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A large social science literature hypothesizes that news coverage is systemat-
ically biased, for example towards reporting negative events more than positive
ones (Harrington||1989; |[Sorokal 2006; Aday|2010; Lengauer, Esser and Berganza
2012; [Sacerdote, Sehgal and Cookl [2020; [Cummings, Fraccaroli and Mahoney
2024) or towards reporting on “sensational” topics (Grabe, Zhou and Barnett
2001 El Such hypotheses are important in light of evidence that news coverage
impacts public policy and other consequential outcomes (Eisensee and Stromberg
2007; [Snyder Jr and Stromberg|[2010; [Durante and Zhuravskayal2018; [Chahrour,
Nimark and Pitschner|2021} [Bursztyn et al|[2023)).

A convincing test for bias requires a benchmark of unbiased reporting. Develop-
ing such a benchmark is challenging. Mechanical benchmarks, such as completely
unselective reporting, or reporting events in proportion to their occurrence, do not
seem appealing: imagine a weather report that includes every conceivable piece
of information about the weather, or one that devotes equal attention to snowy
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and sunny days in Los Angeles. Similar challenges arise in defining benchmarks
of optimal reporting in domains outside of news, such as emergency alerts (Lim,
Liu and Egnoto| 2019), vehicle collision warnings (Fu et al. [2019), smartphone
beeps (Ely|2017; [Li et al.|2023), and scientific journals (Frankel and Kasy|2022]).

In this paper, we develop, operationalize, and test a model of benevolent, se-
lective reporting. In the model, a news consumer takes an action whose payoff
depends on an unknown state. A news outlet learns the state and can verifiably
report its realization to the consumer at a known, random opportunity cost. If the
outlet reports the realization, the consumer takes the ex-post optimal action. If
the outlet does not report the realization, the consumer takes the ex-ante optimal
action based on their prior.

The model encodes two key forces that seem essential to any theory of benev-
olent reporting. The first is selectivity: because reporting incurs an opportunity
cost, not all realizations will be reported. The second is dependence on the prior:
the more different are the ex-post and ex-ante optimal actions, the more valuable
it is to report the realization.

Our main theoretical result is that the consumer-optimal probability of report-
ing, as a function of the realization and the prior, is monotone in a proper scoring
rule. Proper scoring rules play a role in many areas of statistics and economics,
including in the assessment of probabilistic forecasts (Gneiting and Raftery||2007)),
the assessment of expertise (Foster and Hart|2023), the valuation of information
(Frankel and Kamenica/2019), and the design of incentives in surveys and labo-
ratory experiments (Danz, Vesterlund and Wilson!/|2022)). In our setting, we can
think of a scoring rule as a measure of how much “news” is in a given realization,
relative to the consumer’s prior.

We study how well the model predicts what is reported on nightly national
television network news broadcasts from 1968 through 2013. For much of this
period, network (broadcast) television was the dominant source of news in the
US (Mayer|1993; Kohut et al. 2012)EI The rigid, segmented structure of television
broadcasts makes it especially clear what is and is not reported.

We obtain summaries of nightly television news broadcasts from the [Vanderbilt
Television News Archive| (VINA;|2017). For each of a set of domains—the stock
market, the labor market, the weather, and foreign wars—we use a set of key-
words to identify segments reporting on the domain. For each domain we select
a state variable—the stock market return, the unemployment rate, the average
precipitation, and the number of US casualties—that summarizes the news in the
domain. We use prior research, data on realizations, and other information to
estimate a time-varying prior for each state variable.

We study how well our model explains when the news outlets choose to report
on a given domain. Because the set of scoring rules is large, we discipline our

2More than a quarter of US adults still report obtaining news daily from network television, more
than from cable news or online-only news sites, though less than from social media (Morning Consult
2022).
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analysis by proposing a particular scoring rule, the continuous ranked probability
score (CRPS), as a default measure of newsworthiness. The CRPS is widely
used in forecast evaluation (Brocker [2012) and is appealing for several reasons,
including that it can be applied to both continuous and discrete random variables.
Importantly, because a scoring rule depends only on the prior and the realization,
the CRPS does not depend on the data on news reports.

Despite being highly disciplined, the measure of newsworthiness captures key
qualitative features of the data well. These include intuitive features, such as
the fact that broadcasts are more likely to report on the stock market when the
market moves by a large amount. These also include more subtle features, such
as the fact that small movements in the market become more newsworthy when
volatility is high.

Given that our proposed measure of newsworthiness is parsimonious, grounded
in a theory of benevolent reporting, and able to explain key patterns across a range
of domains, we propose to use it as a control variable to discipline tests of bias in
reporting. If a given pattern in reporting can be well explained by our measure of
newsworthiness, we think this calls into question whether the pattern is evidence
of a bias. This is especially true because our proposed measure of newsworthiness
does not depend on aspects of the context, such as what is “good” or “bad” news,
or which groups or places are affected by the given piece of news, that might be
expected to cause bias.

We illustrate our proposed approach to disciplining tests for bias with two
applications. The first is to the propensity to report negative unemployment
news more than positive unemployment news. The second is the propensity to
report on US military casualties in Iraq more than those in Afghanistan. In
both cases, we find that a naive estimate shows strong evidence of bias, but that
controlling for newsworthiness greatly lessens, or even eliminates, the estimated
bias.

Our primary contribution is to propose and test a parsimonious measure of
newsworthiness that is grounded in a model of benevolent, selective reporting.
We are not aware of prior work that operationalizes such a benchmark.

A large theoretical literature studies positive models of news reporting (Gentzkow,
Shapiro and Stone |2015). Much of this literature is concerned with how bias can
arise from political or market forces. We instead focus on the question of what is
reported when the news outlet is fully benevolent and news is verifiable but costly
to report. Our model is deliberately stark, encoding only the instrumental value
of information and the opportunity cost of transmitting it, and omitting many
realistic features of news reporting. Nimark and Pitschner| (2019) study a model
in which, as in our model, news consumers delegate to an outlet the decision of
which states to report (see also |[Nimark 2014 Denti and Nimark|2022). Nimark
and Pitschner|(2019) present evidence on changes in topical focus of front-page ar-
ticles in US newspapers over two three-month periods, and apply their model to a
beauty-contest setting with strategic interactions among information consumers.
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Martineau and Mondria (2023]) develop and test predictions of a model in which
the absence of a news report conveys information to equity investors (see also
Ozmen|2005). Nimark and Pitschner| (2019) and Martineau and Mondria, (2023)
do not consider the role of scoring rules and do not evaluate the quantitative
performance of their models in predicting what is reported.

Models of selective reporting arise in other domains as well. Our finding that
a realization is more likely to be reported when it is more unusual is closely re-
lated to the characterization of optimal scientific publication in |[Frankel and Kasy
(2022)). More generally, our analysis connects to a large literature on strategic
communication and information design (Bergemann and Morris|2019; Kamenica
2019), and to related themes in work on rational inattention (Mackowiak, Matéjka
and Wiederholt| 2023)).

A large empirical literature studies the determinants of media bias (Puglisi and
Snyder Jr||2015). Some of this literature proposes benchmarks for unbiased selec-
tive reporting, such as treating the same economic news symmetrically regardless
of the party in power (Larcinese, Puglisi and Snyder Jr{|2011; Lott Jr and Has-
sett|[2014). We instead propose a benchmark grounded in a model of benevolent,
selective reporting. Our approach is designed to cover a wide range of situations,
including those in which bias may not have a political origin.

I. A Model of Benevolent, Selective Reporting
A. Notation and Equilibrium

A state is realized from a state space 2 according to a commonly known prior
distribution F' € A(Q2), where A(2) denotes the set of distributions on the state
space. A news outlet observes the realization w € ) of the state. The outlet also
observes the opportunity cost v € R>¢ of reporting, which is distributed according
to a strictly increasing and continuous cumulative distribution function, I'. We
interpret v as capturing, among other things, the value of reporting on other
topics. The outlet then chooses whether or not to report the realization to a
consumer. We denote the outlet’s action by r € {0,1}, where » = 1 denotes
reporting.

After receiving the outlet’s report, or learning that there is no report, the
consumer chooses an action a from an action space A. After the consumer chooses
their action, the consumer learns the state w and the opportunity cost v, and both
the outlet and the consumer realize the loss

L(a,w) +ry

for L : A x @ = R>q a scalar-valued loss function. Although we treat the news
outlet as sharing the same objective as the consumer, we note that a concern for
consumer welfare can also arise from market forces (see, e.g.,|Gentzkow, Shapiro
and Stone|2015). We assume that minge 4 Eo~r[L(a,w)] exists for all F' € A(€2),
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something that will be true of the class of losses that we consider in our applica-
tions.

We assume that, in an equilibrium, the consumer chooses an ex-post optimal
action when the realization is reported, and an ez-ante optimal action under
the prior when the realization is not reported. The outlet chooses an optimal
reporting strategy given the (known) loss from the consumer’s equilibrium action.
Formally, our solution concept is as follows.

Definition 1. A pair of pure strategies a* : A(Q) x Q x {0,1} — A and r* :
A(Q) x @ x R>g — {0,1} is an equilibrium if

a*(F,w,1) € argmin L(a,w), a*(F,w,0) € argminE,p[L(a,x)], and
acA acA

r*(F,w,v) € arg{gii?[r(L(a*(F,w, 1),w)+v)+ (1 —r)L(a"(F,w,0),w)]

forall F e A(R2), w e, and v € R>g.

Although we have assumed a common prior for simplicity, because the prior enters
the reporting decision only via the consumer’s action profile, the solution concept
is preserved if the outlet knows the consumer’s prior but believes it is misspecified.

Our notion of equilibrium does not allow the consumer to make inferences from
whether the outlet reports or not. This will allow for a parsimonious empirical
test, since we can construct all the inputs to the outlet’s predicted behavior
without using any data on reporting. [Esponda and Vespa| (2014), Martinez-
Marquina, Niederle and Vespa (2019), [Enke (2020), and Jin, Luca and Martin
(2022), among others, find that many experimental participants do not make
sophisticated inferences in similar situations. Online Appendix [A] extends the
model to allow for more sophisticated updating and discusses the implications for
our applications.

B. Characterization via Scoring Rules

A reporting rule R : A(2) x Q — [0,1] describes the probability of reporting
as a function of the prior and realization. Any equilibrium strategies (a*,r*)
induce an equilibrium reporting rule R* that summarizes the probability that the
opportunity cost will be low enough that the outlet chooses to report.

To characterize R*, fix any selection a(F') € arg min,c 4 E,,~r[L(a,w)] from the
consumer’s set of optimal actions. Let d(-) denote the Dirac measure on €2, so
that a(d(w)) denotes the selected action when the consumer knows the realization.
Now, for any prior F' € A(2) and realization w € €2, let

p(F,w) = L(a(F),w) — L(a((w)),w) > 0

denote the consumer’s regret from choosing the ez-ante optimal action rather than
the ex-post optimal action. In equilibrium, the outlet is willing to report if and
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only if p(F,w) > v. Because the distribution of v is continuous, the equilibrium
reporting rule R* is given by

The equilbrium reporting rule is unique for a given selection a(-).
We will show an important connection between equilibrium reporting rules and
scoring rules. We first recall the standard definition of a scoring rule.

Definition 2. A scoring rule is a mapping S : A(2) x Q@ — R>g. A proper
scoring rule is a scoring rule such that E,op S(F',w) > Eyop S(F,w) for
any F,F' € A(Q). A mormalized scoring rule is a scoring rule such that
S(6(w),w) =0 for all w € 2.

Scoring rules are widely studied for their use in evaluating and improving proba-
bilistic forecasts (Gneiting and Raftery|2007; |Gneiting and Katzfuss 2014)E] In a
typical setting, the forecaster (say, a weather agency) reports a predictive distribu-
tion F for some state (say, temperature) about whose distribution the forecaster
has private information. The score evaluates the predictive distribution by com-
parison to the realization w of the state, penalizing distributions under which the
realization was unlikely. A proper scoring rule ensures that a forecaster wishing
to minimize their expected penalty wants to report their true belief about the
distribution of the state. A normalized scoring rule assigns no penalty if the
forecaster reports a distribution that puts all mass on the realization.

In our setting, by contrast, the prior distribution F' of the state is commonly
known, and the decision is whether to report the realization w. The score nev-
ertheless plays a central role, because it gauges whether the realization is similar
to what the consumer would have expected under the prior, and therefore how
costly it is to omit a report and let the consumer choose based on the prior. In
this sense, the score measures the amount of “news,” relative to the prior, in a
given realization.

Our main theoretical result is that any equilibrium reporting rule is monotone
in some normalized proper scoring rule.

Proposition 1. For any given state space Q0 and reporting rule R : A(Q2) x Q —
[0,1], there exist primitives L(-,-), A, and T'(-) such that R(-,-) is an equilibrium
reporting rule of the resulting game if and only if

for all F € A(Q),w € Q, for some strictly increasing and continuous G : R>¢ —
[0,1] and some normalized proper scoring rule S(-,-).

Proof. Fix a state space Q. For the “if” direction, assume there are G(-),S(-,")
such that R(F,w) = G(S(F,w)). Take the action space A to be the set A(f)

3We use negatively oriented scoring rules to simplify statements.
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of distributions on the state space, take I'(-) = G(-), take the loss to be the
score, L(a,w) = S(a,w), and take the selection to be a(F) = F. It is immediate
that p(F,w) = S(F,w) and hence that R*(F,w) = G(S(F,w)). For the “only if”
direction, fix some primitives L(-,-), A, and I'(-), and some selection a(-). Notice
that the regret function has the properties that p(d(w),w) = 0 for all w € Q, and
that E,op p(F',w) > Eyur p(F,w) for all F,F" € A(). This implies that the
regret function is itself a normalized proper scoring rule. The result then follows
because R*(F,w) = I'(p(F,w)) and I'(-) is a strictly increasing and continuous
CDF. O

C. A Default Scoring Rule

We propose the following normalized proper scoring rule as a default for real-
valued states.

Definition 3. The continuous ranked probability score (CRPS) is a scoring
rule So such that

So(Fyw) = /Q (F(2) — 8(z;w))2d,

where  C R and where §(x;w) is an indicator for whether w < x.

To interpret the CRPS, imagine there is a binary state and a consumer must
guess the probability that the state takes the value one (rather than zero). If
the consumer’s loss is given by the squared difference between their guess and
the realization, it is well known that the consumer has an incentive to state their
true belief. The CRPS extends this logic to any real-valued state, by recognizing
that we can describe any distribution as a set of probabilties over binary states,
each indicating whether the realization is less than or equal to some value x in
the domain of the state.

We propose the CRPS as a default rule for a few reasons. First, because the
CRPS does not require a density, it can apply to continuous distributions, dis-
crete distributions, and discrete-continuous distributions. Second, the CRPS has
no tuning parameters, and is often available in closed form for common distribu-
tionsﬁ Third, fixing a realization and a prior, the CRPS is invariant to contextual
factors that may lead to bias, such as whether a high realization of the state is
“bad news” (as in the unemployment rate) or “good news” (as in the stock market
return), or which population or place the state affects. These properties make the
CRPS appealing as a starting point for studying news reporting and disciplining
claims of bias. Online Appendix |D| reports on the fit of an alternative to the
CRPS.

4(Gneiting and Raftery|2007) discuss these and other properties of the CRPS.
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II. Data and Estimation of Prior Beliefs
A. News Reports

We take our data on news reporting from the [Vanderbilt Television News
Archive| (VINA; 2017). The VTNA contains detailed information, including
a hand-coded title and abstract, for individual segments (stories) aired during
evening news broadcasts across the major television networks in the United States
beginning in September 1968. We extract from the VI'NA the television network,
date of broadcast, duration, title, and abstract of each news segment appearing
from September 1968 to December 2013 on the “Big Three” (ABC, CBS, NBC)
half-hour evening news broadcasts ]

We consider four state variables: the stock market return, the unemployment
rate, the average precipitation, and the number of US military casualties. For
each state variable, we construct a set of keywords. We consider a segment to
report on a state if its title or abstract contains at least one of these keywords. We
consider a broadcast to report on a state if at least one segment in the broadcast
reports on the state. We calculate, for each date ¢ and state, the fraction R; of
broadcasts that report on the state, and the total number of minutes in segments
that report on the state. For each state, we include in our analysis only those
dates on which the state variable is realized (e.g., days where financial markets
are open, days where the BLS announces unemployment rates). Online Appendix
provides details on our choice of keywords for each state variable, as well as
evidence on the quality of the resulting classification, and descriptive statistics
on patterns of reporting over time.

B. State Variables and Prior Beliefs

We wish to base our analysis on prior beliefs that are reasonable, disciplined
by the data, and able to vary over time as circumstances change. We therefore
specify prior beliefs for each state using a flexible parametric time-series model,
with a structure motivated by prior research, complexity parameters chosen by
cross validation, and remaining parameters estimated by maximum likelihood.
We describe the procedure for stock market returns in detail. For other state
variables we give a high-level overview in the text, with additional details in online
Appendix [C] Online Appendix [C] also discusses evidence on the performance of
the estimated priors, and online Appendix [D]shows results using alternative prior
specifications.

STOCK MARKET RETURNS

We obtain from the |Center for Research in Security Prices (2024a), (Center
for Research in Security Prices (2024b), and (Chicago Board Options Exchange

5We exclude data from March 1999 and February 2000 because VTNA is missing data on a substantial
number of broadcasts during these months.
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(2024) the closing value SPX; of the S&P 500 index, the closing value VIX;
of the CBOE Volatility Index (VIX), and the risk-free interest rate r;, for each
date tﬁ We consider those dates t for which SPXy, r¢, and VIX; are available.
Because there is limited variation in reporting in the early part of this sample,
we conduct our main analysis on data beginning in 2001. Online Appendix [C]
reports results for the sample that begins in 1990[]

We define our state variable w; to be the daily return of the S&P, expressed in
log differences:

wr = log(SPX;) —log(SPX:_1).

Similar to Black and Scholes| (1973)), we assume that the consumer believes that
stock prices follow a geometric Brownian motion, so that over the course of a day
of trading, the state variable is normally distributed. In the spirit of |Bekaert and
Hoerova| (2014)) we estimate a prior of the following form:

Wt:a0+rt+a10't2+€t
EtNN(OaO-?)

P S Q
ol =g+ Z Bpe,?_p + Z YsO2_ o+ Z (5qVIXtQ_q.
p=1 s=1 q=1

Under this prior, the drift term in returns depends on the risk-free interest rate as
well as a market price for risk («;), while the variance follows a GARCH process
that is allowed to depend on the VIX, with the o's, f’s, v's, ¢’s, P, Q, and S
representing parameters. For a fixed value of (P, @, S), we estimate the remaining
parameters of the prior via maximum likelihood. We select the values of (P, @, S)
via k-fold h-block cross-validation (Racine 2000) We let 6; denote the estimated
mean and variance of the distribution of w; on date t.

UNEMPLOYMENT RATE

We obtain from the [U.S. Bureau of Labor Statistics| (2019a) database the sea-
sonally adjusted unemployment rate for each month ¢ from 1948 through 2013.
We consider the date within each month on which the [U.S. Bureau of Labor
Statistics (2019b) announces the unemployment rate for the preceding month,
usually the first Friday of the month. We define the state variable w; to be the

6The VIX is an options-based volatility index, quoted in units of standard deviations. The daily
interest rate r¢ is computed as the daily continuously compounded yield to maturity on day t for a
Treasury bill maturing in four weeks, as implied by the average nominal price of bid-ask quotations
received that day for the bill.

"The VIX began trading in 2004 but is available as a historical series beginning in 1990.

8We implement this cross-validation procedure as follows. Fix some value of (P, @, S). For each of k
contiguous blocks, we estimate the remaining parameters via maximum likelihood on the data excluding
both the block itself and the h observations on either side of the block. We then compute the log-
likelihood of the estimated model on the held-out block. We choose the value (P,Q,S) € {0,...,5} X
{0,...,5} x {0,...,5} that maximizes the log-likelihood across blocks. We set k = 5 and h = 60. This
procedure selects (P, Q,S) = (1, 0, 3).
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seasonally adjusted unemployment rate announced in month ¢. We assume that,
under the consumer’s prior F} in month ¢, the mean of the unemployment rate
follows a seasonally autoregressive (SAR) process in first differences (Montgomery
et al|[1998)), while its variance follows a GARCH process (online Appendix [C1)).

PRECIPITATION

We obtain information on precipitation from the US Historical Climatology
Network (Williams et al.|[2006; National Centers for Environmental Information
2018), for a subset of US weather stations with high-quality historical data. We
match each station to its county using information from the Enhanced Master
Station History Report (Vose et al.|2018)).

For each county and date, we compute the average precipitation level across
all weather stations in the county on the given date. We then take as our state
variable the population-weighted average precipitation w; across counties on date
t, using data on population from the [National Bureau of Economic Research
(2019)), for dates from January 1, 1971 through December 31, 2013.

We follow Kedem, Chiu and North| (1990)) in modeling the average precipitation
as lognormal with seasonally varying parameters (online Appendix .

US MILITARY CASUALTIES

We obtain from the |Defense Casualty Analysis System (2019)) data on the num-
ber w; of deaths of US military service members in active duty, reserve, or in
the national guard on each date t from January 1, 2003 through December 31,
2011. Of all deaths in this dataset, 60.6% occurred in Iraq and 31.1% occurred
in Afghanistan. We restrict attention to casualties in these two locations.

We assume that, in each of Iraq and Afghanistan, under the consumer’s prior F;
on date t the state variable follows a zero-inflated negative binomial distribution
with parameters that depend on past casualties (Yang, Zamba and Cavanaugh
2013; see online Appendix .

ITI. Evidence on Determinants of Reporting

In this section, we study whether our proposed default scoring rule, the CRPS,
captures sensible and relevant patterns in news reporting. For each state variable,
let the data consist of the share R; of broadcasts that report on the state, the
realization wy, and the estimated prior Fy, on a finite set of dates ¢t € {1,...,T'}.

A. Methods

For each state, we present a series of plots that compare the observed patterns
in reporting to those predicted by the CRPS. The plots include, (a) a plot of the
reporting frequency R; against the log of the CRPS, (b) a plot of the log of the
CRPS against the realization w;, and (c) a plot of the reporting frequency R;
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against the realization w;. FEach plot is a binned scatterplot with quantile-spaced
bins (Cattaneo et al.2024). We calculate the CRPS on each date t as So(F}, w;).
We plot the log of the CRPS to facilitate comparison of magnitudes across states.

As a simple measure of the bivariate relationship between the reporting fre-
quency and the CRPS, we report the coefficient and standard error from a linear
regression of the reporting frequency R; on the log of the CRPS. The coefficient
can be interpreted as the change in the probability of reporting associated with a
100 log-point increase in newsworthiness, as measured by the CRPS. The linear
regression restricts the functional form of the relationship, and does not afford a
comparison of the predictive power of the CRPS to that of other models. Online
Appendix @ therefore reports estimates of the completeness (Fudenberg et al.
2022) and restrictiveness (Fudenberg, Gao and Liang|[2023) of a set of reporting
rules, including a smooth, monotone function of the CRPS.

B.  Findings
FicURE [} STOCK MARKET RETURN

Panel (a) shows that reporting is more likely on dates when the CRPS is high.
The remaining panels unpack this finding by looking separately at the roles of
the realization and the prior, the two determinants of the CRPS.

Panels (b) and (c) illustrate the role of the realization. Panel (b) shows that
reporting is more likely on dates when the return is greater in absolute magnitude.
Panel (c) shows that this pattern is precisely what is predicted by the CRPS.

Panels (d) and (e) illustrate the role of the prior. These panels separate the
plots in panels (b) and (c) according to whether the prior standard deviation
is high or low. Less extreme returns are more newsworthy, and more extreme
returns are less newsworthy, when the market is volatile. This pattern is visible
in news reporting (panel (d)) and is predicted by the CRPS (panel (e)).

FIGURE UNEMPLOYMENT RATE

Panel (a) shows that reporting is more likely on dates when the CRPS is high.
Panels (b) and (c) show, respectively, that both the frequency of reporting, and
the log of the CRPS, tend to be higher on dates when the unemployment rate is
higher.

Panels (d) and (e) illustrate the role of the prior. These panels repeat the
plots in panels (b) and (c) but replace the unemployment rate with the change
in the unemployment rate relative to its previous level. The previous level of
the unemployment rate, in turn, affects the current prior. Panel (d) shows that
reporting is more likely when the change in the unemployment rate is greater
in absolute value. Panel (e) shows that this pattern is predicted by the CRPS,
because larger changes tend to be associated with larger surprises, relative to the
prior.
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FIGURE [B PRECIPITATION

Panel (a) shows that reporting is more likely on dates when the CRPS is high.
Panels (b) and (c) show that both the frequency of reporting, and the log of the
CRPS, tend to be higher on dates when precipitation is either very high or very
low.

Ficure [4k US MILITARY CASUALTIES

Panels (a) and (b) show that reporting is more likely on dates when the CRPS
is high, though this pattern is more pronounced for casualties in Iraq (panel (a))
than for casualties in Afghanistan (panel (b)). Panels (c¢) and (d) for Iraq, and
(e) and (f) for Afghanistan, show that both the frequency of reporting, and the
log of the CRPS, tend to be higher on dates when casualties are greater.

IV. Application to Testing for Bias

We propose to use the CRPS as a default control variable in studies of bias
in reporting. In this section we elaborate on this proposal and illustrate it with
applications.

A.  Concepts and Methods

Suppose that a researcher hypothesizes a form of reporting bias and selects
a variable that proxies for it in the data. For example, the bias might be a
bias towards reporting negative news, and the variable might be an indicator for
whether the realization of a state on a given day is “bad.” A natural way to
test for reporting bias is to assess whether the proxy variable is associated with
reporting. If it is, this is consistent with, though not proof of, the presence of a
bias.

We propose to refine this test by controlling for newsworthiness. If controlling
for newsworthiness substantially reduces the estimated relationship between the
proxy variable and reporting, this casts doubt on interpreting the relationship as
evidence of a bias. If, on the other hand, controlling for newsworthiness does not
much affect the estimated relationship between the proxy variable and reporting,
then this is consistent with, though still not proof of, the presence of a bias.

We propose the CRPS as an appealing default proxy for newsworthiness. The
CRPS requires no inputs other than the realization and the prior, and captures
the intuitive idea that more surprising realizations are more newsworthy. Fixing
the realization and prior, the CRPS does not depend on details of the context,
such as whether a high value of the state is “bad” or “good” news, that might
proxy for causes of bias. And, as we have shown, the CRPS does a good job of
capturing many salient features of real-world reporting decisions.

Because our theory does not prescribe a specific functional relationship between
the CRPS and reporting, we propose to estimate this relationship flexibly. In the
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applications below, we control for a smooth, monotone function of the CRPS. We
estimate this function via kernel regression with Epanechnikov kernel, bandwidth
chosen via 10-fold block cross-validation (Racine|[2000), and the CRPS entering
with a log transformation. We enforce monotonicity via rearrangement following
Chernozhukov, Fernandez-Val and Galichon| (2009).

To select our applications, we began with a broad set of biases that are discussed
in the literature and are testable in our data. In each case we selected a proxy
variable and assessed its relationship to reporting, without controlling for the
CRPS. In two cases, this relationship was statistically significant. We focus on
these two applications in what follows. Online Appendix [E] details the full set of
cases that we considered.

B. Application to Negativity Bias in Economic Reporting

Our first application is to negativity bias, the hypothesis that reporting is more
likely when the news is “bad.” We study negativity bias in the context of reporting
on the unemployment rate (as in, e.g., Soroka [2006]). As a proxy for negativity
bias, we construct an indicator x; for whether the unemployment rate on a given
date t is strictly greater than on the previous date on which it was reported. An
ordinary least squares regression of the frequency R; of reporting on the proxy
x¢ implies that reporting is a statistically significant 5.4 percentage points more
likely when the unemployment rate has risen (see Figure [2[f)).

There are two reasons to suspect that some of the apparent negativity bias can
be explained by newsworthiness as we have defined it. First, the unemployment
rate is more newsworthy when it is different from its previous value (see Figure
2[e)). The indicator z; is equal to one only when the unemployment rate is
strictly greater than its previous value, which can occur only when the current and
previous values are different. Therefore, the proxy variable conflates negativity
with change, and change is newsworthy.

Second, the unemployment rate is more newsworthy when it is more different
from its previous value (see again Figure [(e)). This matters because large in-
creases in the unemployment rate are more common than large decreases, but
are still rare enough to be surprising. This fact is visible from Figure 2fe), which
shows that quantiles of the change in the unemployment rate include more large
increases than large decreases. Because increases in unemployment tend to be
larger than decreases, increases tend to be more newsworthy.

For both of these reasons, we expect that controlling for newsworthiness will
reduce the estimated negativity bias. That is what we find. When we control for
a smooth monotone function of the CRPS, the estimated bias falls from 5.4 to 2.4
percentage points and becomes statistically insignificant (see again Figure [2{{)).
In this application, then, newsworthiness accounts for much of the apparent bias,
and after accounting for newsworthiness, there is no statistical evidence of a bias
towards reporting negative news.
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C. Application to Context Bias in War Reporting

Our second application is to bias due to context. Prior work finds that the
war in Iraq received more media attention in the US than the war in Afghanistan
(see, e.g., |Jacobson| [2010]). As a measure of bias towards reporting on Iraq, we
calculate the difference in the frequency R; of reporting on casualties in each
war on each date t. An ordinary least squares regression of this difference on a
constant implies that reporting on casualties in Iraq is a statistically significant
10 percentage points more likely than reporting on casualties in Afghanistan (see
Figure [4g)).

There are reasons to suspect that some of the apparent bias towards reporting
on casualties in Iraq can be explained by newsworthiness as we have defined it.
Specifically, US casualties tended to be more variable and unpredictable in Iraq
than in Afghanistanﬂ As a result, the CRPS for casualties in Iraq tends to be
greater than the CRPS for casualties in Afghanistan. This fact is visible from the
rug plot along the x-axis of Figure [d{h). The binned scatterplot in Figure [4h)
also shows that the frequency of reporting tends to be similar between Iraq and
Afghanistan on dates when the CRPS is similar.

We therefore expect that controlling for newsworthiness will reduce the esti-
mated bias towards reporting on causalties in Iraq. That is what we find. When
we control for a smooth monotone function of the CRPS, the estimated bias falls
from 10 to -1.1 percentage points and becomes statistically insignificant. In this
application, as in our earlier one, then, our measure of newsworthiness accounts
for much of the apparent bias and, after accounting for newsworthiness, there is
no statistical evidence of a bias towards reporting on casualties in Iraq relative
to Afghanistan.

D. Takeaways

In these two applications, newsworthiness can account for much of the apparent
bias. These findings do not mean that news media are unbiased, but they do show
the value of controlling for newsworthiness in a disciplined and parsimonious way.

9For example, during our sample period, the standard deviation of US casualties was 67.4 percent
larger in Iraq than in Afghanistan.
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Figure 1: Reporting on the Stock Market Return
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Note: The unit of analysis is the outlet-date. Each plot is a binscatter. Panels (a), (b), and (c) include
95 percent uniform confidence bands based on inference clustered by month following |Cattaneo et al.
(2024). In panels (d) and (e), observations are split by whether the prior standard deviation is above
or below its sample median. In panel (a), the x-axis variable is log(CRPS) for the stock market return
on the given date. In panels (b), (c), (d), and (e), the x-axis variable is the stock market return on the
given date. In panels (a), (b), and (d) the spacing of bins is chosen using the IMSE-optimal bandwidth
selection of |Cattaneo et al|(2024). In panels (c) and (e), the spacing of bins is chosen to match that
in panels (b) and (d), respectively. In panels (a), (b), and (d) the y-axis variable is an indicator for
whether the given outlet reports on the stock market on the given date. In panels (c) and (e), the y-axis
variable is log(CRPS) for the given date. The box in panel (a) reports the coefficient from a regression
of reporting on log(CRPS), with standard error in parentheses based on inference clustered by month.
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Figure 2: Reporting on the Unemployment Rate
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with 95 percent uniform confidence band based on inference clustered by month following |Cattaneo et al.
(2024). In panel (a), the x-axis variable is log(CRPS) for the unemployment rate on the given date.
In panels (b) and (d), the x-axis variable is the unemployment rate on the given date (left plot) or the
change relative to the previous unemployment rate (right plot). In panels (a), (b), and (d), the spacing
of bins is chosen using the IMSE-optimal bandwidth selection of|Cattaneo et al.| (2024)). In panels (c) and
(e), the spacing of bins is chosen to match that in panel (b) and (d), respectively. In panels (a), (b), and
(d), the y-axis variable is an indicator for whether the given outlet reports on the unemployment rate
on the given date. In panels (c¢) and (e), the y-axis variable is log(CRPS) for the given date. The box
in panel (a) reports the coefficient from a regression of reporting on log(CRPS), with standard error in
parentheses based on inference clustered by month. In panel (f), we report the coefficient and confidence
interval from a regression of reporting on an indicator for whether the unemployment rate is larger than
the previous period, with and without a control for newsworthiness as defined in Section m with a
100-replicate bootstrap-based p-value for the equality of the two coefficients, clustered by month.
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Figure 3: Reporting on Precipitation
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Note: The unit of analysis is the outlet-date. Each plot is a binscatter with 95 percent uniform confidence
band based on inference clustered by month following |Cattaneo et al.|(2024). In panel (a), the x-axis
variable is log(CRPS) for the average precipitation on the given date. In panels (b) and (c), the x-axis
variable is the average precipitation on the given date. In panels (a) and (b), the spacing of bins is
chosen using the IMSE-optimal bandwidth selection of |Cattaneo et al.| (2024). In panel (c), the spacing
of bins is chosen to match that in panel (b). In panels (a) and (b), the y-axis variable is an indicator for
whether the given outlet reports on precipitation on the given date. In panel (c), the y-axis variable is
log(CRPS) for the given date. The box in panel (a) reports the coefficient from a regression of reporting

on log(CRPS), with standard error in parentheses based on inference clustered by month.
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Figure 4: Reporting on US Military Casualties
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Note: The unit of analysis is the outlet-date. Each plot in panels (a), (b), (c), (d), (e), and (f) is a
binscatter with 95 percent uniform confidence band based on inference clustered by month following
Cattaneo et al.| (2024). In panels (a) and (b), the x-axis variable is log(CRPS) for the number of military
casualties on the given date. In panels (c), (d), (e), and (f), the x-axis variable is the number of military
casualties on the given date. In panels (a), (b), (c), and (e), the spacing of bins is chosen using the
IMSE-optimal bandwidth selection of |Cattaneo et al.| (2024). In panels (d) and (f), the spacing of bins
is chosen to match that in panel (c) and (e), respectively. In panels (a), (b), (c), and (e), the y-axis
variable is an indicator for whether the given outlet reports on military casualties on the given date. In
panels (d) and (f), the y-axis variable is log(CRPS) for the given date. The box in panel (a) reports
the coefficient from a regression of reporting on log(CRPS), with standard error in parentheses based
on inference clustered by month. In panel (f), we report the coefficient and confidence interval from a
regression of the difference in reporting between casualties in Iraq and Afghanistan on a constant, with
and without a control for the difference in newsworthiness as defined in Section m with a 100-replicate
bootstrap-based p-value for the equality of the two coefficients, clustered by month. Panel (h) shows
a binscatter of the difference in the probability of reporting of military casualties between Iraq and
Afghanistan (y-axis) versus the difference in log(CRPS) between Iraq and Afghanistan (x-axis). The
bins are ventiles and the average difference in log(CRPS) between Iraq and Afghanistan in each ventile
is marked on the x-axis in a rug plot.
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A. ANALYSIS WITH SOPHISTICATED UPDATING
Al. Model, Solution Concept, and Characterization

Here we define and characterize equilibrium in a model with a sophisticated
(Bayesian) consumer who makes inferences about the state from the outlet’s de-

cision not to report. We suppose that L : A x  — [0, L] where I'(L) < 1.

Definition 4. A pair of pure strategies a* : A(Q2) x Q x {0,1} — A and r* :
A(Q) x Q2 x R>o — {0,1} is a sophisticated equilibrium if and only if

a™(F,w,1) € argmin L(a,w), ¢ (F,w,0) € argmin E;p,[L(a,z)], and
acA acA

r**(F,w,v) € argmin[r(L(a™(F,w,1),w) +7) + (1 —r)L(a™* (F,w,0),w)]
re{0,1}

for all F € A(Q), w € Q, and v € R>q, where we take

Fy (.%'; T'**) _ F (x) E’YNFJ’NF [1 - (F7 $,77) |LL’/ < :I,’] .

E’YNF@/NF [1 —r (F7 ', 7)]
The restriction that I'(L) < 1 guarantees that the denominator in the definition
of Fy is nonzero.

Any sophisticated equilibrium o**, r** induces a unique reporting rule R** =
L(p(Fo(r*),w)) for a given selection «(-). Under a regularity condition on the
consumer’s decision problem, when reporting is rare any such reporting rule is
close to the equilibrium reporting rule R* implied by the baseline model.

kk

Proposition 2. Suppose that L (a(F),w) is continuous in the sup norm for all
w € Q. Then for any w,F, and ¢ > 0, there exists A € (0,1) such that the
reporting probability R**(F,w) induced by any sophisticated equilibrium is within
€ of the equilibrium reporting probability R*(F,w) whenever T’ (f) <1-—A.

Proof. Pick some w, F' and some € > 0. Pick some sophisticated equilibrium that
induces reporting probability R* (w, F'). Recall that, for given selection «af-),
the model primitives imply a unique equilibrium reporting probability R* (w, F').
Write the difference in reporting probabilities as

[R™ (w, F) = B (w, F)| = [C(p(F,w)) = T(p(Fo(r™),w))| .

By the definition of p(-) and the continuity of T'(-), it suffices to show that
L (a(F),w) and L (a(Fy(r**)),w) are sufficiently close when A is sufficiently large.
Towards such a result, note that

F(2) Byaramr [L = (F2',y) |2/ < ]
EV"/FJ/NF []' — T (Fv .73‘/, 7)] ’

Fo (z;r™) =
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where both Ep pop [1 — 7™ (F,2',7) |2/ < z]and E,p pp [1 — 7™ (F, 2'7)] are
bounded below by A by the definitions of A and r**. We therefore have that

Fy (z;r™) € [F (z) T F (z) i]
so that
|y (z;7*%) — F (x)] < F (2) <1_AA>
and

1-A
sup | Fo (2;7™") — F (z)] < :
e A
The desired result then follows by the continuity of L (a(F),w) in the sup norm.
O

Proposition [2] states that, when reporting is rare—for example, because there
are many possible states on which to report—the outlet’s behavior is similar
whether or not the consumer makes sophisticated inferences from nonreporting.
Intuitively, this is because when reporting is rare, nonreporting conveys limited
information about the realization of the state.

A2. Evidence on Inferences from Nonreporting

Here we consider the scope in our applications for rational inferences from the
outlet’s decision not to report. For each state variable, we estimate the empirical
reporting rule R(w,ﬁ‘ ) using the kernel methods described in online Appendix

For each state variable, we use the estimated reporting rule R(w, F') and the
estimated prior F to numerically approximate the posterior distribution Fj that a
sophisticated consumer would assign to the state variable after learning that the
outlet decided not to report on it. We calculate the CRPS based on the estimated
posterior distribution Fy and compare it to CRPS based on the estimated prior
distribution F.

Online Appendix Figure[Al|presents the results of this exercise. The correlation
between the log of the CRPS based on the prior, and the log of the CRPS based on
the posterior, is nearly one for all state variables. In practice, then, our proposed
measure of newsworthiness is very similar regardless of whether consumers do or
do not make inferences based on an outlet’s decision not to report on the given
state.

To unpack this finding further, online Appendix Figure shows statistics
of the standardized absolute difference in means between the prior and posterior
distributions, |E _p (w)—E,_z(w)|/y/Var,_g(w). We can think of the difference
in means as a measure of the difference in optimal decisions under the prior and
posterior for a consumer with a quadratic loss. Scaling by the prior standard
deviation facilitates comparison across states. There are some dates on which
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Figure Al: Inference from Nonreporting
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Note: The unit of analysis is the date. The diamonds report the correlation between log(CRPS) cal-
culated based on the prior distribution for the state and log(CRPS) calculated based on the posterior
conditional on the outlet not reporting the state, following the methods described in online Appendix @
The boxplots report statistics of the distribution of the absolute difference between the prior and pos-
terior means, standardized by dividing by the prior standard deviation. The hollow triangles report the
fraction of observations excluded from the other calculations due to having a probability of nonreporting
below 0.002.

the standarized difference in means is meaningful. For example, when the stock
market is very volatile, reporting becomes fairly likely (Figure (d))7 so that
nonreporting indicates small returns. But, overall, the standarized differences in
means tend to be small.

B. DETAILS ON DEFINITIONS OF REPORTING VARIABLES

To define whether a given segment reports on a given state, we code whether the
title or abstract contains a specific set of keywords. Here we provide additional
details on the keywords. Online Appendix Table reports the most common
non-keyword terms associated with each state. Online Appendix Figure re-
ports the results of a random audit in which a human auditor unaware of our
classification classified 100 randomly chosen segments based on their textual de-
scriptions. Online Appendix Figure presents descriptive statistics on patterns
of reporting over time.
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B1. Stock Market Returns

We flag any segment with the keywords “stock market,” “stks.”, or “stk.” as a
report on the stock market’s performance that day. We use these abbreviations
because stocks are commonly abbreviated by VITNA coders as “stks.” or “stk.”.

B2.  Unemployment Rate

We flag as a report on the unemployment rate a segment meeting at least one
of the following criteria:

e Contains the keywords “employment” or “unempl” (an abbreviation some-
times used for employment by VINA coders).

e Contains the keyword “job” and one of the following keywords: “jobs re-
port,” “statist” (an abbreviation sometimes used by VINA coders for statis-
tic) “figure,” or “number” (i.e., jobs numbers, job figures, etc.).

BS.  US Military Casualties

We flag as a report on US military casualties a segment meeting all of the
following criteria:

bY A3

e Mention of casualties: use of the word “casualty,” “casualties,” “death,” or

“kill.”

bYA13 9w 9

e Mention of military: use of the word “troop,” “soldier,” “army,” “navy,”

“military,” “air force,” or “marine.”

e Mention of the US: includes either “united states” or “usa” somewhere in
the text or “us” followed immediately by one of the military keywords (e.g.,
includes “us troops” in the text).

e No mention of civilians: does not include the word “civilian.”

We further filter these segments based on whether they reference a particular
theater of war:

e Mention of Iraq: use of the word “iraq” or “baghdad.”

e Mention of Afghanistan: use of the word “afghanistan” or “kabul.”
B4. Precipitation

We flag as a report on precipitation a segment with the word “weather” in the
segment title. The word “weather” is a keyword explicitly used by VINA coders
in the segment titles to identify weather segments. Weather reporting may depend
on factors besides precipitation (e.g., a heat wave or tornado). Online Appendix
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Figure [B3|reproduces the results in Figure [3] requiring a weather event to include
one of the following words that directly relate to precipitation: “snow,” “snowy,”
“snowstorm,” “snowstorms,” “snowfall,” “flood,” “flooding,” “floods,” “rain,”

“drought,” “blizzard,” “hurricane,” “ice,” “storm,” “storms,” or “stormy.” These

account for 67.6% of our regularly coded weather reports.
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Figure B1: Audit of Segment Classification
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Note: Panel (a) shows, for each of our main settings, the number of times (out of 20) that a human agreed
with our parser’s decision to categorize the segment in the given setting. Exact agreement corresponds to
cases where the human flagged the exact type of news that the parser flagged (e.g., stock market news).
Broad agreement corresponds to cases where the human flagged the broad type of news that the parser
flagged (e.g., financial news). Panel (b) shows the number of times (out of 20) that a human agreed with
our parser’s decision to categorize the segment in none of our settings.
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Figure B2: Smoothed Monthly Marginal Probability of Reporting on Each State
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Note: The plot shows, for each topic, a 12-month equally weighted backward-looking moving average of
the fraction of nightly news broadcasts that report on the state in each month, among all broadcasts

occurring on relevant dates. For stock market reporting, the dashed portion of the series indicates dates
outside of our main sample.
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Figure B3: Reporting on Precipitation, Alternative Reporting Definition
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Note: The unit of analysis is the outlet-date. Each plot is a binscatter with 95 percent uniform confidence
band based on inference clustered by month following [Cattaneo et al.| (2024)). In panel (a), the x-axis
variable is log(CRPS) for the average precipitation on the given date. In panels (b) and (c), the x-axis
variable is the average precipitation on the given date. In panels (a) and (b), the spacing of bins is
chosen using the IMSE-optimal bandwidth selection of |[Cattaneo et al. (2024). In panel (c), the spacing

of bins is chosen to match that in panel (b).

In panels (a) and (b), the y-axis variable is an indicator

for whether the given outlet reports on precipitation on the given date, using the alternative definition
described in online Appendix In panel (c), the y-axis variable is log(CRPS) for the given date. The
box in panel (a) reports the coefficient from a regression of reporting on log(CRPS), with standard error
in parentheses based on inference clustered by month.
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C. DETAILS ON PARAMETERIZATION OF PRIOR DISTRIBUTIONS

C1. Unemployment Rate

We assume that under the consumer’s prior F; in month ¢ the state variable is
normally distributed as follows:

Py Q1
Aws = o1 + Z Bs1(Awi—s — Po,1) + Z Vo, 1 (Awi—12.s — Bo,1) + €
s=1 s=1

e ~ N (0, 0,52)
P Q2

0752 = 50,2 + Z 63,26152_5 + Z 75,20}2_5a
s=1 s=1

where Aw; = wy — wy_1. Under this prior, the mean of the unemployment rate
follows a seasonally autoregressive (SAR) process in first differences (Montgomery
et al.[1998), while its variance follows a GARCH process, with the 3's, +'s, P’s,
and Q's representing parameters. For a fixed value of (P1, Q1, P2, Q2), we estimate
the remaining parameters of the prior via maximum likelihoodm We select the
values of (P1,Q1, P2, Q2) via k-fold h-block cross-validation (Racine QOOO)E We
let §; denote the estimated mean and variance of the distribution of w; in month
t.

C2. Precipitation

For each county ¢ and date ¢, we compute the average precipitation level w ¢
across all weather stations in the county on the given date. We then take as our
state variable the population-weighted average precipitation wy across all counties
c on date tE We follow |[Kedem, Chiu and North| (1990) in modeling the average
precipitation as lognormal with seasonally varying parameters. Specifically, we
assume that under the consumer’s prior F; on date t the log of the state variable,

10We initialize the mean by assuming that e; = 0 in months ¢ prior to January 1948. This implies
that (Awi — Bo,1) = 0 in months ¢ prior to January 1948. We initialize the variance by assuming that
of in months ¢ prior to January 1948 is equal to the unconditional variance of our estimates of ¢; over
the period 1948 through 2013.

HU'We consider (P, Q1, P2, Q2) € {1,...,6} x {0,...,5} x {1,...,5} x {0, 1,2} and evaluate these via
the average log-likelihood of the data in the held-out blocks. We set k = 5 and h = 60. This procedure
selects (P1,Q1, P2,Q2) =(4,0,2,0).

12We obtain the annual population of each county c¢ from the [National Bureau of Economic Research
(2019).
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log(wy), is normally distributed as follows:

Py Q1
log(wt) = ftﬁl + Z Qs 1 (log(wt—s) - ft_sﬁl) + 275,1615—5 + €t
s=1 s=1
e ~ N(0,07)
P Q2
0752 = exp (@52) + Z 065,26,52_5 + Z’Ys,chf_s,
s=1 s=1
where & = [1,cos(22t),sin(22L)]. Under this prior, the expectation of the log

average precipitation follows an ARMA model with controls for seasonality, and
its variance follows a GARCH process with controls for seasonal cyclicalities,
with the a’s, 5’s, 7v’s, P’s, and @Q’s, representing parameters. For a fixed value of
(P1,Q1, P2, Q2), we estimate the remaining parameters of the prior via maximum
likelihoqu We optimize the P’s and Q’s via k-fold h-block cross-validation[]
We let 6; denote the estimated mean and variance of the distribution of log(w;)
on date t.

3. US Military Casualties

We assume that, in each of Iraq and Afghanistan, under the consumer’s prior F}
on date t the state variable follows a zero-inflated negative binomial distribution
with parameters that depend on past casualties (Yang, Zamba and Cavanaugh
2013):

Wt ~ ZINB(Atvctvqb)

with
P

A = exp(fo + ) Bslog(wi—s + 1))
s=1
G G >y s log(wi—s + 1))
L+ exp(yo + 2Ly 7s log(wis + 1))
and the f’'s, v's, P, and Q) representing parameters. Under this prior, with
probability (; casualties are zero, and with probability (1 — (;) casualties follow a

negative binomial distribution with mean \; and dispersion ¢. For fixed values of
(P, @), we estimate the remaining parameters of the prior via (partial) maximum

13We initialize the mean by assuming that e; = 0 on dates ¢ prior to January 1st, 1970. This implies
that (log(we) — :m?'l) = 0 on dates ¢ prior to January 1st, 1970. We initialize the variance by assuming
that U? on dates prior to January 1st, 1970 is equal to the unconditional variance of our estimates of e;
over the period 1970 through 2014.

14We choose the value (P1,Q1, P2, Q2) € {1,...,5} x {1,...,5} x {1,...,3} x {0,1,2} that maxi-
mizes the average log-likelihood across blocks. We set k = 5 and h = 365. This procedure selects
(P1,Q1, P2,Q2) = (4,1,2,1).



36 AER: INSIGHTS MONTH YEAR

likelihood as in [Yang, Zamba and Cavanaugh| (2013). We select (P, Q) via k-
fold h-block cross Validation We let 6, denote the estimated parameters of the
distribution of w; on date t.

C4. Coverage and Comparison to Survey Evidence

Online Appendix Figure reports on the coverage of the prior distributions
F,. We find that our prior distributions tend to understate the probability of tail
realizations.

Online Appendix Figure [C2] compares the evolution of features of the estimated
prior distributions F} to related concepts measured in survey data. Panel (a) of
online Appendix Figure considers the stock return. Here, we compare the
implied volatility under the prior on a twelve-month horizon to the probability
assigned to an extreme movement in the stock market over that same horizon by
an average respondent to the University of Michigan, Institute for Social Researchl
(2008, 2010 and 2012). Both series are elevated during periods of elevated market
risk, such as the May 2010 “flash crash,” the September 2011 decline due to the
European debt crisis, and the selloffs in June 2012 and November 2012.

Panel (b) of online Appendix Figureconsiders the unemployment rate. Here,
we compare the implied mean change under the prior over a twelve-month horizon
to the difference in the fraction of respondents to the [University of Michigan
(2024) reporting that they expect the unemployment rate will increase and the
fraction reporting that they expect the rate will decrease over that same horizon.
The two series comove closely.

15We consider (P,Q) € {1,...,30}? and evaluate these via the average log-likelihood of the data
in the held-out blocks, using dates beginning on January 31, 2003, the first date for which data on
{wt—1,...,wt—30} is available. We set kK =5 and h = 100. This procedure selects (P, Q) =(3, 30).
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Figure C1: Coverage of Prior Distributions
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Note: Panel (a) shows, for each topic, the fraction of realizations that fall into each decile of the prior
belief for the state variable. Panel (b) shows the analogue of panel (a) using data simulated from the prior
distribution. For military casualties, because the event space is discrete, some realizations may cover
multiple deciles. To correct for this, we uniformly distribute a state realization across all percentiles in
the prior distribution covered by that particular count of military casualties, then aggregate to deciles.



38 AER: INSIGHTS MONTH YEAR

Figure C2: Comparing Estimated Prior Beliefs to Survey Reports
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Note: Panel (a) shows the standard deviation in the stock return over the next twelve months implied by
our estimated prior (“Prior standard deviation”), as well as the average probability that respondents to
the [University of Michigan, Institute for Social Research| (2008, 2010 and 2012) report assigning to the
scenario that the stock market changes by more than 20 percent over the next twelve months (“Consumer
forecast”). We assign each probability to the month in which the respondent answers the survey; not all
months are covered by the survey. Panel (b) shows the expected change in the unemployment rate over
the next twelve months implied by our estimated prior (“Prior forecast”), as well as the difference in the
fraction of respondents to the [University of Michigan| (2024)) reporting that the unemployment rate will
increase over the next twelve months and the fraction reporting that it will decrease over the next twelve
months (“Consumer forecast”), excluding respondents who do not provide a forecast.
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Figure C3: Reporting on the Stock Market Return, Sample Beginning in 1990
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Note: The figure is analogous to Figure |I| but includes dates beginning in 1990. The unit of analysis is
the outlet-date. Each plot is a binscatter. Panels (a), (b), and (c) include 95 percent uniform confidence
bands based on inference clustered by month following |Cattaneo et al.| (2024). In panels (d) and (e),
observations are split by whether the prior standard deviation is above or below its sample median. In
panel (a), the x-axis variable is log(CRPS) for the stock market return on the given date. In panels (b),
(¢), (d), and (e), the x-axis variable is the stock market return on the given date. In panels (a), (b), and
(d) the spacing of bins is chosen using the IMSE-optimal bandwidth selection of |Cattaneo et al.| (2024)).
In panels (c) and (e), the spacing of bins is chosen to match that in panels (b) and (d), respectively. In
panels (a), (b), and (d), the y-axis variable is an indicator for whether the given outlet reports on the
stock market on the given date. In panels (c) and (e), the y-axis variable is log(CRPS) for the given date.
The box in panel (a) reports the coefficient from a regression of reporting on log(CRPS), with standard
error in parentheses based on inference clustered by month.



40 AER: INSIGHTS MONTH YEAR
D. ESTIMATING COMPLETENESS AND RESTRICTIVENESS
D1. Completeness

Completeness (Fudenberg et al|2022) is a value in [0, 1] that measures the fit
of a theory relative to a flexible benchmark. For some reporting rule R(w, F}),
we define the fit to be the improvement in sum of squared errors relative to a
constant prediction,

Y (Ri—R)? = (R — R(wi, Fy))%,

t t

where R is the sample mean of the reporting frequency R;. We define the com-
pleteness to be the ratio of the fit of the given reporting rule to the fit of a more
flexible benchmark.

We consider three reporting rules. The first reporting rule is a smooth, mono-
tone function of the CRPS Spy(w, Ft) This reporting rule captures the default
scoring rule that we propose. The second rule function is a smooth function of the
realization w;. This reporting rule captures a model in which reporting depends
only on the realization and not on the prior. The third reporting rule is a smooth
function of the realization w; and of the estimated prior Fy. This reporting rule
captures a model in which reporting depends flexibly on both the realization and
the prior, and is the flexible benchmark against which we measure completeness.

We estimate each reporting rule using a kernel regression with Epanechnikov
kernel and bandwidth chosen via 10-fold block cross-validation (Racine|[2000).
When appropriate, we enforce monotonicity via rearrangement following (Cher-
nozhukov, Fernandez-Val and Galichon| (2009)), and we incorporate the CRPS
with a log transformation. For the flexible benchmark, we make the estimation
problem finite-dimensional by representing the estimated prior F; as a function
of a finite-dimensional vector #; of estimated parameters.

For each reporting rule, our estimate of completeness is the ratio of the fit of
the rule to the fit of the flexible benchmark, truncated at zero and one. Online
Appendix Figure reports these estimates.

In the case of stock returns, a smooth, monotone function of the CRPS achieves
a completeness of 1, meaning that it achieves the same fit as the flexible bench-
mark. In the case of unemployment, the completeness is 0.407, meaning that a
smooth monotone function of the CRPS achieves 0.407 of the fit of the flexible
benchmark. In the case of precipitation, the completeness is 0.194. In the case
of US military casualties in Iraq and Afghanistan, the completeness is 0.657 and
0.872 respectively.

Online Appendix Table reports additional specifications. Each panel corre-
sponds to a different state variable. Within each panel, the first row corresponds
to our baseline calculation in online Appendix Figure The second row in each
panel reports the range of estimates when we estimate completeness separately
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by calendar quarter. This specification gives a sense of the variability in the data.
The third row in each panel reports estimates when we replace the share R; of
broadcasts that report on the state with the average number of minutes devoted
to the state. The fourth row in each panel reports estimates when we replace the
estimated prior F} used to calculate the CRPS with a nonparametric marginal
prior estimated with the empirical CDF of previous realizations. The fifth row
in each panel reports estimates when we replace the estimated prior F, with one
with greater dispersion. The sixth row in each panel reports estimates when we
replace the CRPS with the negative log density, which is an alternative scoring
rule.

Across many specifications we find that a smooth, monotone function of the
CRPS captures a meaningful portion of the predictive power of a model that can
depend more flexibly on the realization and the prior. A separate question is
whether the realization and the prior are themselves good predictors of report-
ing behavior. To inform this question, online Appendix Table reports the
completeness of a smooth function of the realization and prior with respect to
a flexible function of the realization and the inputs used to estimate the prior
parameters ;. We find that completeness is meaningful, but also well below one
in most cases.

D2. Restrictiveness

Our estimates of completeness show that a smooth, monotone function of the
CRPS captures a meaningful portion of the predictive power of a more flexible
model. To measure differences in the flexibility of different models, we turn to
estimating restrictiveness.

Restrictiveness (Fudenberg, Gao and Liang|2023) is a value in [0, 1] that mea-
sures the (in)ability of a theory to fit arbitrary data. To construct arbitrary
data, we create 100 datasets in which we replace R; with the output of a random
smooth function. We define the random smooth function as a kernel function
with Epanechnikov weights. We seed the kernel function by choosing reporting
probabilities uniformly randomly at points on a grid. We choose the grid by
taking equal-spaced points in the support of the realization w; and the param-
eters ét, with the number of points chosen so that the number of seed points is
equal to the number of observations in the data sample. We choose the kernel
bandwidth on each dimension as either the bandwidth chosen for the estimation
of completeness, or the smallest bandwidth that permits a kernel value at each
support point, whichever is larger.

We estimate each reporting rule on the arbitrary data, and compute its average
mean squared error across the 100 datasets. We estimate restrictiveness as the
ratio of average mean squared error of the given reporting rule to that of the
constant prediction, truncated at one. Online Appendix Figure reports these
estimates.

In all cases, a smooth, monotone function of the CRPS has restrictiveness of
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nearly one, much greater than that of a smooth function of the realization and
prior. We therefore find that a smooth, monotone function of the CRPS is much
less flexible than a smooth function of the realization and prior.
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Figure D1: Estimates of Completeness and Restrictiveness
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Note: Each panel corresponds to a state. The left column of plots depicts estimates of completeness as
defined in [Fudenberg et al.| (2022, following the details in online Appendix The right column of
plots depicts estimates of restrictiveness as defined in [Fudenberg, Gao and Liang| (2023)), following the
details in online Appendix [D2]
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Table D1: Completeness Under Alternative Specifications

Realization

Newsworthiness  Realization Only + Prior
Panel (a): Stock market
Baseline 1 1 1
[Min Quarter, Max Quarter] [1, 1] 1, 1]
Reporting in minutes 0.887 0.857 1
Nonparametric marginal prior 1 1 —
Dispersed prior 1 1 1
Log score 0.094 1 1
Panel (b): Unemployment
Baseline 0.407 0.993 1
[Min Quarter, Max Quarter] [0.250, 0.543] [0.908, 0.990]
Reporting in minutes 0.341 0.931 1
Nonparametric marginal prior 0.581 0.993 —
Dispersed prior 0.398 0.993 1
Log score 0.051 0.993 1
Panel (c): Precipitation
Baseline 0.194 0.229 1
[Min Quarter, Max Quarter] [0.071, 0.371] [0.145, 0.703]
Reporting in minutes 0.285 0.318 1
Nonparametric marginal prior 0.207 0.229 —
Dispersed prior 0.220 0.229 1
Log score 0.092 0.229
Panel (d): US military casualties in Iraq
Baseline 0.657 0.674 1
[Min Quarter, Max Quarter] [0.506, 0.669] [0.575, 0.740]
Reporting in minutes 0.641 0.699 1
Nonparametric marginal prior 0.384 0.674 —
Dispersed prior 0.725 0.674 1
Log score 0.055 0.674
Panel (e): US military casualties in Afganistan
Baseline 0.872 1 1
[Min Quarter, Max Quarter] [0.348, 1] [0.869, 1]
Reporting in minutes 0.229 0.742 1
Nonparametric marginal prior 0.895 1 —
Dispersed prior 0.871 1 1
Log score 0.014 1 1

Note: The table displays estimates of completeness as defined in |[Fudenberg et al.| (2022)), following the
details in online Appendix @ Each panel represents a different setting. Each column corresponds
to a different reporting rule: a smooth monotone function of the CRPS So(ws, F;) (CRPS), a smooth
function of the realization w; (realization only), and a smooth function of both the realization w; and
the estimated prior Fy (realization+prior). Each row corresponds to a different specification. The row
“Baseline” reports our baseline estimate. The row “[Min Quarter, Max Quarter]|” reports the minimum
and maximum completeness when estimating separately by calendar quarter. The row “Reporting in
minutes” replaces the share R; of broadcasts that report on the state with the number of minutes devoted
to the state in the average broadcast. The row “Nonparametric marginal prior” replaces the baseline
CRPS with one calculated based on a prior estimated as the empirical CDF that uniformly weights all
preceding realizations within the timeframe used to train the baseline prior, excluding dates for which
all previous realizations are identical to the current realization. The row “Dispersed prior” replaces the
baseline prior Fy with an alternative that increases the scale parameter of the corresponding distribution
family by 25 percent, fixing the location parameter. The row “Log score” replaces the CRPS with the
negative log of the density (or mass) at the realization.



VOL. VOL NO. ISSUE WHAT IS NEWSWORTHY? 45

Table D2: Completeness of Smooth Function of Realization and Prior

Realization + Prior

Stock market 0.296
Unemployment 0.164
Precipitation 0.722
US military casualties in Iraq 1
US military casualties in Afganistan 1

Note: The table displays estimates of completeness (as defined in |[Fudenberg et al|(2022))) for a smooth
function of the realization w; and the estimated prior Fy (as defined in online Appendix , with respect
to a more flexible reporting rule that can depend on the realization and on any of the inputs used to
estimate the parameters 6;. Each row corresponds to a different setting. The more flexible reporting
rule is a bagged regression tree, estimated via the random forest algorithm with hyperparameters chosen
via 10-fold block cross-validation. All random forest covariate sets include the realization. For the
stock market, we additionally include 5 lags of the realization, the risk-free rate, and the VIX. For
unemployment, we additionally include 6 lags of the monthly first difference of the realization, and 5
annual lags of the monthly change in the realization. For casualties, we additionally include 30 lags of the

realization. For precipitation, we additionally include 5 lags of the realization, and the seasonal proxy
27t 27t )] .

[cos( 555 ), sin( 55z
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E. ADDITIONAL EMPIRICAL RESULTS

Online Appendix Figure shows alternative binned scatterplots for cases
where the x-axis variable has low-dimensional support. Online Appendix Fig-
ure [E2] shows the full set of forms of bias that we considered.
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Figure E1: Alternative Plots with Saturated Bin Structure

(a) Frequency of reporting and log(CRPS) vs. unemployment rate change
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(c) Frequency of reporting and log(CRPS) vs. number of casualties in Afghanistan
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Note: The unit of analysis is the outlet-date.
confidence intervals based on inference clustered by month following |Cattaneo et al.| (2024). In panel (
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Figure E2: Naive Estimates of Reporting Bias
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Note: Each row corresponds to a separate regression and reports a naive estimate of bias along with
its 95 percent confidence interval based on inference clustered by date. The naive estimate of bias is
the coefficient on an independent variable of interest from a regression whose dependent variable is an
indicator for reporting. For the topic “Stock market returns,” the unit of analysis is the outlet-date,
and the independent variables of interest are, respectively, an indicator for negative returns, an indicator
for a Republican presidential administration (estimated on the sample of dates with negative returns),
and an indicator for a Democratic administration (estimated on the sample of dates with non-negative
returns). For the topic “Unemployment rate,” the unit of analysis is the outlet-date, and the independent
variables of interest are, respectively, an indicator for an increase in the rate relative to the previous rate,
an indicator for a Republican presidential administration (estimated on the sample of dates with an
increase in the rate), and an indicator for a Democratic administration (estimated on the sample of
dates without an increase in the rate). For the topic “Military casualties,” the unit of analysis is an
outlet-date-theater, and the independent variable of interest is an indicator for the Iraq theater.
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