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Abstract

What role do journalists play in determining the political slant of the news they produce?
We develop a model where journalists and newspaper outlets contract over both slant and
wages. The model implies a set of conditions under which we can consistently estimate the role
of journalist preferences in driving the observed variation in slant across outlets by leveraging
journalist transitions between outlets. To measure slant, we train a transformer-based, machine
learning model using articles tweeted by politicians and apply it to a full-text database of 9+
million newspaper articles published in the US between 2013 and 2018. Applying our model-
informed estimators to the data, our estimates (a) reject the hypothesis that journalists have zero
ideological preferences over the content they produce and (b) imply that 13 percent of observed
variation in slant across outlets can be explained by journalist preferences. When journalists
move across outlets, their average slant shifts by 85% of the gap between their destination and
origin outlet averages. In counterfactuals that reweight the distribution of journalist ideology,
moving from the observed left-leaning distribution to an even distribution shifts average article
slant in a more conservative direction, but only by 0.03 standard deviations.
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1 Introduction

In the United States, 28 percent of journalists identify as a Democrat whereas only 7 percent
identify as a Republican (Weaver et al. 2019).! How does the skewed distribution of political
affiliation in the news industry affect the type of news that gets produced?

Some commentators have linked the labor market dynamics directly to the political slant of
news as a whole, with Matthew Yglesias, co-founder of Vox, stating “I think content is getting
dragged left because that’s the labor market (and to an extent the audience) rather than as deliber-
ate strategy” (Smith 2021).2 High-profile exits of certain journalists are also linked to within-outlet
political representation. For example, in 2017, The New York Times hired Bari Weiss to diversify
the paper’s opinion page. Yet, in 2020, Weiss resigned—citing “constant bullying by colleagues
who disagree with my views” (Weiss 2020). Moreover, prior academic work has provided theo-
retical motivations for how journalist preferences could drive persistent media bias (e.g., Baron
20006).

In this paper, we empirically examine the extent to which individual journalists shape the ide-
ological content of the articles they write and the market provision of slant as a whole.

We start by building a simple model of the journalist labor market and the production of news.
Our model highlights how observed slant is a weighted combination of three components: journal-
ist preferences, outlet average preferences, and a search-specific outlet shock. Our model provides
testable predictions for whether journalists have preferences over slant, and it provides guidance for
estimating the magnitude of these preferences given potential selection in job transitions induced
by search-specific shocks to outlet preferences.

In order to take the model-informed estimators to the data, we construct a novel measure of
media bias leveraging recent advances in machine learning. Using a new dataset of articles tweeted

by politicians, we fine-tune RoOBERTa (a transformer-based model of human language) to predict

In 1971, 25.7 percent of surveyed journalists in the US identified with the Republican party and 35.5 percent iden-
tified with the Democratic party. By 2013, only 7.1 percent of surveyed journalists identified with the Republican
party whereas 28.1 percent continued to identify with the Democratic party (Weaver et al. 2019). When focusing
on Washington correspondents, the partisan skew is more striking—with 89 percent of surveyed correspondents in-
dicating they voted for Clinton in the 1992 election. The distribution of self-reported partisan identification among
journalists is mirrored by the overall distribution of political contributions from members of the news and media
industry (Bonica 2013). See also Figure 1.

Academics and media critics have also expressed concerns about an overarching liberal media bias in the US—with
these concerns being expressed in a diverse set of outlets including The Washington Post, The Wall Street Journal,
and The Quarterly Journal of Economics (e.g., Groseclose and Milyo 2005; Wemple 2017; Sauter 2020).

2See also Groseclose (2011).



the political party of the politician who shared a given article. Our fine-tuned model performs well
on both in-sample cross-validation tests and out-of-sample comparisons to human coders, and it
represents a significant improvement over bag-of-words methods used previously in the literature.

We then apply our measure of slant to predict the partisan slant of 9+ million articles published
between 2013 and 2018 from almost 300 newspapers in the ProQuest US Newsstream database
(accessed via TDM Studio). Importantly, the ProQuest database also includes the byline for each
article—allowing us to construct an author-level panel dataset that tracks the ideological slant of
the articles written by a given journalist as they move across outlets.

Our empirical strategy for the observational data builds on the rich literature in labor economics
that estimates worker and firm wage fixed effects (e.g., Abowd et al. 1999, AKM) or worker
preferences (e.g., Sorkin 2018) using employee transitions between firms.

We start by estimating an event-study specification using a sample of consistent movers.> Un-
der our model and assumptions, if we are able to reject the hypothesis that journalists close the
entire origin-destination gap between outlets, we can also reject the hypothesis that journalists
have zero preferences over the slant they produce. In other words, if journalists simply write con-
tent that mirrors the preferred slant of an outlet and have zero ideological preferences, the gap in
slant between the origin and destination outlets would close entirely when journalists switch out-
lets. On the other hand, if journalists have strong ideological preferences, we would expect there
to be little-to-no change in observed slant when a journalist switches outlets.

Our event-study estimates reject the hypothesis that journalists have zero ideological prefer-
ences over the slant they produce. Using our sample of consistent movers, journalists close roughly
85 percent of the gap in average slant between the origin outlet and the destination outlet. The 95
percent confidence intervals on our event study estimates exclude both O percent and 100 percent.

We also use the AKM fixed effect framework to decompose the variation in article-level slant
using journalist and outlet fixed effects. In our preferred specification, restricted to the set of
movers, we estimate that journalist fixed effects explain 17 percent of the observed variation in
slant, outlet fixed effects explain 27 percent, and sorting between journalists and outlets explains
another 12 percent.*

We also examine the relationship between journalist fixed effects and other observable char-

3 Among journalists, there are a wide variety of work arrangements including both freelancers and salaried employees.
In our event study analysis, we constrain our analysis to likely salaried employees by focusing on journalists who
wrote T or more articles at the origin outlet before switching and writing 7 or more articles at the destination outlet.

4The remaining variation is explained by time fixed effects, other covariance terms, and the residual.



acteristics of journalists. As we would expect, the distribution of journalist fixed effects for Re-
publican journalists is further to the right (i.e., more conservative) than the distribution for other
journalists. And, consistent with the heterogeneity in underlying political preferences, women and
non-white journalists tend to have more liberal fixed effect estimates than men and white journal-
ists.

In counterfactual exercises, we reweight journalist fixed effects based on party affiliation to
predict the slant that would occur under alternative journalist ideology distributions, while holding
outlet and time fixed effects constant. This exercise suggests that journalist ideology has relatively
small effects on the average slant we observe. Relative to the standard deviation of slant across
all articles, moving from the observed ideology distribution to an even one-third Democrat, one-
third Republican, and one-third non-partisan distribution would shift average slant by just 0.03
standard deviations. Even the most extreme counterfactual, moving from an all-Democratic to an
all-Republican journalist distribution, would shift average slant by only 0.22 standard deviations.

While interesting, we view these AKM results as primarily descriptive given the search-specific
shocks to outlet preferences highlighted in our model which may violate the conditional mean
independence assumption of the AKM model.

We derive a new estimator to provide causal estimates of the between outlet variation in slant
driven by journalist ideological preferences. By focusing on only the between outlet variation in
slant, we are able to provide causal estimates under a weaker set of assumptions than the condi-
tional mean independence assumption of the AKM model.> Rather than assuming no selection on
the search-specific shocks (as the AKM model assumes), our estimator requires an “equal selec-
tion” assumption—that is, the conditional expectations of the search-specific shocks are the same
for entering, exiting, and non-moving journalists at a given outlet.

Our preferred estimates from this specification suggest journalists explain 13 percent of the
observed variation in average slant between outlets. This can be compared to the 20 percent of
outlet-level variation in slant attributed to consumers in Gentzkow and Shapiro (2010).

Overall, these results suggest journalists’ ideological preferences play an important role in
driving the market provision of slant.

This paper relates to several strands of literature.

>Moreover, we may be particularly interested in the role of journalists in driving the between outlet variation in slant,
rather than both the between and within outlet variation. For example, if consumers are choosing between outlets to
subscribe to, between outlet variation in slant may be more relevant for understanding how variation in slant affects
consumer welfare.



First, our paper relates to a literature on media bias. Within this literature, our paper makes
both a methodological and a substantive contribution.

Methodologically, previous work has used bag-of-words or citation based measures of media
bias (e.g., Gentzkow and Shapiro 2010; Groseclose and Milyo 2005). We leverage recent advances
in machine learning, BERT-based transformer models, to measure media bias and show how these
more advanced methodologies can show substantial improvement in predicting the human per-
ceived slant of an article. This builds on separate work using recent advances in machine learning
to measure non-verbal media bias based on the facial expression of politicians in images used on
news websites (Boxell 2021).

We also make substantive contributions to the literature on media bias. Much of the prior em-
pirical work on media slant has focused on demand-driven motives for media bias (e.g., Gentzkow
and Shapiro 2010; Martin and Yurukoglu 2017), conglomeration and owner effects (e.g., Martin
and McCrain 2019), or professional norms (e.g, Baum and Groeling 2008; Shapiro 2016). Recent
work also uses article-level slant measures to study polarization in news consumption on social
media (Braghieri et al. 2025).

The two closest related papers empirically are Cagé et al. (2025) and Xu (2024).° Cagé et al.
(2025) use an AKM-style decomposition to show that much of the variation in slant on French
television and radio shows can be explained by host- or journalist-specific fixed effects. Xu (2024)
also leverages journalist turnover to examine how financial journalists’ social networks influence
the favorability of coverage towards firms in the US.’

Our model, however, highlights the limits of the AKM-style variance decomposition estimates
given the potential for selection into journalist transitions. We solve this selection issue by pro-
viding a novel estimator and associated set of conditions with which we can recover the role of
journalist preferences in driving observed variation in slant across outlets. Overall, our empirical
results corroborate Cagé et al. (2025) and Xu (2024) in finding important effects of journalists, but
in the broader US print newspaper market as opposed to French broadcasting or US financial news.

Second, our paper relates to a literature on employee preferences and compensating differen-
tials. Some work examines the importance of compensating differentials in general (e.g., Sorkin
2018), whereas other work focuses on more specific dimensions such as a firm’s corporate social

responsibility behavior (e.g., Hedblom et al. 2019) or the co-partisanship of co-workers (e.g., Gift

®Baron (2006) showed theoretically how journalist discretion and preferences could drive persistent media bias.
"Barber4 and Sood (2018) find a strong correlation between journalist campaign contributions and the ideological slant
of the content they produce. See also Hassell et al. (2020) and Graves et al. (2016).



and Gift 2015; Colonnelli et al. 2024). Our work provides new evidence on employee preferences

over the ideological content of their production in the news industry.

2 Model of News Production and Empirical Implications
We build a simple model of news production with heterogeneous journalists and outlets.
2.1 Journalists

Journalist i has utility

i (x,0) = 0 — Bi(x — &)* + &

where x is the average slant of articles written, &; is the bliss point for journalist i, @ is an un-
observed utility transfer from the outlet to the journalist (e.g., wages and benefits), and g; is a
type-1 EV shock that is independent across individuals, outlet type, and time. Note that for a given
match, utility can be transferred by giving journalists assignments closer to their bliss point &; or
increasing the unobserved utility transfer (e.g., wages). We let w, denote the outside option for a

journalist.
2.2 Qutlets

An outlet j has preferences over their portfolio of journalists A ;

uj(Aj) =Rj(Aj) - Z @ji
iEAj

where

Ri(Aj)=Y [vi—Bj(xi—6;—&;)*].

i€A;
Here, v; is a fixed revenue per journalist, 5j is an outlet’s average slant ideal point, ﬁj 18 the
strength of an outlet’s preferences over slant, and ;; is search-specific preference shock, which is
mean zero and independent across searches.

Outlets have preferences over revenue R (A ;) minus the wage transfers to journalists } ;¢ A; Oij.
2.3 Matching and Contracting

There is an initial distribution of journalists across outlets. Each period, firms draw a vector of
search-specific preference shocks &; of length s;. Journalists are then matched to firm-searches,
where journalist i is matched to firm j’s s search with some probability p;;s(-). We do not take

a stand on the inputs to p;js(-)—it could include previous values of slant x, previous wages o,



previous firms j, and/or previous or current search-specific shocks &.

The firm observes the journalist’s current contract (xo, @) and type (J;,3;) and gives a job
offer (m,x) that is composed of a utility transfer and an average slant. Journalists then observe
their TIEV draw €;;; and maximize their utility by choosing among (a) their current position at
their current firm j, (b) the position at the new firm j’, and (c) their outside option. We assume
journalist’s output is perfectly observable to the firm, contract enforcement is costless, and both
journalists and outlets are myopic.

Given a match with journalist / who had previous contract (xg, @), the new firm j* will choose

a slant offer that solves

max AUj(x,0) X M;(x,x0, @, @) ;
X,0
0 e — —

Change in Profit ~ Prob. Journalist Accepts Slant Offer

where
exp (@ — Bi(x—&;)?
Mi(-xaxoaw;w()): ( 12 : ) N
exp(@o) +exp (@ — Bi(x — 6;)) +exp (0o — Bi(xo — 6;)°)
and
AUJ'/(X, (D) = RJ/(AJ/ U {X}) —R]/(AJ/) — .
Proposition 1. The optimal slant contract is xl’-‘j = %«;ﬁé’) and the optimal wage is 0’;} =
i TP

h(&;j,x0,00|0) for some function h.
Proof: See Appendix A.

Note that the optimal wage function A(-) is a function of the journalist’s previous contract
(xo, @), whereas the optimal slant contract x;; is not.

It is important to note that while &; is mean zero across searches, it is not necessarily mean
zero over the set of accepted matches. For example, if journalists have strong slant preferences
and if journalists are all more conservative than the most conservative outlet, then journalists will
be more likely to accept a slant contract when &;; > 0. And so, E(&;;|i € A(j)) > 0. In this sense,
realized variation in & can also be a function of journalist preferences.

A sufficient, but not necessary, condition for E(;;|i € A(j)) = 0 is if journalists do not have

slant preferences.



Assumption 1. (Wage Independent Search Shocks) The outside option ®, and initial wage @y of

a journalist i matched with an outlet j is independent of the search specific shock &;;. That is,

E(awy|&ij) = a and E(w,|&;;) = b for a,b € R.

Proposition 2. If B; = 0 for all i and the wage independent search shocks assumption holds, then
E(&jli € A(j)) = 0 and E(x};li € A(j)) = §;.
Proof: See Appendix A.

It is important to note our proof of this proposition does not require us to take a stand on the
inputs to the matching function besides requiring independence between the search-specific shock
& and a journalist’s outside option @, and initial wage . This still allows initial wages @ and
outside options @, to enter the search function—but they cannot vary with respect to §;;. Moreover,
this assumption still allows for interactions between initial slant xy and the search specific shock &

in the search function, as long as wages and outside options are still independent.

3 Data

Our data is derived from three primary sources: articles shared by politicians on Twitter, full-text
newspaper articles from ProQuest, and voter registration data from L2. We use the politician-
shared articles to build a labeled training dataset, which allows us to train a machine learning
model for predicting an article’s political slant. We use the full-text data on newspaper articles to
track journalists as they move across outlets and to measure how the slant of their content varies as
they move. And we use the voter registration data to determine the ground-truth partisan affiliation

of journalists in our data set.
3.1 Articles Tweeted by Politicians

We construct a labeled dataset of news articles shared by either Republican or Democratic politi-
cians. The labeled nature of this dataset (either Republican or Democratic) is important for training
our measure of media slant later.

We start with a list of active Twitter accounts by politicians from ProPublica’s Politwoops
dataset released in July 2019. We then scraped the tweets from each username listed—giving us
the tweet history from more than 1,800 usernames associated with politicians.

From the dataset of politician tweets, we locate all URLs tweeted by politicians—giving more

than 1 million unique tweeted URLs.® We then randomly sample 600,000 URLSs and scrape the

8We exclude urls including “youtu.be,” “pscp.tv,” “facebook.com,” “instagram.com,” “patreon.com,” and
“google.com.”



text associated with each URL. Not all URLs are successfully scraped. We obtain 348,821 URLs
with some text. We further exclude URLs with either (a) 1,000 or less characters or (b) no author
detected by our scraper. We use LLMs to identify and remove non-news content, and to assign
IPTC media topics to news articles.” This gives a final dataset of 182,538 non-unique URLSs with
text. 54,433 of these URLs were shared by Republican politicians, and 128,105 of these URLSs

were shared by Democratic politicians.
3.2 ProQuest Full-Text News

We also use a full-text database of news articles from more than 281 US newspapers, including
major US daily newspapers such as The New York Times and The Wall Street Journal. The full-
text nature of the data enables us to improve upon bag-of-word or keyword-based approaches to
measuring media slant (e.g., Gentzkow and Shapiro 2010) by applying recent machine learning
advances that leverage textual context (e.g., BERT or RoOBERTa), thereby allowing us to construct
more accurate measures of slant at the article level. Moreover, the large number of outlets allows
us to track journalists as they move across outlets and provides insights across both national and
local newspaper markets.

We obtain the full text for all articles from the ProQuest US Newsstream (accessed via TDM
Studio) published between January 2013 and December 2018. This provides more than 9 million
articles. For most of the analysis, we restrict to articles labeled as “News” by ProQuest.

For articles with multiple authors on the same byline, we reshape the data to be at the author-
article level. So, an article that is written by two authors would appear twice in our dataset—once
for each author.!? (From here-on, when we refer to an “article,” we mean an “article-author” pair.)
We restrict attention to authors with more than 10 articles in our data and perform various cleaning
steps in an attempt to remove wire services, syndicated articles, and to handle outlet mergers.!!

After the restrictions, we are left with a dataset of 9,066,616 articles from 33,701 authors
published in 281 outlets. Table 1 provides summary statistics for our sample. Roughly a third of the
authors in our dataset write for the same outlet throughout our analysis period, while the remaining

two-thirds of authors switch outlets at some point. However, there appears to be heterogeneity in

9 Additional detail on our data processing can be found in Appendix Section B.1. Information on our topic assignments
specifically can be found in Appendix Section B.2.
1'We assume any individual with the same name is the same person, and we clean author
names by replacing common female and male nicknames using the list of nicknames from
https://github.com/uguryi/abeR/tree/master/inst/extdata, which is derived from Abramitzky et al. (2021).
''We drop observations that are non-unique across author, slant, year, and month. We combine evening and day
editions, city-specific editions, online editions, and outlet mergers into a single outlet where known.

9


https://github.com/uguryi/abeR/tree/master/inst/extdata

the share of movers versus non-movers across outlets. For example, many authors at The Wall
Street Journal never write for another outlet, whereas the vast majority of authors at The Chicago
Tribune switch outlets at some point. These differences may be a combination of differences in the
use of freelancers versus staff writers, job stability, syndication agreements, and the use of wire

services.
3.3 Voter Registration Data

We also use voter registration data from L2 to match journalists to their party registration status.
To match journalists, we first apply a similar name cleaning procedure to the L2 data. We then
assign a journalist a specific party if matched on first and last name to a set of voters with a unique
party, after restricting to voters in the same state as the outlet headquarters. This allows a journalist
to be matched to multiple voters in a given state, as long as those voters all have the same party
affiliation. The party assignment is done at the author-outlet level—thus allowing authors to change
party affiliation as they change outlets.

Of the more than 10,705 journalists we matched to voter registration records, 51 percent regis-

tered as Democrats, 27 percent as non-partisan, and 21 percent as Republican.

4 Measuring Political Slant and Stylized Facts

We use the politician-shared articles as a labeled dataset to fine-tune an existing transformer-based
machine learning model (RoBERTa) to predict the political party of the politician sharing each
article based on the article’s text. Our fine-tuned RoOBERTa model performs well in the leave-out
validation set and is a significant improvement over previous methods when evaluated on a separate

human-labeled dataset of political news articles.
4.1 RoBERTa Model

To measure political slant, we use the RoOBERTa model framework (Liu et al. 2019). The RoOBERTa
model builds on the previously successful BERT transformer architecture (Devlin et al. 2019). (See
Vaswani et al. 2017 for more on transformers.)

BERT stands for Bidirectional Encoder Representations from Transformers and is an unsuper-
vised pre-trained model. To start, BERT uses word embeddings for each token from a 30,000 token
vocabulary taken from Wu et al. (2016). These word embeddings are then split into sequences at
the sentence level (each sequence having two sentences). The BERT model is then trained under
a dual objective function. First, the BERT model will randomly “mask™ or hide certain tokens

(i.e., words) and the training objective is to successfully predict the masked tokens based on the

10



surrounding context. Second, the BERT model is tasked with predicting the next sentence in a se-
quence. A key contribution of BERT is the ability to use the left and right context simultaneously
in making these masked word predictions, as opposed to the unidirectional or left-to-right predic-
tions used in many other language models (e.g., OpenAI’s GPT). The BERT model was pre-trained
on data from the BooksCorpus (Zhu et al. 2015) and English Wikipedia, giving a combined total
of 3.3 billion words.

After pre-training the BERT model on the masked word task, the model can be subsequently
fine-tuned on various downstream tasks, such as next sentence prediction, classification, or ques-
tion answering. When released in 2018, BERT achieved state-of-the-art performance on many of
the standard NLP tasks including both sentence-level and token-level tasks. The base BERT model
has 12 layers, a hidden size of 768, and 12 self-attention heads—giving a model with 110 million
parameters. The large version of the BERT model has 340 million parameters.

RoBERTza, or robustly optimized BERT approach, is one of several refinements to the BERT
model. It improves on BERT’s performance by pre-training on more data and larger batches, train-
ing on longer sequences, dynamically changing the masking pattern, and removing the next sen-
tence prediction objective. These modifications resulted in significant improvements over BERT

across multiple NLP tasks.
4.2 Fine-Tuning RoOBERTa and Measurement of Slant

The RoBERTa model is a pre-trained model for masked word prediction. We use the base ROBERTa
model available in the HuggingFace library (https://huggingface.co/roberta-base).

Our objective is to accurately predict the perceived political slant of an article. That is, how
liberal or conservative would a reader think a given article is? To achieve this objective, we use
our dataset of articles tweeted by politicians to fine-tune the RoOBERTa model.

To avoid class imbalance in training, we reweight articles tweeted by Democratic and Repub-
lican politicians. We label each article according to the party of the politician who tweeted it. We
then randomly select 70 percent of the articles to be the training dataset and the remaining articles
to be the validation dataset.!?

Since the ROBERTa architecture assumes a sequence length of 512 tokens (where one token

is roughly one word), we restrict the initial sections of each article when they are longer than the

12Since an article can be tweeted by more than one politician and we allow duplicate articles in our dataset in general,
we exclude all articles in the validation dataset that match the text of an article in the training dataset. This helps
prevent cross-contamination of our training and test datasets.
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required sequence length and we “pad” articles that are shorter than required. Our fine-tuning task
is a sequence classification task with two labels (Republican or Democratic). We use the default
training parameters from the HuggingFace library for RoBERTa (e.g., cross-entropy loss), except
that we use: a batch size of 128, 20 percent attention dropout, 20 percent hidden dropout, a learning
rate of 0.5 x 107, a linear learning rate scheduler with 1000 step warmup, and 25 training epochs.
These hyper-parameters were chosen by a manual search over values.

We choose the model weights that achieve the lowest cross-entropy loss in the validation dataset
at the end of each epoch, which was achieved on the fourth epoch. The training loss was 0.251,
the validation loss was 0.436, and the balanced accuracy in the validation dataset was 82 percent.

Using the fine-tuned ROBERTa model, we then predict the partisanship of every article in our

ProQuest dataset.!3

4.3 External Validation of Slant Measure

In addition to the leave-out validation dataset of articles tweeted by politicians, we validate our
measure of slant by comparing to human-coded measures of slant at the article level from Budak
et al. (2016).

Budak et al. (2016) dataset contains a sample of over 10,000 political news articles from 15
popular news outlets in 2013. Each article was then rated by MTurk coders on a 5-point likert
scale for its favorability towards the Republican Party and, separately, for its favorability towards
the Democratic Party. Each article was assigned to two coders, and human-perceived partisanship
is defined as the relative difference in perceived favorability towards the Republican Party versus
the Democratic Party.

For a random subset of these articles, we scraped the underlying text from the source URL and
predicted the slant using three different methods (a) our ROBERTa slant measure described above,
(b) a FastText model (Joulin et al. 2017) that we also train on the politician-tweeted articles, and
(c) the Gentzkow et al. (2019) measure of partisanship from the 114th Congress.'* Panel A of
Figure 2 reports the Spearman rank correlation for each of the three text-based, machine-coded

measures of slant and the human-coded slant measure from Budak et al. (2016). While all three

130ne potential concern is that the model could learn non-slant text features predictive of outlet identity, rather than
slant itself. To assess this potential, in a robustness exercise (not reported) we rerun the train—validation split while
stratifying by outlet rather than by article. We observe similar (in fact slightly better) out-of-sample performance
metrics when stratifying by outlet rather than by article, suggesting that our slant predictions are not primarily driven
by non-slant features predictive of outlet identity.

14 A alternative would be to retrain the Gentzkow et al. (2019) measure on the politician tweeted articles, which would
likely improve the performance relative to using the bigrams from the 114th Congress.
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machine-coded methods have a significant positive correlation with the human-coded measure, our
RoBERTa-based slant measure performs significantly better than the other methods.

Panel B of Figure 2 reports results from a partitioning exercise where we examine the ability
of each method to accurately partition the articles in half based on their relative partisan leanings.
Our RoBERTa slant measure accurately categorizes over 70 percent of articles that are perceived
to be clearly partisan by human coders—again, performing better than these other methods.

Overall, we believe these results suggest that both (a) our RoOBERTa-based slant measure is
performing well in capturing text-based variation that humans would perceive as political slant,
and (b) our RoBERTa-based slant measure is a significant improvement over previous methods
used in the literature.

Appendix C reports additional results comparing our model’s performance against human-

coded articles, as well as comparisons to previous measures of slant or partisanship in the literature.
4.4 Stylized Facts
4.4.1 Sorting of Journalists

In Figure 3, we compare the average slant at an outlet to the share of partisan journalists matched
in the L2 data who are Republicans. Overall, there is a strong, positive, and significant correlation
between the average slant of outlets and the share of Republican journalists.

The New York Times and The Wall Street Journal are interesting reference points. While both
outlets are located in New York City, and thus can pull from the same potential set of employees,
the share of Republicans at The Wall Street Journal is roughly twice that of The New York Times.
And, correspondingly, the average slant at The Wall Street Journal is to the right of the average
slant at The New York Times.

4.4.2 The New York Times and The Wall Street Journal

We examine the distribution of author-level slant at The New York Times and The Wall Street
Journal across all authors and separately for the set of authors who have written for both outlets.
Panel A of Figure 4 plots the distribution of author-level slant at The New York Times and The
Wall Street Journal. Consistent with prior suggestion, we see that the average slant of all authors at
The New York Times is shifted to the left relative to the average slant of authors at The Wall Street
Journal.
Panel B of Figure 4 is the same as Panel A, except it restricts attention to the set of authors who

have written for both outlets. Among this set of authors, we see that the distributions of slant at
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The New York Times and The Wall Street Journal are more similar. Through the lens of our model,
the set of authors who have written at both outlets either have significantly different ideal points &
than the general set of authors at The Wall Street Journal and/or have large search-specific shocks
&.

Lastly, Appendix Figure C1 examines the average slant of select politicians when writing op-
eds at The New York Times and The Wall Street Journal. As we would expect, among these politi-
cians, the average slant of Republican politicians is to the right of the distribution at both outlets

relative to the average slant of Democratic politicians.
4.4.3 Trends in Slant

We also examine trends between 2013 and 2018 in slant at key outlets, as well as the newspaper
market overall. Figure 5 shows a secular shift to the left over time in slant for key outlets as well
as the market as a whole. While this trend is gradual for the market as a whole, the 2016 election
marks a turning point for many national news outlets. Several national US dailies exhibit a rapid
shift leftwards after the 2016 election including for The Wall Street Journal—an outlet typically
viewed as more favorable towards Republicans. Of the major national US dailies examined, it is
interesting to note that while USA Today had similar levels of slant to The Washington Post in 2013,
it reaches parity with The Wall Street Journal in the aftermath of the 2016 election—highlighting
how outlets differentially responded to the election. USA Today has a higher share of Republican

journalists than the other outlets considered (see Figure 3).

5 Evidence from Journalist Movers

We now turn to examining the role of journalists in determining the slant of the content they
produce.

We start by providing preliminary evidence on journalist content preferences using standard
mover event study frameworks and AKM variance decompositions. We provide guidance on the
extent to which we can consider these estimates causal, as opposed to descriptive, in light of our
model.

To make progress empirically, we assume that journalists and outlets are only heterogeneous in
their bliss points 6 and have common strength of preferences. That is, f; = 8 forall i and f§; =1

for all j, where B; = 1 is a normalization. Therefore,

X

SN LT
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Note that, in this case, the average observed slant at an outlet is also additively separable

1 B = 1 1 -
J |A(])|ie§j) J ﬁ+1 A(J)) ﬁ‘i‘l J ﬁ-l—léj

where SA(J-) = WIJ)IZ’GAU) 6, & = mZiEA(f) &ij, and, recall, that A(j) is the portfolio of jour-

nalists working at firm ;.
5.1 Mover Event Studies

Consider a mover from j to j/. Then

1
Y TN = [(8)+&ij) — (8 +8ij)] -
Ideally, we would be able to estimate
I=T—1
Xit = Y+ (i) +1_ TZ;,# 1Pl [(8j00) +Eijiin)) = (o) + o)) ] Lyg—7 120y + &0ty

where Xj; is the estimated slant of the rth article written by journalist i, # = 0 is first article at the
new outlet, d,,,; ) are calendar month fixed effects, ¥; are journalist fixed effects, p; are the event
study coefficients, and j(i,7) € {o(i),d(i)} is the outlet for journalist i in time z—either the origin

or the destination.

L
B+1°

the outlet preference terms (5 i) T i j(l',t)) are unobserved. Instead, we estimate the following

The difference between p; before and after the move would be an estimate of However,

event-study specification

1=T-1
B =Yitduin+ Y, PIEjn) —Fo@) L1120 + &

I=—T,I#~1
replacing the outlet preferences with the observed average slant at the outlet X;; ;).

In general, E(X;; 1) — Xo(i)) 7 0(ir) — O,(i) and so our estimates p do not have precise mappings
to the underlying model primitives. However, consider the case where 3 = 0. Under Proposition
2, we would have E(%(; ;) — %)) = 6ji) — 6,(;) and E(&|i € A(j)) = 0, and therefore, E(p;) =
ﬁ = 1. In this sense, by testing for whether p;,>o = 1, we are testing for whether journalists
have preferences over the ideological content which they produce, i.e., B > 0. Thus, while this

exercise does not allow us to pin down the relative magnitude of f3, it is still informative about the
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existence of journalist preferences. An important caveat is that unobserved shocks & still function
as measurement error in the independent variable, which could attenuate our estimates of p.

In estimating the event study specification, we restrict to “consistent” moves which we define
as when a journalist has written 7" or more articles consecutively at the origin outlet before writing
T or more outlets consecutively at the destination outlet.'> Lastly, to improve precision of our
estimates, we weight observations by the square of the relative move size between outlets (Xd(i) —
)ZO(,-))Z. Figure 6 plots the distribution of move sizes X ;) — X,(; for our estimating sample of
consistent movers when 7= 5. As we would like to see, the distribution of moves is approximately
symmetric around zero and has many “large” moves.

Our event study estimates allow us to reject the hypothesis that p; = 1, and therefore, reject
the hypothesis that f = 0. Figure 7 reports the estimates of p from our event study specification
when 7' =5 and when T = 10. The estimates show no significant pre-trends prior to the move.
Upon move, both the T =5 and T = 10 specifications show a quick transition—going from ap-
proximately zero to fluctuating around 0.85 in the T = 10 specification. The magnitude of this shift
suggests journalists close roughly 85 percent of the observed slant gap between outlets when they
move between outlets.'® We see no evidence of learning behaviors—with the estimates being rela-

tively flat across time in the post-move window of analysis. If we were to interpret our event study

1
BT

over slant would be a third of the size of outlet preferences over slant.

coefficient estimates as estimates of they would imply 8 ~ 0.18 and so journalist preferences

In Figure 8, Panel A repeats our estimation separately for the set of movers who move to a
more conservative outlet (e.g., Xg(;) —X,(;) > 0) and the set of movers who move to a more liberal
outlet (e.g., Xy(;) — Xo(;) < 0). Panel B examines the relationship between the change in average
outlet slant X,(;) — X,(;) with the change in average journalist slant non-parametrically. Both panels
suggest a high degree of symmetry across the direction and size of journalist moves across outlets.

The Appendix reports additional results.

SPrior to defining a “consistent” move, we drop observations of three or fewer articles at an outlet to reduce the
potential influence of syndications and new wires.

16 Appendix Figure C11 examines the extent to which this event-study change in slant can be explained by changes
in topic by replacing individual article slant with the average slant of the article’s topic as the dependent variable,
where topic mean slant is calculated across all articles. The resulting coefficients are near zero and statistically
indistinguishable from zero, suggesting that little if any of the change in Figure 7 is explained by changes in topic-
mean slant. See Section B.2 for details on topic classification.
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5.2 AKM Decompositions

In this section, we continue to examine the role of journalists across a broader set of movers using a
variance decomposition of journalist and outlet fixed effects following Abowd et al. (1999, AKM).
To highlight the appropriate interpretation of our AKM estimates, we can write and re-arrange

the optimal slant contract as

B 1 1
- 5 5, ’
" &,L+ﬁ}_i+’&ﬁ
¥ %y &)

and so,

Xij = Vit Q)+ &j.

As explained in Abowd et al. (1999), the outlet fixed effects «; are identified by the set of journal-
ists moving between outlets. In order for our estimates of the journalist and outlet fixed effects (7;

and o;(; 1)) to be unbiased, we need AKM’s conditional mean independence assumption to hold
E(eijli € A(j)) = 0.

If the conditional mean independence assumption holds, then we can use the leave-out esti-
mator proposed by Kline et al. (2020) to consistently estimate the variance of the journalist fixed
effects V (%), which is the combination of the variation in journalist ideal points and their relative

strength of preferences

Vin) = (%)3@.

However, given the importance of selection in our model, we do not expect the conditional
mean independence assumption to hold. As such, we interpret our AKM variance decompositions
as a descriptive exercise familiar to many readers—not as estimates of underlying model primitives.

In practice, we estimate

Rije =Y+ Qi) + T +eije

to allow for systematic temporal variation in slant due to the timeliness of different topics, where

Xijr 1s the average slant of articles published by journalist i at outlet j in month 7, ¥; are journalist

fixed effects, o (i) are outlet fixed effects, 7, are time fixed effects, and ¢; j; is the error term.!”

7In Appendix B.3, we relax AKM’s additive separability assumption using the BLM framework of Bonhomme et al.
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Relative to our event study sample, we are less restrictive in the set of articles we include. We
still drop “short moves” of three or fewer articles at an outlet to reduce the influence of syndicated
articles and news wires, but make no other restrictions after the restrictions defined in Section 3.
This will include freelancers, salaried journalists, and other writers. We also collapse the data to
the journalist-month level in our baseline specification to reduce noise in the outcome variable. In
total, there are 31,227 journalists (with 5,617 of those being movers), 276 outlets, and 723,248
journalist-source-month observations in the connected sample.

Table 2 reports the variance decomposition estimates using both the plug-in estimator (Panel
A) as well as the leave-out variance estimator proposed by Kline et al. (2020), which addresses the
limited mobility bias that is often present in these employee-employer transition datasets (Panel
B). Both panels restrict attention to the leave-out connected set of firms. The different columns
report estimates on various samples of the data.

Panel B is our preferred set of estimates. Our baseline specification (Column 1 of Panel B)
estimates 29 percent of the variation in journalist-month slant is explained by journalist fixed ef-
fects, 26 percent is explained by outlet fixed effects, and 10 percent is explained by the covariance
between journalist and outlet fixed effects. These results are reasonably robust when the estimation
sample includes both movers and stayers (e.g., Columns 1, 4, and 5 of Panel B), with the excep-
tion of the specification where we replace outlet fixed effects with parent company fixed effects
(Column 10 of Panel B) or restrict to “top” outlets (Column 6 of Panel B).

When our estimation sample is restricted to a set of movers only (Columns 2, 3, 7, 8, and 9
of Panel B), our estimates for the share of the variance explained by journalist fixed effects fall
significantly and the share of the variance attributed to outlets increase. However, even in the most
restrictive set of movers (Columns 8 and 9 of Panel B), 12 percent of the variation in slant is still
explained by journalist fixed effects.

When restricting the sample to the set of movers and restricting to large moves (e.g., moves
greater than 0.1), Column (3) still estimates a large role for journalist fixed effects. Column (8),
which uses the T = 5 event study sample, reports smaller role for journalist fixed effects, but also
reports a smaller role for outlet fixed effects—potentially driven by the limited sample size.

It is also interesting to note that both sorting and the variance of outlet fixed effects is larger

among low-tier outlets. When restricting to the top 20 outlets by circulation, our estimated cor-

(2019), which allows for journalist-outlet interactions. Empirically, these interaction effects explain only 0.34% of
total model-implied variance, leading us to retain AKM as our baseline specification.
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relation between ¥; and «; is 0.038 (Column 6, Panel B) compared to 0.183 in our full sample
(Column 1, Panel B). These results could be consistent with a model where top-tier outlets differ-
entiate themselves vertically, whereas low-tier outlets differentiate themselves horizontally.
Figure 9 plots the distribution of estimated journalist fixed effects for various subsets of jour-
nalists. Panel A reports the distribution for Republican, Democratic, and non-partisan journalists,
where we see that the distribution of fixed effects for Republican journalists is significantly to
the right of other journalists. Consistent with our understanding of underlying heterogeneity in
political preferences across demographic groups, Panels B and C suggest that women have more
left-leaning ideal points than men and non-white journalists have more left-leaning ideal points

than white journalists.
5.3 Slant Under Counterfactual Journalist Ideology Distributions

These heterogeneous AKM estimates by party affiliation also allow us to conduct a simple partial-
equilibrium counterfactual exercise, analyzing how average slant would change under different

distributions of journalists’ party affiliations. We can decompose our average estimated slant as:

where s, and ¥, denote the share and average journalist fixed effect among those with party affili-
ation p, while & and 7 denote overall averages of outlet and time fixed effects.'® This allows us to
analyze changes in mean slant as journalist party-affiliation shares vary, holding fixed the average
journalist fixed effect by party as well as the overall average outlet and time fixed effects.

Figure 10 reports the resulting counterfactual means together with benchmark observed means
for selected outlets. Because the reweighting exercise is defined over journalists with Democratic,
Republican, or non-partisan affiliations, the natural baseline is the observed mean slant in the non-
missing-party subsample. Relative to that baseline, moving from the observed party distribution
to an even one-third Democratic, one-third Republican, and one-third non-partisan distribution
shifts mean slant in a more conservative direction by 0.009 points, or only 0.03 standard deviations
of article-level slant. Even the most extreme comparison, moving from an all-Democratic to an
all-Republican journalist distribution, changes mean slant by only 0.062 points, or 0.22 standard
deviations. These shifts are therefore modest relative to the variance in slant across articles and

to the dispersion in benchmark outlet means shown in the figure. The counterfactuals imply that

18By construction, the residual (e;j,) averages to zero across AKM cells.

19



journalist ideology has non-zero effects on average slant, but that changes in the composition of
journalist party affiliations would not, by themselves, generate large changes in average slant when

outlet and time effects are held fixed.!?

6 Outlet-level Decompositions

Both the event study and AKM results are limited by their ability to address the selection driven
by the search-specific shock process in our model. In this section, we relax the conditional mean
independence assumption by focusing on estimating the role of journalists in driving the observed

variation in outlet-level slant.
6.1 Model-Driven Specification

Recall that the average observed slant at an outlet is

B« 1 1
=04 0;+ 3
gl ,eAZ S B0 T BT
Let
ﬁ -
Vi= 5 1%0)

denote the “journalist effect” at outlet ;.

Our goal is to estimate V ().

Our identification strategy uses a movers identification strategy to difference out most of the
non-y; components, and we provide conditions under which we can ignore the remaining selec-

tion. Note that, for a mover i who moves from j to j’, we can write

1
xijt =%ij = gy L8y + &) = (84 6ij) ]
and we can write the difference in average slant between outlets j' and j as

B s e 1 1

xj’_xj:m(SA(j/)_SA(j))—'—?(SJ'/_S) B+1<€ 5])

“Note that this partial equilibrium exercise holds the supply of outlets and the number of articles per outlet fixed.
Changing journalist ideologies could lead to the expansion or entry of ideologically aligned outlets, changes in
journalist-outlet bargaining strength, or other effects which might plausibly generate changes larger than our esti-
mates.
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Lety; = (¥ —%;) — (x;;7 — x;j). Combining the two equations above, we get

- - 1. - 1
yi= [%(5/4(]) —8aj)) +m(§j’ &) — m(éi/ —&ij),

which we can re-arrange and relabel as

8- g~ gy (- 80— G- &)

J/

v i .
to get

Yi= Y-yl —e (1)

Note that l//]d = 7 for a given outlet ;.

Intuitively, x;; — x;; differences out journalist i’s fixed preferences &; that remain the same
across outlets, thereby leaving the difference in outlet components (87 + &;#) — (8, + &;;). Then,
by subtracting x; 7 — x;; from X — x;, we difference out the outlet components that remain the same
for all journalists (i.e., §;). Thus, leaving the difference in journalist components y; between origin
and destination outlets, as well as the difference in the structural errors for movers and non-movers
at each outlet, [(&; — Ej/) —(&j— Ej)} :

We would like to estimate equation (1) using origin and destination fixed effects among the
sample of movers and to construct V(liljd ), an estimate of V ().

Two empirical issues remain.

First, it is well known that plug-in estimates of quadratic forms, such as variances, are biased
(e.g., Kline et al. 2020). To address this, we use the covariance between the origin and destination
fixed effects cov(li/f ,7) as our preferred estimator of V().

Second, our estimates of l//;’ and WJO are potentially biased themselves if they are correlated
with e,—which is likely under any form of journalist preferences over slant or selection in job
transitions. We postulate a set of conditions for which we can derive consistent estimates for
V(y;) below.

Let Tl;’ be an indicator for whether journalist i’s origin is outlet j, and let Tl? be an indicator for

whether journalist i’s destination is outlet j.
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Assumption 2. (Equal Selection) Forall j € ¢,
E(&j|Td = 1) =E(&;|T =1) = ;.

Remark 1. Note that the equal selection assumption is less restrictive than AKM’s conditional

mean independence assumption which would imply

E(&ij|TH =1) =E(&|T7=1) =& =0

forall je 7.

Consider the linear model

E(Y|T) =T6

where T=[-T¢,...,— T2, T, ...,T |}, a N,y x (27 — 1) matrix and 6 is a (2J — 1) parameter vector

which we can partition as 6 = [8°,69]'. Then
6= (TT)'TY

is the OLS estimator.

Proposition 3. If the equal selection assumption holds, cbv(éd, éo) is a consistent estimator for

V().
Proof: See Appendix.

Remark 2. V(84) or ¥(6°) would also be consistent estimators for V(). Our preferred estimator
is c&v(éd, 6° ) because it reduces the finite sample or limited-mobility bias (see also Kline et al.

2020).

The equal selection assumption is admittedly strong. However, it is a weaker assumption than
the conditional mean independence assumption commonly used in AKM and related models. Intu-
itively, while the conditional mean independence assumption says there is no selection, our work-
ing assumption allows for selection, but requires that it is the same across both sets of movers, as
well as non-movers, for each outlet ;.

Moreover, we can empirically test part of the equal selection assumption. Under our assump-

tions and model, E(6¢) = E(H°). The extent to which these two estimates differ tells us something
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about the extent to which movers fo outlet j are differentially selected compared to movers from
outlet j—providing a partial test of the equal selection assumption.
Under certain conditions, our preferred estimator for V(y/;) is a lower bound for the variance

in observed outlet-level slant driven by journalist effects and selection.

Assumption 3. (Non-negative Covariance) The correlation between the average journalist ideal

point and the average structural error at outlet j is non-negative. That is, cov(5A E i) >0.

Corollary 1. If the equal selection and non-negative covariance assumptions hold, then V(y; +
ﬁﬁ_]) > V(y;) and cov(0?,8°) is a consistent lower bound for V(y; + [ﬁéj)
Proof: Note that

1 =

&)+ 2000(gE 1 8u 5180 2 VW)

V(y;+ 5 ) =V(y;) +V(7—

B+1% B+1~

with the last inequality holding due to the non-negative covariance assumption. Proposition 3 then

implies cov(69,0°) is a consistent estimator of a lower bound for V(y;+ ﬁﬁ_])

6.2 Results

To visualize each of these differences in y;, we partition the outlets into above- and below-median
slant outlets using our full dataset and compute X, and x;. We then compute x; and x;; for the
set of movers who move from above-median outlets to below-median outlets, and vice-versa, from
our T = 10 event study dataset as used in Section 5.1. (Note that this implicitly restricts to larger
moves.)

Figure 11 plots the results. The “Outlet Gap” in each panel of Figure 11 reports (¥ — ¥;), the
difference in average slant between destination and origin outlet. The “Change on Move” in each
panel reports (x;# — x;;), the average change in slant for a journalist that moves from the origin to
the destination outlet.

If outlets in the set of above-median outlets have homogeneous preferences (and likewise for
below-median outlets), then the difference between the “Outlet Gap” and the “Change on Move”
for each panel would give us estimates of w? and —y? for one set of outlets normalized relative
to the other set. Using the below-median outlets as the reference group, our example implies
¢ =(0.21-0.18) = 0.03and §° = —(—0.22 +0.20) = 0.02 for the above-median set of outlets.
And, thus, roughly a fifth of the difference in average slant between above-median outlets and

below-median outlets can be attributed to journalist effects.
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The results in Figure 11 are from a restrictive set of authors and estimates first moment differ-
ences across sets of outlets. Table 3 provides estimates from the full sample and utilizes the full
variance decomposition by computing cv(6¢,6°).

Our baseline estimate (estimator cov(éd7 6° ) in Column 1 of Table 3) suggests 13 percent of
the outlet-level variation in slant can be explained by journalist effects. We can compare this to the
estimated 20 percent of observed variation in outlet-level average slant that is explained by con-
sumer demand in Gentzkow and Shapiro (2010). Taken at face value, our results suggest journalist
effects are nearly as important as consumer demand in explaining the variation in observed slant at

the outlet level.

7 Conclusion

This paper makes three primary contributions.

First, we provide an important advance in measuring media slant—with our fine-tuned RoBERTa
model achieving a significant improvement in measuring human-perceived political slant relative
to prior methods—and document new stylized facts regarding media slant.

Second, we provide novel evidence on the role journalists play in determining the political slant
of the news they produce. Our estimates reject the hypothesis that journalists have zero ideological
preferences over the content they produce and imply that 13 percent of observed variation in slant
across outlets can be explained by journalist preferences. Our estimates also allow us to predict
counterfactual slant under alternative distributions of journalist ideology. We estimate that shifting
from the current distribution of journalist party affiliations to a more even or more representative
distribution would have relatively modest effects on average slant, relative to the overall observed
variation in slant and holding the supply of outlets fixed.

Third, to the extent our results speak to worker preferences over the slant they produce, they
provide evidence on the importance of non-pecuniary worker preferences in driving sorting across
firms.

There are several caveats to our analysis. First, our analysis requires strong assumptions about
the selection of journalists across outlets. Violations of these assumptions will bias our estimates.
Second, our notion of the role of journalists focuses on journalists as individuals. Group dynamics
or the spillover effect of other journalists, such as those discussed by Bari Weiss (see Section
1), would be attributed to the outlet. If these dynamics are important, our estimates would be

understating the role of journalists. Lastly, measurement error in our measure of slant may also
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affect our estimates. Future research should continue to examine the effects of these potential

limitations on our results.
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Figure 1: Partisan Distribution of Journalists
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Notes: Panel A reports the share of surveyed journalists in 1971 and 2013 that self-reported as a
Democrat (blue), a Republican (red), or as non-partisan or a third party (green). Data is taken from
Weaver et al. (2019). Panel B reports the self-reported vote choices of Washington Correspondents
from Povich (1996), as well as information on vote choices for the District of Columbia and the

US population as a whole.
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Figure 2: Comparing to Human Perceived Slant
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Notes: Panel A plots the rank correlation of the Budak et al. (2016) perceived slant measure for
each article as defined in Appendix Table C1 versus the model-based slant measures using all
articles. Panel B plots the accuracy of each model-based method in partitioning the dataset in half
between more liberal and more conservative articles relative to a naive algorithm. In Panel B, the
sample is restricted to articles for which both MTurk coders gave the same relative rating and for
which this relative rating was non-zero.
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Figure 3: Average Outlet Slant and Journalist Partisanship
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Notes: Figure plots the relationship between the average estimated slant at an outlet (x-axis) with
the share of matched partisan journalists who are Republicans. Slant ranges from O to 1, with larger
values indicating content estimated to be more conservative.
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Figure 4: Authors at The New York Times versus The Wall Street Journal
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Notes: Figure plots the distribution, across authors, of the average slant of each author’s article as
measured by our ROBERTa model of slant for each outlet. Panel A includes all authors who appear
at a given outlet. Panel B restricts attention to authors who have written at both The New York
Times and The Wall Street Journal. Slant ranges from 0 to 1, with larger values indicating content

estimated to be more conservative.
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Figure 5: Trends in Slant
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Notes: Figure plots the trends in average estimated slant over time, aggregated by quarter. This
average is calculated across all articles (black) as well as for selected outlets (various colors) in our
main analysis sample. We also plot an outlet-weighted (rather than article-weighted) average of
slant across all outlets (yellow). The dashed vertical line is Election Day 2016. Slant ranges from
0 to 1, with larger values indicating content estimated to be more conservative.
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Figure 6: Distribution of Origin-Destination Outlet Slant Scores in Event Study Sample (7" = 5)
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Notes: Figure plots the distribution of moves Xy(;y — X,(;) for consistent movers in our 7' =5 esti-
mation sample.
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Figure 7: Event Study Changes in Slant Around Author Moves
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Notes: Figure plots the estimated event study coefficients p; for the T = 5 estimation sample (Panel
A) and the T = 10 estimation sample (Panel B). Event study coefficients estimate the moving
author’s change in slant relative to their slant at r = —1.
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Figure 8: Exploring Potential Asymmetry
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Notes: Panel A plots the event study coefficients for the 7 = 10 estimation sample when the model
is estimated separately among the set of movers who move to a more conservative outlet (e.g.,
X4(i) —Xo(i) > 0) in red and the set of movers who move to a more liberal outlet (e.g., X;(;) — o (;) <0)
in blue. Panel B plots the (bin)scatter plot for the 7' = 10 estimation sample with X;(;) — X, ;) on the
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Figure 9: Heterogeneity in Journalist AKM Fixed Effects
Panel A: Party
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Notes: Each panel plots the distribution in estimated AKM journalist fixed effects across various
sub-groups of journalists. Panel A examines heterogeneity across journalists by their partisan
affiliation. Panel B examines heterogeneity by gender, as predicted by the author’s name. Panel C
examines heterogeneity by race, as predicted by the author’s name.

37



Figure 10: Counterfactual Mean Slant under Alternative Journalist Party Compositions
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Notes: Figure plots observed and counterfactual mean slant estimates. Counterfactual means
reweight the distribution of journalist party affiliations (and associated average AKM journalist
fixed effects) while holding the average outlet and time effects fixed. See Section 5.3 for detail.
The figure also reports benchmark observed mean slant for selected outlets, including The New
York Times, The Wall Street Journal, The Washington Post, USA Today, the Washington Examiner,

and the Deseret News.
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Figure 11: Decomposition Event Study
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Notes: Panel A plots the average values of x 15 Xjs Xijls and x;; for the set of movers who move from
below-median slant outlets to above-median slant outlets. The dashed blue (red) line is the average
x; for below-median (above-median) slant outlets. The grey points and associated confidence
intervals are the average article slant for the rth article relative to the move for each journalist in
the corresponding set. The dashed grey lines are the average across the grey points before and
after the move respectively. Panel B is the same as Panel A, except using the set of movers from
above-median to below-median outlets.
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Table 1: Summary Statistics

Variable
Articles Authors Slant Slant (Stayers) # of Movers # of Stayers

Boston Globe 217821 2028 0.34 0.30 1589 439
Chicago Tribune 237283 5626 0.36 0.41 5319 307
Los Angeles Times 194517 2478 0.32 0.24 2377 101
New York Times 289792 2995 0.27 0.25 2447 548
USA Today 108171 2667 0.39 0.51 2650 17
Wall Street Journal — 472229 2931 0.45 0.47 1758 1173
Washington Post 358095 3035 0.36 0.35 2792 243

All Outlets 9066616 33701  0.45 0.46 21394 12307

Notes: Table shows various summary statistics for our cleaned sample of ProQuest data.
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Table 2: AKM Decompositions

@ 2 (€) “ ® ©) (N ®) (&) 10)
Sample: All Dropping Dropping Max2 DroplMo. Top20 T=5 T=5 T=10 Parent
Stayers (Full) Stayers (Large) Outlets Moves Outlets  Full Large Full  Company
Level of Aggregation:  Month Month Month Month Month Month  Article Article Article  Month

Panel A: Plug-in Estimator
Share of Variance, x;;;

Journalist, var(%;) 0.339 0.279 0.293 0.349 0.342 0412 0.242  0.258 0.205 0.339

Outlet, var(;) 0.270 0.290 0.313 0.276 0.274 0.182 0.172  0.225 0.214 0.270

Sorting, 2 x cov(y;, ¢t;)  0.071 0.094 0.041 0.056 0.063 -0.008 0.064 -0.015 0.041 0.071
Correlation

Sorting, cor (%, ;) 0.117 0.165 0.068 0.090 0.104 -0.014 0.157 -0.030 0.099 0.117

Panel B: Leave-Out Estimator (Kline et al. 2020)
Share of Variance, x;;;

Journalist, var(%;) 0.289 0.171 0.163 0.292 0.291 0.371 0.139  0.118 0.118 0.290

Outlet, var(;) 0.255 0.274 0.289 0.251 0.255 0.168 0.155 0.183 0.193 0.255

Sorting, 2 x cov(y;, @)  0.099 0.115 0.066 0.105 0.098 0.019 0.085 0.032 0.068 0.099
Correlation

Sorting, cor (%, ;) 0.183 0.266 0.152 0.193 0.181 0.038 0.289  0.109  0.225 0.182

Notes: Table reports AKM variance decomposition exercises using the plug-in estimator (Panel A) and the Kline et al. (2020) leave-out estimator
(Panel B) with various samples. Both panels are restricted to the leave-out connected set of outlets. Data is aggregated to the author-source-month
level unless otherwise noted. Column (1) uses the full sample. Column (2) drops journalists that never switch outlets. Column (3) is the same as
Column (2) except that it also restricts to journalists whose range in outlet slant is greater than 0.1. Column (4) drops journalists that appear in more
than two outlets. Column (5) restricts to tenures of longer than one month in duration. Column (6) restricts to the top 20 outlets according to weekend
circulation. Column (7) uses the T = 5 event study sample at the article level. Column (8) is the same as Column (7) except that it restricts to moves
where \Xd(,-) — X()] > -1. Column (9) uses the T = 10 event study sample at the article level. Column (10) treats all outlets owned by a single “Parent
Company” as the same outlet and restricts attention to outlets for which we observe the parent company.



Table 3: Outlet-level Journalist Effects

&) 2 (€)) “ &) ©) ) ®)
Sample: All 12+ Max2 DroplMo. Top20 T=5 T=10 Parent
Months Outlets Moves Outlets Sample Sample Company
Estimator Share of Variance, x;
cov(éd,éo) 0.131 0.128 0.041 0.113 0.111 0.167 0.117 0.133
cov(69, éo), unweighted  0.216 0.200 0.043 0.155 0.062  0.266 0.146 0.226
Var(é") 0.155 0.153 0.337 0.135 0.128 0.352 0.451 0.156
Var(éd) 0.142 0.140 0.354 0.134 0.117 0.305 0.380 0.144
Correlation
Cor(éd, éo) 0.888 0.879 0.120 0.843 0.903 0.510 0.283 0.888
cor(éd, éo), unweighted  0.896 0.875 0.105 0.826 0.856  0.565 0.327 0.896
Test Equality
Coef. 0.916 0.910 0.395 0.855 0.664  0.640 0.425 0.914
(0.027)  (0.027) (0.075) (0.028) (0.125) (0.058) (0.097)  (0.028)
P-value (Test Coef = 1) 0.002 0.001 0.000 0.000 0.012  0.000 0.000 0.002
Sample Size
Observations 20854 18443 2082 10713 3733 4059 1558 20854
Journalists 5617 4138 2082 5063 1621 2645 1245 5617
Outlets 265 262 216 262 17 244 207 265

Notes: Table reports our estimates of the contribution of outlet-level journalist effects to the ob-
served variation in average outlet slant using various estimators. All estimates are weighted by
the number of unique authors at the outlet unless otherwise noted. Column (1) uses the full sam-
ple. Column (2) restricts to journalists with observations in at least 12 months. Column (3) drops
journalists that appear in more than two outlets. Column (4) restricts to tenures of longer than one
month in duration. Column (5) restricts to the top 20 outlets according to weekend circulation.
Column (6) uses the T =5 event study sample at the article level. Column (7) uses the 7" = 10
event study sample at the article level. Column (8) treats all outlets owned by a single “Parent
Company” as the same outlet and restricts attention to outlets for which we observe the parent

company.
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A Theoretical Appendix

A.1 Proof of Proposition 1
The firm’s first-order condition with respect to @ is

iM,-(w,-)

Mi(w7 ) = AUj’(xv CO) Jm

which we can write as

exp ((D — ﬁ,-(x — 5,‘)2)
exp(@,) +exp (@) — Bi(xo — &:)?)

2
vi—Bp(x—68y—&y) —w=1+
and, with respect to x, the first-order condition is

—M;(x,-) x iRj/(Aj/ U{x}) =AU (x, a))iMi(x, )

dx dx
We can combine first-order conditions to get
p) 9 M. X,
X %Mi(a)7 )
. 0 aiMi(xf)
And noting that $-R (AU {x}) =2By(x— 06y — &) and — a-"M(w ;= —2Bi(x — 9;), we get
do i 5"

By(x—68y—&ij) = —PBi(x— &)

which we can re-arrange as

o _ Bidi+ By (dy +&ij)

! Bi+ By

We can then plug x* into the first order condition for @ to determine 4. QED.
A.2  Proof of Proposition 2

Note that the optimal slant, from Proposition 1, is
xij=8j+&ij
and the probability a journalist moves conditional on receiving an offer (x, ®) is

exp (®)
exp(@,) +exp (@) + exp ()

Mi(xvx()a w, (O()) -
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when B; = 0. If E(M;(-)|&;;) = ¢ for some ¢ € R, then E(;;|i € A(j)) = 0. From our assumptions
on the search process, E(ay|&;;) = a and E(w,|&;;) = b for some a,b € R.
Note that, when ; = 0, we can rewrite the firm’s first-order condition with respect to @ as

w
o 1p_ RO

exp(®, ) +exp (@)

which is only a function of variables that are independent of &;; (i.e., the previous wage @y and the

).20

outside option @,).”” Therefore, the optimal wage offer w is independent of &;; and the probability

a journalist accepts the offer is independent of &;;, i.e., E(M;(-)|;;) = c for some ¢ € R. Thus,
E(&jli € A(j)) =0 and E(X?jﬁ € A(j)) = 0;. QED.
A.3 Proof of Proposition 3
Note that
E(6) = (T'T)”'T'(Ty —E(e)).

And E(¢;|T) = 0 from the equal selection assumption. And so,

B S = vl

E(6)=
Let A be defined such that cov(6°,07) = Jljé’ A0 .2 The quadratic form implies
E (6'A8) = trace(AV(8)) +E(H)AE(H).

And so

E (6'Af) = trace(AV(8)) + (J - )V (y;).

Finally, note that limy,, e Jl—ltrace(AV(é)) = 0. QED.

20In this case, the optimal wage is ®* = d — W (e?) where d = %

https://reference.wolfram.com/language/ref/ProductLog.html).
2ILet Ag be a J x J matrix of zeros. Let A; be a J x J matrix with 1 — % on the diagonal and —} on the off-diagonals.

_ | Ao Ay
ThenA—[AO AO]'

and W () is the product log function (see
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B Empirical Appendix
B.1 Data Processing Details

In this section, we describe key data processing steps used in the main analysis, model training,

and validation exercises.
B.1.1 Tweet-Linked Article Data

Our first cleaned article dataset is built from tweets posted by politicians that link to news articles.
We begin from a tweet collection containing 4.4 million tweets and approximately 1,800 politi-

cian accounts. From these tweets, we recover more than 1 million unique tweeted URLs. We

99 <¢ 99 ey

exclude likely non-news urls including “youtu.be,” “pscp.tv,” “facebook.com,” “instagram.com,’
“patreon.com,” and “google.com.” Next, we draw a scraping sample of 600,000 URLs from this
expanded URL pool. Among these sampled URLSs, 348,821 produce non-empty article text, cor-
responding to 328,966 unique URLs with non-empty text.

We then combine the scraped article text with politician party labels and tweet-level sentiment
information to construct the tweet-linked training data used in the paper. We then use an LLM
(OpenAl GPT-5-mini) to classify cases in which the politician’s tweet was explicitly criticizing
(rather than endorsing or having unclear support for) the article’s content. The LLLM was provided
with both the text of the politician’s tweet and the scraped article text in order to make this deter-
mination. This filter drops 3% of tweets as criticizing (2% of Democrat tweets, 4% of Republican
tweets). 92% of tweets are classified as endorsing the article’s content, while 5% of tweets are
labeled as not clearly endorsing or criticizing, and tweets with both such LLM labels are kept in
our sample.

We also apply an LLLM-based cleaning pipeline to the scraped article text. In this pipeline, two
models identify and remove non-text spans, such as page-navigation text, captions, advertisements,
and other interface elements, while a separate binary classifier flags pages that are not valid news

articles at all, such as homepages, paywalls, or other non-article content.??

Articles flagged as
invalid are dropped, and detected non-text spans are removed before downstream cleaning.

After this text-cleaning stage, we impose a minimum post-cleaning text-length threshold of
1,000 characters to exclude very short, malformed, or otherwise uninformative text. We also per-
form language detection on unique article texts and retain only articles classified as English.

The resulting cleaned tweet-linked sample contains 182,538 article-tweet observations, of
which 128,105 are linked to Democratic politicians and 54,433 are linked to Republican politi-
cians. For the tweet-based ROBERTa exercises, we split this cleaned sample into 70 percent train-

ing and 30 percent validation data using a fixed random seed. To avoid leakage across partitions,

22We use OpenAl GPT-5-mini and Claude Haiku 4.5 to detect non-text spans and OpenAl GPT-4.1-mini to identify
invalid articles.
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we ensure that the same article text does not appear in both the training and validation sets by
removing tweeted articles from the validation sample if that article’s text appears in the training

sample (due to also being referenced in a different tweet).
B.1.2 Budak et al. (2016) Article Data

Our second cleaned article source is based on the labeled article dataset from Budak et al. (2016).
We merge article text files with the associated hand-coded labels, retain observations with non-
missing text and URL, and apply the same invalid-article and non-text-cleaning pipeline described
above. That is, we drop pages classified as non-articles and replace raw scraped text with text
cleaned of interface and other non-news fragments before constructing the final article text mea-
sure. We then apply the same minimum article-length restriction of 1,000 characters. From these
cleaned records, we construct article-level slant measures and then generate the train and valida-
tion samples used to train and validate the Budak-based classification and regression models. The

Budak data are split into 80 percent training and 20 percent validation samples.
B.1.3  ProQuest/TDM Analysis Data

For the author-, outlet-, and event-study analyses, we construct a separate cleaned dataset from the
large ProQuest/TDM article archive. Following the ProQuest workflow documented separately, we
first pull and preprocess the raw TDM exports and then organize the article-level archive used in the
downstream cleaning steps. We next restrict this archive to observations classified as news articles,
thereby excluding non-news content or opinion/editorial content from the analysis sample. We
then standardize outlet names, remove observations with missing author information, and expand
multi-author bylines into author-level observations. After that, we clean and harmonize author
names, including nickname-based first-name standardization, and retain only observations with
parsable author identities. We also remove duplicate author—article pairs and drop duplicate articles
using a precomputed duplicate mapping. We then merge in publication and outlet-group metadata
and recover missing identifiers when possible. To focus on substantively meaningful journalistic
activity, we then drop authors with 10 or fewer articles and retain only authors with more than 10
articles. After these restrictions, the resulting cleaned all-outlets sample contains 9,066,616 articles
from 281 outlets. For the monthly author—outlet panels used in the fixed-effects and mobility
analyses, we further restrict attention to author—outlet spells with at least four articles and then
aggregate the data to the author—outlet—-month level. This cleaned ProQuest/TDM dataset underlies

the author-slant, outlet-slant, journalist-mobility, and event-study analyses in the paper.
B.2 Media Topics

Our measure of slant intentionally includes both the journalist’s choice of topics or stories to cover
and how they frame that coverage. To help separate these choices and to better understand the

drivers of slant across articles, outlets, and journalists, including around moves, we also use an
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LLM (OpenAl GPT-40-mini) to assign each article to exactly one media topic from an exist-
ing media topic taxonomy. We source this media topic taxonomy from The International Press
Telecommunications Council (IPTC). To assign articles to a topic from this taxonomy, we provide
the LLM with the article text and the 17 media topics in IPTC’s Level One (“Top-Level”) list, and
ask it to assign this article to exactly one topic from this list based on the article’s text. We use this
same approach to apply topics to articles in our politician-tweeted and ProQuest article samples.
These assigned topics allow us to analyze the frequency of topics across datasets, and the ability
of topics to explain observed slant. In Appendix Figure C8, we plot for each media topic the share
across reweighted politician article tweets (Panel A) and the share across ProQuest articles (Panel
B). We see that while all seventeen topics are represented in both datasets and their frequency
is correlated, the datasets differ in the relative frequency of different topics. The “politics and
government” media topic is the modal topic among politician-tweeted articles, but is only the
fourth most common topic among ProQuest articles. In Appendix Figure C9, we show by topic
the share of articles tweeted by Republican (vs. Democratic) politicians in our politician-tweeted
articles sample. After reweighting to balance the overall share of Democrat vs. Republican tweets,
we see that most topics are roughly equally likely to be tweeted by each party. Notable exceptions
include the “environment” and “society” topics, which are more frequently shared by Democratic
politicians than by Republican politicians. In Appendix Figure C10, we plot the distribution of
article-level slant by topic in our ProQuest sample. We see mild variation in mean slant across
topics, accounting for 7.5% of the variation in article-level slant. The remaining 92.5% variation in
slant occurs within topics. Appendix Figure C11 also shows that little if any of the 85% closing of
the outlet-level slant gap we see across journalist moves in Figure 7 is explained by the journalists
shifting to topics with different average slant; replacing the actual article-level slant with the mean
slant of the article’s topic as the dependent variable in our event-study mover regressions leads to

coefficients close to and statistically indistinguishable from zero.
B.3 Allowing for Worker-Firm Interactions

In this section, we extend the framework developed in Section 5.2 by adopting the approach of
Bonhomme et al. 2019, hereafter BLM. Relative to the AKM specification, this framework relaxes
additive separability by allowing for latent heterogeneity across journalists and for nonparametric
interactions between journalist types and outlet classes.

In our application, we distinguish between two journalist types and four outlet classes. Jour-
nalist types are latent and estimated from the data. Outlet classes are constructed in a preliminary
step by clustering outlets based on their empirical CDF of slant.

Figure C12 shows the mean level of slant produced by journalists of each type working in
outlets of each type. The figure reveals strong variation in slant along both dimensions: type 1

journalists write articles that are 22 points more conservative than their type O counterparts in the
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same outlet type, while the most conservative outlet type (type 3) produces articles about 32 points
more conservative than the most liberal (type 0), on average across journalist types. Figure C13
also reveals positive assortative matching, with more conservative journalists tending to work at
more conservative outlets.

We explore what observable worker characteristics correlate with their type distribution and
show that the conservative type workers are much more likely to be registered Republicans. In
particular, Figure C14 shows that registered Republicans are 21 percentage points more likely to
be type 1 workers than registered Democrats. Male journalists are also 12 percentage points more
likely to be type 1 than female journalists.

Going back to Figure C12, a striking pattern is that the difference in slant between journalist
types is almost identical across outlets, or similarly the difference in slant produced at different
outlet types, does not depend much on the journalist’s type. This provides initial evidence that
the additivity assumption underlying AKM is not too restrictive. To test whether this restriction
matters more formally, we project the estimated BLM slant matrix onto additive journalist and
outlet type indicators, and examine how much the actual cell means deviate from the additive
fit. The interaction residuals (the difference between actual cell means and their best additive
approximation) account for only 0.34% of total model-implied variance, suggesting that journalist
and outlet effects combine approximately additively.

Finally, we compare the variance decomposition from the BLM model, which allows for
journalist-outlet interactions, with our AKM decomposition from Section 5.2. Figure C15 illus-
trates the BLM decomposition. It attributes 29.2% of variance to journalists, 33.0% to outlets, and

11.9% to sorting of journalists across outlets, similar to the AKM estimates on the full sample.
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C Appendix Exhibits

Appendix Figure C1: Politician Op-Eds

Panel A: The New York Times
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Notes: Panel A plots the distribution, across authors, of the average slant of each author’s article as
measured by our ROBERTa model of slant for The New York Times for our main analysis dataset.
The vertical lines display the average slant for major Democratic presidential candidates (blue) and
major Republican presidential candidates (red) in 2016 across articles written by those authors in
The New York Times. Panel B is the same as Panel A, except for The Wall Street Journal. The
number of articles in each set is indicated in parentheses. The politician articles include articles
outside the main analysis dataset.
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Appendix Figure C2: Comparison to Other Measures of Slant or Consumer Partisanship

Panel A: Comparison to Berkman-Klein
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Notes: Panel A plots the comparison of our measure of slant (x-axis) to a measure of audience
partisanship from the Berkman-Klein study on the 2016 election (y-axis). Panel B plots the outlet-
level slant as measured in Gentzkow and Shapiro (2010) on the x-axis, and the average slant across
articles as measured by our RoOBERTa model of slant. Each point represents a single outlet. We
match outlets between the ProQuest data and the Gentzkow and Shapiro (2010) data using a fuzzy
string matching algorithm. We exclude one outlier with a negative slant score in the Gentzkow and
Shapiro (2010) data.
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Appendix Figure C3: Comparing Gentzkow and Shapiro (2010) to Berkman-Klein Partisanship
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Notes: Figure plots the outlet-level slant as measured in Gentzkow and Shapiro (2010) on the x-
axis and a measure of audience partisanship from the Berkman-Klein 2016 election study on the
y-axis. Each point represents a single outlet. We exclude one outlier with a negative slant score in
the Gentzkow and Shapiro (2010) data.
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Appendix Figure C4: Authors at The New York Times and The Wall Street Journal — 2013 vs. 2018
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Notes: Figure plots the distribution, across authors, of the average slant of each author’s article as
measured by our ROBERTa model of slant for each outlet. Panel A includes all authors who appear
in The New York Times for 2013 and 2018 separately. Panel B is the same as Panel A, except for

The Wall Street Journal.
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Appendix Figure C5: Predicting Change in Journalist Slant—Single Article Change
Panel A: Full Sample
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Panel B: More than 5 consecutive articles at origin and destination
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Notes: Panel A plots the (bin)scatter plot for our full data sample of movers with X;(;) — X,(;) on
the x-axis and £;p — £; _1 on the y-axis. Panel B is the same as Panel A, except restricted to authors
who wrote more than five consecutive articles at the origin and the destination respectively upon
move. Observations are weighted by (%,(;) —fo(i))z.
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Appendix Figure C6: Comparing to Human Perceived Slant — Distributions
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Notes: Figure plots the distribution of the text-based measure separately for articles coded as
leaning Republican (red) and articles coded as leaning Democratic (blue) by the MTurk coders in
Budak et al. (2016). The sample is restricted to articles for which both MTurk coders gave the
same relative rating and for which this relative rating was non-zero.
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Appendix Figure C7: Heterogeneity in Journalist AKM Fixed Effects — WSJ and NYT

Panel A: New York Times vs. Wall Street Journal
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Notes: Each panel plots the distribution in estimated AKM journalist fixed effects across various
sub-groups of journalists. Panel A examines heterogeneity across journalists at The New York
Times and The Wall Street Journal. Panel B examines heterogeneity at The New York Times by
partisan affiliation. Panel C examines heterogeneity at The Wall Street Journal by party affiliation.
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Panel A: Politician-Tweeted Articles

Topic

Panel B: ProQuest Articles
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Appendix Figure C8: Topic Distributions in Politician-Tweeted and ProQuest Article Samples
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Notes: Panel A reports the share of reweighted politician article tweets in each IPTC topic, after
reweighting article tweets to balance the overall Democratic and Republican shares. Panel B re-
ports the share of ProQuest articles in each IPTC topic in the article sample used for the topic-slant
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Appendix Figure C9: Republican Share by Topic in Politician-Tweeted Articles
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Notes: Figure reports the weighted share of politician-tweeted articles within each IPTC topic
that were tweeted by Republican politicians, using article-tweet weights that balance the overall
Democratic and Republican shares.
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Appendix Figure C10: Slant Distributions by Topic in ProQuest

arts, culture, disaster, accident
entertainment and conflict, war and crime, law and and emergency
media peace justice incident
(n=846784) (n=335395) (n=1175675) (n=383392)
35
! —— slant —— slant — slant ! —— slant
304 H — = Mean: 0.362 ] — = Mean: 0.407 | — = Mean: 0451 | H — = Mean: 0.460
. 1 —— Median: 0.301 —— Median: 0.410 —— Median: 0.434 1 —— Median: 0.426
> 1 Variance: 0.059 Variance: 0.078 Variance: 0.071 1 Variance: 0.068
= 2.5 ! q 4 4 !
2 ] ]
o ! ]
S 207 i 1 1 1 i
g‘ | 1
S 15 q k! k! H
©
Qo 1
© 1.0 ! q B 1
< i
0.5 | 4 B 1
1
0.0 T L T T T T T T T T T
economy, business
and finance education environment health
(n=952685) (n=343290) (n=279241) (n=369327)
35
I — slant ! —— slant ! — slant —— slant
304 | == Mean:0.487 ] H — = Mean: 0.412 | H — = Mean: 0350 | — = Mean: 0.408
. | —— Median: 0.450 1 —— Median: 0.336 1 —— Median: 0.272 —— Median: 0.374
> 1 Variance: 0.087 1 Variance: 0.096 1 Variance: 0.086 Variance: 0.085
£ 251 : 1 : 1 : 1
c
[7) I 1 1
Q 2.0 1 4 1 p 1 1
1 1 1
2 i i i
= 1 1 4 1 1 1 i
2 L5 1 1 1
3 1 1
£ -/\/_\ ] \‘I\/\ | ! ] \_/\
& 1
1 1 4 1 1 1
05 1 1
1 1
0.0 T —L— T T T T T L T T T T T
lifestyle and
human interest labor leisure other
(n=325169) (n=129992) (n=454729) (n=448)
35
I —— slant ! —— slant ! — slant ! —— slant
304 H — = Mean: 0.456 ] H — = Mean: 0.366 | H — = Mean: 0457 | | == Mean: 0.483
. 1 —— Median: 0.424 1 —— Median: 0.262 1 —— Median: 0.415 | — Median: 0.465
z\ : Variance: 0.075 : Variance: 0.110 : Variance: 0.064 : Variance: 0.055
B 251 1 ) 1 1 1 1 |
5] 1 1 1 1
Q 2.0 1 4 1 1 1 1 1
1 1 1 |
2 i i |
= 1 1 4 1 1 1 1
2 L5 1 1
3 1 )
E 1.0 4 | q ! 1 | 1
1 1
4 1 4 1 1 1 1
05 1 1 1
1 1 1
0.0 T L T T T L T T T = T T T T
politics and science and
government religion technology society
(n=903152) (n=81432) (n=71665) (n=178133)
35
I —— slant ! —— slant ! — slant ! —— slant
304 H — = Mean: 0.362 ] i — = Mean: 0.408 | H — = Mean: 0.413 | H — = Mean: 0257
. 1 —— Median: 0.278 1 —— Median: 0.342 1 —— Median: 0.379 1 —— Median: 0.155
> 1 Variance: 0.099 1 Variance: 0.091 1 Variance: 0.046 1 Variance: 0.071
£ 254 1 4 1 1 1 1 1
2 1 1 1 1
5] 1 1 1
Q 2.0 1 4 1 1 1 1
1 1 1
g‘ 1 1 1
5151 | 1 ' 1 1 |
©
o i !
© 1.0 ! 1 1 1
& \{\/\
0.5 | 4 1 1
1
0.0 T L T T T T
sport weather
(n=2075101) (n=112592)
35
I'— slant I — slant
304 | —— Mean: 0.560 ] | == Mean: 0510
. | — Median: 0.543 | — Median: 0.491
> 1 Variance: 0.050 1 Variance: 0.065
= 2.5 1 4 1
@
2 1 1
) I 1
£ 201 : 1 !
2 i i
3 1.5 :
©
Qo
2 1.0
a
0.5 1
0.0 T T T
0.0 0.2 0.4 . 0.2 0.4 .
Slant Slant

Notes: Each facet plots the distribution of article slant within a cleaned topic in the ProQuest
sample. The dashed blue line marks the mean slant within the topic, and the solid green line marks
the median.
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Appendix Figure C11: Topic-Level Event Study Changes in Slant Around Author Moves
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Notes: Figure follows Figure 7 in plotting the estimated mover event-study coefficients, but modi-
fies the outcome variable to be the average slant for the article’s topic, rather than the slant of the
individual article itself. Average slant by topic is calculated across all articles. Panel A reports
estimates for the 7 = 5 estimation sample and Panel B reports estimates for the 7 = 10 estimation
sample. The coefficients are normalized and weighted using the actual origin-destination outlet
slant gap.
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Appendix Figure C12: Average Slant by Journalist and Outlet Types
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Notes: Figure shows the estimated mean slant for each combination of journalist type (rows) and
outlet type (columns), from the BLM model with two journalist types and four outlet types. Outlet
types are ordered by mean slant, from most liberal (type 0) to most conservative (type 3).
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Appendix Figure C13: Distribution of Journalist Type by Outlet Type
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Notes: Figure shows the share of each journalist type within each outlet type, based on the most
likely type assignment from posterior probabilities. Outlet types are ordered by mean slant, from
most liberal (type 0) to most conservative (type 3).
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Appendix Figure C14: Projection of Journalist Type onto Observable Characteristics
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Notes: Figure shows the mean posterior probability of being classified as a type-1 (conservative)
journalist by party registration (left panel) and gender (right panel). Posterior probabilities are
computed from the BLM model with two journalist types and four outlet types, estimated without
controls. Party registration is obtained from voter file records; gender is inferred from first names.
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Appendix Figure C15: BLM Variance Decomposition
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Notes: Figure decomposes the model-implied variance of slant into four components: journalist
type effects (Var()), outlet type effects (Var(y)), sorting of journalists across outlets (2Cov(ct,y)),
and residual variance. The additive journalist and outlet effects are obtained by projecting the
estimated cell means onto journalist and outlet type indicators using weighted least squares.
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Appendix Table C1: Prediction of Human Perceived Slant from Budak et al. (2016), Article Level

Dependent Variable: Human Perceived Slant
1) (2) 3) “4)

RoBERTa 0.320 . . 0.288
(0.014) . . (0.018)

GST (2019) Dictionary-based . 0.048 . 0.009
(0.015) . (0.014)

FastText . . 0.226  0.051
. (0.015) (0.018)

Observations 5673 5673 5673 5673
R? 0.082  0.002  0.041 0.083

Notes: Table shows the results of regressing average human perceived slant as rated by MTurk coders in
Budak et al. (2016) on various text-based models of slant. Sample is composed of a random sample of
articles from Budak et al. (2016). For some selected articles, we were unable to scrape the underlying text
and these articles are removed. In Budak et al. (2016), each article is scored on a 5-point favorability score
indicating the extent to which the article is favorable to Republicans and a separate score for how favorable
the article is to Democrats. We take the difference between these two scores as our measure of perceived
slant. Each article is rated twice—once by a coder who does not observe the outlet’s name, and once by a
coder who does observe the outlet’s name. We average these two scores to obtain our final measure of human
perceived slant for each article. The RoBERTa measure is our main measure of slant. The FastText measure
is a measure of slant using Facebook’s FastText model and trained on a dataset similar to the RoOBERTa
model.

The GST (2019) Dictionary-based measure is computed by taking the top 1000 most partisan phrases of the
114th Congress from Gentzkow et al. (2019) and assigning each article the average score across observed
phrases, assuming a partisanship of zero for phrases not appearing in the Gentzkow et al. (2019) list. All
text-based model slant estimates are normalized to have a standard deviation of 1.
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Appendix Table C2: AKM Decompositions

@) @) (©) “4)
Sample: Women Men White Non-White

Panel A: Plug-in Estimator
Share of Variance, x;;;

Journalist, var(%;) 0.328 0.355 0.329 0.443

Outlet, var(;) 0.297 0.270 0.283 0.267

Sorting, 2 x cov(y;, @)  0.035 0.058 0.066 -0.019
Correlation

Sorting, cor (%, ;) 0.057 0.094 0.109 -0.028

Panel B: Leave-Out Estimator (Kline et al. 2020)
Share of Variance, x;;

Journalist, var(%;) 0.253  0.292 0.277 0.350

Outlet, var(;) 0.256 0.243 0.263 0.201

Sorting, 2 x cov(y, ;)  0.114  0.110 0.104 0.103
Correlation

Sorting, cor (%, ;) 0.223  0.207 0.193 0.195

Notes: Table reports AKM variance decomposition exercises using the plug-in estimator (Panel
A) and the Kline et al. (2020) leave-out estimator (Panel B) with various samples. Both panels are
restricted to the leave-out connected set of outlets. Columns (1)—(4) restrict to various groups of
journalists according to name-based predictions of gender and race.
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Appendix Table C3: AKM Decompositions, Full Connected Sample

@ (@) 3 “ ) © O] ® (&) 10 an a2) as) a4

Sample: All Dropping Dropping 12+ Drop1 Mo. Top20 T=5 T=5 T=10 Parent Women Men White  Non-White
Stayers (Full)  Stayers (Large) = Months Moves Outlets Full Large Full Company

Share of Variance, x;

Journalist, var(%) 0.340 0.279 0.295 0.350 0.342 0.412 0.243 0.206 0.264 0.340 0.329 0.360 0.330 0.469
Outlet, var(ct;) 0.272 0.290 0.315 0.276 0.281 0.181 0.172 0.215 0.228 0.272 0.312 0.278 0.291 0.316
Time, var(7;) 0.004 0.004 0.004 0.004 0.004 0.014 0.000 0.000 0.000 0.004 0.004 0.003 0.003 0.006
Sorting, 2 x cov (¥, ;) 0.068 0.094 0.038 0.054 0.057 -0.007 0.064 0.040 -0.023 0.068 0.025 0.047 0.060 -0.087
Other Components 0.317 0.333 0.349 0.315 0.316 0.400 0.521 0.539 0.530 0.317 0.330 0.312 0.316 0.296
Correlation
Sorting, cor(¥, &;) 0.112 0.165 0.062 0.087 0.093 -0.014 0.156 0.095 -0.046 0.112 0.040 0.074 0.096 -0.113
Sample Size
Observations 723248 166212 71198 678516 714664 281756 69522 60260 26195 723248 267921 437803 578324 62978
Journalists (All) 31227 5617 2433 29979 31177 11496 4233 2335 1762 31227 12511 17773 24564 2896
Journalists (Movers) 5617 5616 2431 4368 4316 769 4233 2335 1762 5617 1963 3527 4508 539
Outlets 276 269 262 275 275 17 267 252 246 276 273 275 275 239
Months 72 72 72 72 72 72 11 21 11 72 72 72 72 72

Notes: Table reports AKM variance decomposition exercises using the plug-in estimator with various samples. Column (1) uses the full sample.
Column (2) drops journalists that never switch outlets. Column (3) is the same as Column (2) except that it also restricts to journalists whose range in
outlet slant is greater than 0.1. Column (4) drops journalists that appear in more than two outlets. Column (5) restricts to tenures of longer than one
month in duration. Column (6) restricts to the top 20 outlets according to weekend circulation. Column (7) uses the 7' = 5 event study sample at the
article level. Column (8) is the same as Column (7) except that it restricts to moves where |)Ed(l-) —)Eo(i)\ > .1. Column (9) uses the T = 10 event study
sample at the article level. Column (10) treats all outlets owned by a single “Parent Company” as the same outlet and restricts attention to outlets for
which we observe the parent company. Columns (11)—(14) restrict to various groups of journalists according to name-based predictions of gender
and race.
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