0k X

Controls for Crime Rates and Populatic X

Notes: Thistableshowstheeffectof Sinclairentryontheviolent crime clearanceateof coveredmunicipalitiesrelativeto non-coveredmunicipat
ittesWer egress the municipalityés violent crime clearanceeinthemediaon t he i
market and an dicator variable for whether the municipality is covered at baseline, media market by year fixed effects, covered status by y
fixed effects,andmunicipalityfixed effects.Column(2) additionallyincludestheinteractionbetweeranindicatorvariablefor Sinclairpresencen

the media market and baseline municipality characteristics (equation (4)). The characteristics included are log pdarateales share male
between 15 and 30, share over 55, share white, share black, share Hispanic,tslayeavis of college, log median income, share of population
below the poverty rate, share unemployed, log municipality area, and Republican vote share in the 2008 presidenti@loblentidf) restricts

the sample to municipalities with fewer than @0 people. Column (4) additionally controls for the property crime rate, the violent crime rate,
and log population. Standard errors are clustered at the media market level. The dataset is a municipality by yeaatpaeed.ig defined at

the yearlylevel. A media market is considered treated in a given year if Sinclair was present in the market in the January ofCloaeyear
municipalities are municipalities that are mentioned in the news more than the median municipality in 2010. Cleasaae dafined astal
number of crimes cleared by arrest or exceptional means over total number of crimes. Crimes rates are crimes per 1, 0@kpaogleerse
hyperbolic sine transformation. Both clearance rates and crime rates are winsorieceOatigvel.
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Table IlI: Effect of Sinclair Entry on the Property Crime Clearance Rate, by Type of Crime

By Type ofCrime

. Crime .
Dependeni/ariable Burglary Theft Vehicle
Clearance
Theft
Rate
1) (2) (3 4)
Sinclair * Covered -0.004 -0.013 -0.004 -0.006

(0.009)  (0.009)  (0.011)  (0.015)

Observations 14016 14013 14009 13953
Clusters 111 111 111 111
Municipalities 1752 1752 1752 1752
Outcome Mean in 2010 0.191 0.131 0.211 0.172
Media Market by Year FE X X X X
Covered by Year FE X X X X
Municipality FE X X X X
Sinclair * Controls X X X X

Notes: This table shows the effect of Sinclair entry on the property crime clearance rate of covered municipalitie® reteto@ered munic
ipalities, overall and for different types of property crim&er e gr ess t he muni c orp gilen typg @f property erime anthe e r at e
interactionbetweerbetweeranindicatorvariablefor Sinclairpresencén themediamarketandanindicatorvariablefor whetherthemunicipalityis
coveredatbaselinetheinteractionbetweeranindicatorvariablefor Sinclairpresencén themediamarketandbaselinenunicipalitycharacteristics,
media market by year fixed effects, covered status by year fixed effects, and municipality fixed effects (equationdddyattezisticencluded
arelog popuation, sharemale,sharemalebetweerll5and30, shareover55, sharewhite, shareblack, shareHispanic,sharewith 2 yearsof college,
log median income, share of population below the poverty rate, share unemployed, log municipality area, and Republicae votbes2008
presidential election. Standard errors are clustered at the media market level. The dataset is ditybyigipar panel. Treatment is defined at
the yearly level. A media market is considered treated in a given year if Sinclair was present in the market in thef dhatigean Covered
municipalities are municipalities that are mentioned in the neare tthan the median municipality in 2010. Clearance rates are definetdlas
number of crimes cleared by arrest or exceptional means over total number of crimes, winsorized aletred. 99%
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Table IV: Effect of Sinclair Entry on Salience ofi@e and Police

Dependenw/ariable Monthly SearciWolume
Keyword Crime Police Weather Youtube
1) 2) 3 4)
Sinclair -0.040**+* -0.040***  -0.009 -0.011

(0.014)  (0.014)  (0.016)  (0.009)

Observations 14880 14880 14880 14880
Clusters 155 155 155 155
Outcome Mean in 2010 3.624 3.920 3.872 4.284
Media Market FE X X X X
Month FE X X X X
Media Market Controls X X X X

Notes:Thistableshowstheeffectof Sinclairentryonthe salienceof crimeandpoliceusingGoogletrenddatain differencesin-differencesesign.
Weregress the search volume for “crime" (column (1)), "police” (column (2)), "weather" (column (3)) and "youtube" (colomradicator
variable for Sinclair presence in the media market, baseline media markadtehatics interacted with month fixed effects, media market fixed
effects, and month fixed effects. The characteristics included are log population, share male, share male between staend/Bife, share
Hispanic,shareunemployedandlog incomeper capita.Standarcerrorsareclusterecat the mediamarketlevel. Thedatasets atthe mediamarket

by month level. Treatment is defined at the monthly level. The monthly level of searchiegyis in
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Table V: Effect of Sinclair Entry on th¥iolent Crime Clearance Rate, by Share of the Population

above 55
. Violent Crime
Dependenvariable ClearancdRate
Sub-Sample Sharess*  ghare 55+
>= Median < Median
(2) (2)
Sinclair * Covered -0.079%** -0.012
(0.030) (0.029)
Observations 6920 6904
Clusters 97 92
Municipalities 865 863
Outcome Mean in 2010 0.462 0.464
Media Market by Year FE X X
Covered by Year FE X X
Municipality FE X X
Sinclair * Controls X X

Notes:Thistableshowsthe effectof Sinclaircontrol onthe shareof crime storiesthatareaboutcrime, by whetherthe shareof the populationover
55wasabovethemedian(column(1)) or belowthe median(column(2)) in 2010.Weregresthemu n i ¢ i piaentcrimgofearanceateonthe
interactionbetweerbetweeranindicatorvariablefor Sinclairpresencén themediamarketandanindicatorvariablefor whetherthe municipalityis
coveredatbaselinetheinteractionbetweeranindicatorvariablefor Sinclairpresencén themediamarketandbaselinenunicipalitycharacteristics,
media market by year fixed effects, covered status by year fixed effects, and municipality fixed effects (equationdddyattezisticencluded
arelog population sharemale,sharemalebetweerll5and30, shareover55, sharewhite, shareblack, shareHispanic,sharewith 2 yearsof college,

log median income, share of population below the poverty rate, share unemployed, log municipality area, and Republicae ivotbes2008
presidential election. Standard errors are clustatelde media market level. The dataset is a municipality by year panel. Treatment is defined at
the yearly level. A media market is considered treated in a given year if Sinclair was present in the market in thef dhatigean Covered
municipalitiesare municipalities that are mentioned in the news more than the median municipality in 2010. Clearance rates aretd&fined as
number of crimes cleared by arrest or exceptional means over total number of crimes, winsorized aletred. 99%
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Table VI: Effect of Sinclair Control on the Probability of Having a Local Crime Story, by
Whether the Story is about a Crime Incident or an Arrest

Dependenvariable Hgd Local CrimeStory
Typeof Story fime Arrest

Related Related
(1) (2

Sinclair * Covered -0.022%** -0.003
(0.006) (0.002)

Observations 3065194 3065194
Clusters 112 112
Municipalities 2201 2201
Stations 323 323
Outcome Mean in 2010 0.080 0.019
Station by Week FE X X
Covered by Week FE X X
Station by Municipality FE X X
Sinclair * Controls X X

Notes:Thistableshowstheeffectof Sinclaircontrolontheprobabilitythata stationreportdocal crimestoriesaboutcoveredmunicipalitiesrelative
to noncoveredmunicipalities by whetherthe storyis abouta crimeincidentor is arrestrelated.Arrestrelatedstoriesarestoriesthatcontaincrime
bigrams related to arrests or prosecutions (e.g. "police arrested" or "murder charge") or include the string "arresélat@instories arall
other crime storiesWe regress an indicator variable for the station reporting a local aetaged(column (1)) or arrestelated (column (2))
storyaboutthe municipality on theinteractionbetweeranindicatorvariablefor the stationbeingunderSinclaircontrolandanindicatorvariablefor
whetherthemunicipalityis coveredat baselinetheinteractionbetweeranindicatorvariablefor the stationbeingunderSinclaircontrolandbaseline
municipality characteristicsstationby weekfixed effects,coveredstatusby weekfixed effects,andstationby municipality fixed effects(equation
(1)). The characteristics included are log population, share male, share male between 15 and 30, share over 55, share hihite, Seare
Hispanic, share with 2 years of college, log median income, share of population below the poverty rate, shargeginéwgphounicipality area,
and Republican vote share in the 2008 presidential election. Standard errors are clustered at the media market |esst Bhe hatnicipality
station pair by week panel. There are multiple stations in each media markehgdhe same municipalities, and the municipadiigtion pair is
the crosssectional unit of interest. Treatment is defined at the monthly level. Covered municipalities are municipalities thati@medmerthe
news more than the median municipality2010.
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Appendix Figures

Appendix Figure I: Local News Topics
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Notes: This figure shows word clouds of the 50 words and bigrams that have the highest probability of being generated topi gi he size
of the word is proportional to the wordébés probability.

47
































































































