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Abstract

This dissertation consists of essays in behavioral, experimental, and political economics. It

studies why people form polarized and biased beliefs, and how these beliefs lead to politically-

polarized behavior in public health. The first chapter constructs a new experimental design

to show how people, when faced with new information, engage in motivated reasoning by dis-

torting their inference in the direction of beliefs they are more motivated to hold. Its results

show that motivated reasoning is widespread and helps explain persistent belief polarization

along political dimensions about immigration, income mobility, racial discrimination, crime,

gender-based math ability, climate change, and gun laws. The second chapter delves into the

limits of motivated reasoning, showing that the bias is not a major factor in the absence of

self-image concerns. It shows that people do not systematically motivatedly reason to think

that the world is a better place for others. The third chapter, coauthored with Hunt Allcott,

Levi Boxell, Jacob Conway, Matthew Gentzkow, and David Yang, studies the public-health

implications for political polarization in beliefs and behavior. It shows in a survey that there

are significant gaps between Republicans and Democrats in beliefs about the severity of the

COVID-19 pandemic in the United States, and shows using smartphone data that areas with

more Republicans engage in significantly less social distancing.
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0
Introduction

This dissertation consists of essays on behavioral, experimental, and political economics, with

an emphasis on understanding how people make inferences from information. It analyzes the

causes and consequences of biased and polarized beliefs. To better understand why people

maintain erroneous beliefs, I study how they make inferences from new information. I con-

struct a new experimental design to show how people engage in motivated reasoning by dis-

torting their inference in the direction of beliefs they are more motivated to hold. My results

show that motivated reasoning is widespread and helps explain persistent belief polarization

along political dimensions. I then delve into the limits of motivated reasoning, showing that

the bias is not a major factor in the absence of self-image concerns. Lastly, I study the conse-

quences of political belief polarization, showing that this polarization manifests itself in public

health behavior.

The first chapter, “The ‘Fake News’ Effect: An Experiment on Motivated Reasoning and

Trust in News,” provides a model of motivated reasoning and a new experimental design to
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identify the bias from Bayesian updating. I reject Bayesian updating in favor of politically-

driven motivated reasoning on eight topics: immigration, income mobility, racial discrimi-

nation, crime, gender-based math ability, climate change, gun laws, and the performance of

other subjects. My measure of motivated reasoning can explain why people hold biased and

politically-polarized beliefs about these issues. The bias additionally leads to overconfidence

and overprecision, particularly among partisans who hold stronger politically-motivated be-

liefs.

The second chapter, “The Limits of Motivated Reasoning When Self Image Is Not at Stake,”

follows the framework of the first chapter but instead delves into what beliefs people are moti-

vated to hold. I experimentally study whether people engage in motivated reasoning towards

“positive” beliefs in the absence of self-image concerns. In particular, I ask whether people mo-

tivatedly reason to think that the world is a better place for others on topics like infant mor-

tality, cancer survival rates, and others’ happiness. Using the same measure of motivated rea-

soning as in my first chapter, I starkly find that there is no systematic evidence for positivity-

(or negativity-) motivated reasoning, and can rule out modest effects.

The third chapter, “Polarization and Public Health: Partisan Differences in Social Distanc-

ing during the Coronavirus Pandemic” considers the public-health implications for political

polarization in beliefs and behavior. This paper, coauthored with Hunt Allcott, Levi Boxell,

Jacob Conway, Matthew Gentzkow, and David Yang, studies partisan differences in Amer-

icans’ responses to the COVID-19 pandemic. We develop a simple model of a pandemic re-

sponse with heterogeneous agents that clarifies the causes and consequences of divergent re-

sponses. We use location data from a large sample of smartphones to show that areas with

more Republicans engage in less social distancing, controlling for other factors including state

policies, population density, and local COVID-19 cases and deaths. We then present new sur-

vey evidence of significant gaps between Republicans and Democrats in beliefs about personal

risk and the future path of the pandemic.
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So far as I can see, all political thinking for

years past has been vitiated in the same way.

People can foresee the future only when it co-

incides with their own wishes, and the most

grossly obvious facts can be ignored when they

are unwelcome.

George Orwell (Partisan Review, 1945)

1
The “Fake News” Effect: An Experiment on

Motivated Reasoning and Trust in News

1.1 Introduction

On many topics, people extensively disagree about the answers to factual questions, and their

beliefs are often inaccurate in predictable directions. People have differing beliefs about ques-

tions related to income mobility, crime rates, and racial discrimination in labor markets; tend

to be biased in the direction that is more representative of their political party’s stances; and

often overestimate their own political knowledge (e.g. Alesina, Stantcheva, and Teso 2018;

Flynn, Nyhan, and Reifler 2017; Ortoleva and Snowberg 2015). As shown by Meeuwis et al.

(2019) and Gerber and Huber (2009), these beliefs can affect consumer, financial, and politi-

cal behavior. Given the importance of these issues, why does such bias and belief polarization

persist? This paper helps answer this question by analyzing how beliefs change when people

3



receive new information.

After receiving a piece of news, people form their posterior beliefs by incorporating their

prior beliefs and their perceived informativeness of the information. If we only observe beliefs

at a snapshot in time, two people’s disagreement can be consistent with several explanations:

for instance, they may have had different priors, they may differently perceive the informative-

ness of the news, or they may have different inference processes. The first two channels are

often relevant in politicized settings. First, Democrats and Republicans often have different

preconceived notions, leading to differences in posteriors; this can be consistent with Bayes’

rule and with prior-confirming behavioral biases. Second, Democrats and Republicans often

consume different news sources, and may find arguments akin to those from MSNBC and from

Fox News differentially informative.1

This paper studies the third channel: people form different posteriors, even if they have

the same priors and receive the same information, because they distort their updating process.

When people receive information, they are often reminded of what beliefs they currently hold,

and of particular beliefs they find more attractive to hold. In the model of motivated reason-

ing developed in this paper, people distort their updating process in the direction of these par-

ticular beliefs (motives). The model defines motives to be a function that maps beliefs to the

real numbers. Agents make inferences using a modified Bayes’ rule, weighting priors and likeli-

hoods as a Bayesian would, but act as if they receive an extra signal that puts more weight on

higher-motive states. Motives are often heterogeneous, such as on politicized issues. In such

a setting, the model shows how motivated reasoning can lead agents to over-trust news that

reinforces their biases, can cause belief polarization, and can lead to miscalibrated and over-

confident beliefs.

While there is an intuition in the literature that motivated reasoning plays a role in infer-

ence, particularly in political domains, designing an experiment that identifies the bias has

been a challenge in domains where people enter the experiment with different beliefs (as dis-

cussed in Kahan 2016a and Sunstein et al. 2017). This paper’s main experimental contribu-
1There is ample evidence consistent with these channels (e.g. Taber and Lodge 2006; Kahan, Hoff-

man, et al. 2012; Nyhan and Reifler 2010; Nyhan and Reifler 2013; Nyhan, Reifler, and Ubel 2013).
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tion is to construct a new design to disentangle motivated reasoning from Bayesian inference

in such settings. In the experiment, subjects make inferences about the veracity of messages

that are equally likely to tell them that their current median beliefs are biased upward or bi-

ased downward. Because subjects report their median beliefs, they believe that both a source

that sends a truthful message and a source that sends a false message are equally likely to

send a “greater than” or a “less than” message. Therefore, there is nothing for a Bayesian to

infer. However, motivated reasoners will trust messages more if the messages better align with

their motivated beliefs.2

The context of this experiment concerns Americans’ assessments of the veracity of news

about economic, political, and social issues. The news veracity setting is useful for identify-

ing motivated reasoning, and is particularly salient in the United States today. According to

Gallup (2018a) and the Knight Foundation (2018), fewer than one in four Americans has confi-

dence in the news media, a sizable majority believe that “fake news is a threat to democracy,”

and less than half can even “think of a news source that reports the news objectively.”3

I run a within-subject experiment on Amazon Mechanical Turk with approximately 1,000

Americans. Subjects are given factual questions about nine politicized topics (on economic,

political, and social issues), three neutral topics, and one question about on own performance

in the experiment. The list of topics and pre-hypothesized motives is in Table 1.1.

As previewed above, the experimental design has two main steps. First, subjects are given

a variety of factual questions with numerical answers. On each question, the medians of sub-

jects’ belief distributions are elicited, so that subjects think the true answer is equally likely to

be above or below their medians. Second, subjects are given one binary message that is cho-

sen randomly from either a True News source or a Fake News source; the message tells them

whether the answer was above or below their median. If the message is from True News, it is

always accurate. If the message is from Fake News, it is always inaccurate. Subjects are not
2Because there is nothing to infer, the result cannot be due to general over- or under-weighting

of priors or likelihoods. As discussed later, this design also shows that motivated reasoning is hard to
reconcile with utility-maximizing beliefs like those in Brunnermeier and Parker (2005); Benabou and
Tirole (2011); or Mobius et al. (2014).

3Among those who can name an objective news source, there is not a single outlet that both 5
percent of Democrats and 5 percent of Republicans think of as objective.
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Table 1.1: Topics and Hypothesized Motives in the Experiment

Topic Pro-Democrat Motives Pro-Republican Motives

US crime Got better under Obama Got worse under Obama

Upward mobility Low in US after tax cuts High in US after tax cuts

Racial discrimination Severe in labor market Not severe in labor market

Gender Girls better at math Boys better at math

Refugees Decreased violent crime Increased violent crime

Climate change Scientific consensus No scientific consensus

Gun reform Decreased homicides Didn’t decrease homicides

Media bias Media not dominated by Dems Media is dominated by Dems

Party performance Higher for Dems over Reps Higher for Reps over Dems

Own performance Higher for self over others Higher for self over others

Random number Neutral Neutral

Latitude of US Neutral Neutral

Longitude of US Neutral Neutral

Notes: The first nine topics are called politicized topics. On the computer, each
topic is a hyperlink that links to the exact question wording in Section A.3.
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told which source the message came from; instead, they make inferences about the source’s

veracity from the message.

Since messages relate the true answer to subjects’ subjective median, Bayesian subjects

would believe that it is equally likely for either source to report either message. That is, the

subjective likelihood that a True News source would report that the answer is greater than the

median is 1/2, and the subjective likelihood that a Fake News source would report that the

answer is greater than the median is also equal to 1/2. Therefore, a “greater than” message

is uninformative about the veracity of the news source to a Bayesian. Likewise, a “less than”

message is also uninformative to a Bayesian.

On the other hand, a subject who engages in motivated reasoning will trust the news more

if it sends a message that supports what he is more motivated to believe. The main hypothe-

sis in this paper is that the direction of motivated beliefs is driven by political preferences on

these topics. In other words, it predicts that people will assess messages that align with beliefs

of their political party (Pro-Party news) to be more truthful, while assessing messages that

misalign (Anti-Party news) to be less truthful.

The main result of the experiment is that Bayesian updating is rejected in favor of politically-

motivated reasoning on these topics. While a Bayesian would believe that Pro-Party and Anti-

Party news are equally likely to be True News on the politicized topics, subjects in the ex-

periment believe that Pro-Party messages are 9 percentage points (standard error (s.e.) 0.7

percentage points) more likely than Anti-Party messages to come from the True News source.

This gap increases in the partisanship of the subject, and assessments on neutral topics lie

in between Pro-Party news and Anti-Party news veracity assessments. This design allows for

enough statistical power to test motivated reasoning for each topic individually; for eight of

the nine politized topics, the main effect is significant at the p = 0.001 level. On each of these

topics, this experiment provides novel evidence for motivated reasoning; unlike in prior studies,

these results are not confounded by alternative explanations involving Bayesian updating or

prior-confirming biases.4 In addition, there is evidence for performance-driven motivated rea-
4Papers that find asymmetric responses to information on these topics include: Taber and Lodge

(2006) [gun laws]; Alesina, Stantcheva, and Teso (2018) [upward mobility]; Cappelen, Haaland, and
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soning on a question asking subjects to rate their performance on the experiment relative to

others. These main results are robust to a host of alternative explanations.5

Secondly, results support the hypothesis that the error in subjects’ current beliefs is due in

part to motivated reasoning. The theory predicts that, since people who motivatedly reason

about an issue will form directionally-biased beliefs on average, we can partly infer what peo-

ple’s motivated beliefs are by looking at their current beliefs. That is, under this hypothesis,

error predicts motive. In the experiment, this hypothesis means that people will give higher

veracity assessments to news that (falsely) reinforces their error compared to news that (truth-

fully) brings them closer to the correct answer. Indeed, in the experiment, people trust the

error-reinforcing Fake News more than the error-correcting True News, and only on topics

where motivated reasoning is expected to play a role. This gap persists when controlling for

whether the news is Pro-Party or Anti-Party.

Thirdly, the theory explains how motivated reasoning can lead to other behavioral biases.

Motivated reasoning may provide a link between overprecision and partisanship, a relationship

documented in Ortoleva and Snowberg (2015). In an environment with normally-distributed

priors and likelihoods, people’s belief distributions are more likely to be miscalibrated when

they have stronger motives, and their 50-percent confidence intervals will contain the true

answer less than 50 percent of the time. This result is borne out in the experiment: subjects’

intervals are significantly overprecise on politicized and performance questions, while they are

not overprecise on neutral topics. The model also discusses how motivated reasoning can lead

Tungodden (2018) [responses to taxation]; Haaland and Roth (2019) [racial labor market discrimi-
nation]; Sarsons (2017), Kunda and Sinclair (1999), and Iyengar and Westwood (2015) [gender and
performance]; Alesina, Miano, and Stantcheva (2018), Haaland and Roth (2018), and Druckman, Pe-
terson, and Slothuus (2013) [impact of immigrants]; Nyhan and Reifler (2013) and Nyhan, Reifler, and
Ubel (2013) [perceptions of elected officials]; and Sunstein et al. (2017) [climate change]. Many results
from these papers can be explained by motivated reasoning.

5The main predictions are identical if subjects mistakenly believe Fake News sends random mes-
sages instead of always-false messages, and results are not driven by subjects who have skewed distri-
butions and may misreport their median. Importantly, there is also evidence for asymmetric updating
regarding their beliefs about the initial question. Subjects are significantly more likely to change their
beliefs in the direction of the message if the news is Pro-Party than if the news is Anti-Party, and this
asymmetry is entirely captured by the differences in news veracity assessments of those sources. This
suggests that the results cannot be explained by expressive preferences or mistakenly treating Fake
News as Anti-Party news.
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to both underperformance and overconfidence, since the bias leads to erroneously extreme

beliefs that news sources are either very likely to be True News or are very likely to be Fake

News. Indeed, in the experiment subjects perform significantly worse than if they had always

said there was a 50 percent chance of the source being True News or Fake News.

Motivated reasoning not only affects how people trust or distrust news, but also impacts

how people change their beliefs about the politicized topics themselves, and leads to belief

polarization. Subjects are significantly more likely to revise their beliefs away from the popu-

lation mean than towards it. This form of polarization is entirely accounted for by the news

veracity assessments, suggesting that subjects are polarizing because of their misinference of

the veracity of Pro-Party and Anti-Party news; it also shows that informational content is

not a necessary condition for polarization.6 Politically-motivated reasoning helps reconcile the

notions that the ideological polarization of beliefs may be high, even if the ideological polariza-

tion of information acquisition is modest (the latter shown by Gentzkow and Shapiro 2011).7

There is no other sizable demographic heterogeneity in motivated reasoning on the politi-

cized topics, neither in direction or magnitude, once party preference is controlled for.8 Dif-

ferences in treatment effects across subjects of different demographic groups are statistically

indistinguishable from zero, and estimates are precise enough to rule out even modest ef-

fect sizes. This result suggests that motivated reasoning is homogeneous across demographic

groups — and that even on many issues that are explicitly about particular groups, such as

gender and math ability, racial discrimination, and income mobility — motivated beliefs are

principally driven by politics.

However, when subjects are asked about their own performance, there is substantial het-

erogeneity in motivated reasoning by gender. Men motivatedly reason to believe they outper-
6There is a related literature that discusses the relationship between trust in news and political par-

tisanship (Nisbet, Cooper, and Garrett 2015; Levendusky 2013; Druckman, Levendusky, and McLain
2018).

7Gentzkow and Shapiro (2006) and Gentzkow, Wong, and Zhang (2018) provide alternative theoret-
ical explanations with Bayesian agents who have different priors, but this experiment’s results are not
predicted by their models.

8Demographics include race, gender, income, age, education, religion, and whether one’s home state
voted for Trump or Clinton in the 2016 presidential election.
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formed others, and women do not motivatedly reason in either direction on average.9 Moti-

vated reasoning can help explain the gender gap in overconfidence, and more broadly suggests

that politically-motivated reasoning may be a more universal phenomenon than performance-

motivated reasoning in this context.

Finally, this paper contributes methodologically to the growing experimental literature on

the identification of motivated reasoning. As summarized by Daniel Benjamin (2019), the cur-

rent experimental evidence for motivated reasoning has been mixed: Mobius et al. (2014);

Eil and Rao (2011); and Charness and Dave (2017) find that people update more from ego-

positive news than ego-negative news, while Ertac (2011); Kuhnen (2014); and Coutts (2018)

find the opposite.10 The design for these papers typically involves giving subjects informative

signals and testing for asymmetric updating from “Good” and “Bad” news, and thus requires

noise-inducing strategies to disentangle motivated biases from non-motivated biases such as

under-inference from information and prior-confirming biases. My design aims to better iso-

late the motivated reasoning channel by constructing an environment in which misweighting

priors and likelihoods plays no role, as messages are uninformative about source veracity. As

such, statistical power is large, results are precise, and the design can be portably used to test

motivated reasoning on a wide variety of topics.

The rest of the paper proceeds as follows: Section 1.2 develops the model of motivated rea-

soning, generating testable predictions. Section 1.3 introduces the experimental design and

hypotheses corresponding to these predictions. Section 1.4 discusses further details of the ex-

periment and data.

Section 1.5 analyzes experimental results. Section 1.5.2 provides results about news veracity

assessments in support of the main motivated reasoning hypotheses. Section 1.5.3 shows that
9This relates to results found in Coffman, Collis, and Kulkarni (2019), which was run contempora-

neously and also finds differences in updating by gender.
10It is worth noting that there is more consistent evidence for choice-based implications of moti-

vated beliefs. This includes information avoidance and moral wiggle room (Oster, Shoulson, and Dorsey
2013; Dana, Weber, and Kuang 2007; Gino, Norton, and Weber 2016), and both risk- and ambiguity-
driven distortions (Exley 2015; Haisley and Weber 2010). Yet in the setting in this paper, I do not see
evidence for information avoidance: In Section A.2.2 I show that subjects are willing to pay positive
amounts for information, and pay similar amounts for information about both motivated and neutral
states.
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motivated reasoning and belief polarization occur about the original question. Section 1.5.4

goes through several categories of robustness checks. Section 1.5.5 relates motivated reasoning

to beliefs and overprecision. Section 1.5.6 relates motivated reasoning to underperformance

and overconfidence. Section 1.6.1 discusses treatment effect heterogeneity. Section 1.6.2 dis-

cusses gender, overconfidence, and performance-driven motivated reasoning.

Section 1.7 concludes and proposes directions for future work. Section A.1 provides a proof

as well as several tables and figures that are omitted from the main text. Section A.2 consid-

ers a version of the motivated reasoning model in which subjects form posteriors with noise,

and the strength of the motivated-reasoning signal is equal to the standard deviation of this

noise term. It then discusses results from a willingness-to-pay treatment consistent with the

extended model’s predictions, and structurally estimates this model. Section A.3 lists the ex-

act questions, answers, and sources that subjects see. Section A.4 provides results from a pre-

registered replication of all the main results and many of the secondary results. The online

appendices include additional robustness checks, as well as the entire experiment flow with

screenshots of each page.

1.2 Model and Predictions

This section introduces and develops a model of motivated reasoning in which agents distort

their updating process in the direction of their motivated beliefs when they receive informa-

tion. The model predicts that people will over-trust news that supports their motivated beliefs

compared to a Bayesian, and that we can infer what people are motivated to believe from the

directional error in their current beliefs. In the political context, this implies that both cur-

rent beliefs and strength of party preference affect the bias in information processing. It also

generates secondary predictions under additional functional form assumptions, showing how

motivated reasoning can lead to belief polarization, overprecision, underperformance, and over-

confidence.
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1.2.1 A Model of Motivated Reasoning

Motivated reasoning posits that agents distort their updating process to put higher likelihood

on events that they are more motivated to believe. In this paper, we will often study agents

who are motivated to hold beliefs that better support their preferred political party’s stances.

For example, we will posit that Republicans are politically motivated to believe that murder

and manslaughter rates increased during the presidency of Barack Obama, and that Democrats

are politically motivated to believe that rates decreased. I will define motivated reasoning by

formalizing and extending the framework of Kahan (2016a) in which agents update from in-

formation using a modified Bayes’ rule. They act as if they put appropriate weights on their

prior and the signal likelihood, but receive an additional signal that puts more weight on be-

liefs that they are more motivated to hold.

To formalize, suppose that agents are inferring about the probability that an event is true

(T ) or false (¬T ), and have prior P(T ). We compare inference from a Bayesian agent (she) to

a motivated-reasoning agent (he) when they receive the same signal x ∈ X about the probabil-

ity that the event is T .11 The Bayesian sets her posterior to be proportional to her prior times

the likelihood of the signal:

P(T |x)︸ ︷︷ ︸
posterior

∝ P(T )︸ ︷︷ ︸
prior

· P(x|T )︸ ︷︷ ︸
likelihood

Taking log odds ratios of both sides gives the Bayesian logit updating process:

logit P(T |x) = logit P(T ) + log

(
P(x|T )
P(x|¬T )

)
, (1.1)

The motivated reasoner updates similarly, but he incorporates his prior, likelihood, and a mo-

tivated reasoning term:

P(T |x)︸ ︷︷ ︸
posterior

∝ P(T )︸ ︷︷ ︸
prior

· P(x|T )︸ ︷︷ ︸
likelihood

· M(T )φ(x)︸ ︷︷ ︸
mot. reasoning

,

where M(T ) : {T,¬T} → R+.12 Define m(T ) ≡ logM(T ) and take log odds ratios to get the
11This can be straightforwardly generalized to any discrete state space of events {E1, E2, . . . }, where

agents infer about the probability of events E1 versus ¬E1, E2 versus ¬E2, . . . .
12Note that there is also a change in the proportionality constant between Bayes and motivated rea-

12



motivated-reasoning logit updating process, which will be central to the rest of this section:

logit P(T |x) = logit P(T ) + log

(
P(x|T )
P(x|¬T )

)
+ φ(x)(m(T )−m(¬T )). (1.2)

The motivated reasoner acts as if he receives both the actual signal (x) and a signal whose

relative likelihood corresponds to how much he is motivated to believe the state is T . m(T ) :

{T,¬T} → R is denoted the motive function.

We assume that the motive function does not depend on the signal structure. Motives may

also be indirect; for instance, an agent may be motivated to believe that a news source is

truthful because it reports something in support of her political party. It will also be useful to

treat the motive function cardinally in order to study distributions of beliefs. That is, m can

be thought of as an expected motive function to mirror the standard expected utility function

u.

The agent weights the motive signal by parameter φ(x) ≥ 0, called susceptibility. When

φ(x) = 0, the agent is Bayesian; when φ(x) > 0, the agent motivatedly reasons. φ may be a

function of signal x and the perceived informativeness of x, but does not depend on m.13

Closing the model requires additional assumptions on φ(x). In the main text of this paper,

we will not probe further and instead focus on one particular type of signal structure. For

further discussion of a specific definition of φ that depends on the noisiness of the updating

process, see Section A.2. Experimentally, this paper studies one type of signal structure, but a

future experiment could expand the space of signals to identify perceptions of informativeness

by exogenously varying φ.

soning, but this is not a function of T . A similar definition arises for a continuous state ω. Bayes rule
sets f(ω|z) ∝ p(z|ω) · f(ω), and motivated reasoning sets f(ω|z) ∝ p(z|ω) · f(ω) ·m(ω)φ(z).

13This can be different from the actual informativeness of x in important ways. The experiment
shows an environment in which signals are uninformative, but are perceived as informative, and still
lead to motivated reasoning. Within the class of uninformative signals, there is heterogeneity in percep-
tions, and this can drive susceptibility.
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1.2.2 Identifying Motivated Reasoning

We now use the above framework to identify φ when we assume something about people’s

motives. We consider an environment in which priors are fixed and Bayesians do not infer

anything, but motivated reasoning can play a role.

Consider an agent with prior F (θ) about a state in Θ. Denote by µ ≡ F−1(1/2) the median

of F (θ). For simplicity, we assume that F has no atom at µ and that P(µ = θ) = 0. That

is, the agent believes that the answer has probability zero of being exactly equal to µ, and the

true probability is indeed zero.

To preview the experimental design that is developed in Section 1.3, suppose the agent now

receives a message from one of two news sources, True News (TN) or Fake News (FN), and

does not know which. Both news sources send a binary message xTN , xFN ∈ {G,L} that

compares θ to µ. G says that θ is greater than µ and L says that θ is less than µ. TN always

sends the “true” message and FN always sends the “fake” message:

θ > µ θ < µ

True News sends G L

Fake News sends L G

The agent has a prior about the news source p ≡ P(TN) that does not depend on θ, and

infers about P(TN) given the message received. The agent receives quadratic utility from stat-

ing probability a:

u(a|TN) = 1− (1− a)2 and

u(a|FN) = 1− a2,

such that she maximizes utility by stating her subjective belief a.

We can now look at how a Bayesian and a motivated reasoner update their beliefs about
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the news source. Given message G, the Bayesian updates according to Equation (1.1):

logit a|G = logit P(TN |G) = logit P(TN) + log

(
P(G|TN)

P(G|FN)

)
= logit p+ log

(
P(θ > µ)

P(θ < µ)

)
= logit p.

Therefore: a|G = p = a|L.

Since the Bayesian thinks that both messages are equally likely ex ante, she doesn’t update in

any direction. In the experiment, this will be the main null hypothesis, and the hypothesis for

unmotivated topics: a|G = a|L.

However, the motivated reasoner updates according to Equation (1.2):

logit a|G = logit P(TN) + log

(
P(G|TN)

P(G|FN)

)
+ φ (m(θ|θ > µ)−m(θ|θ < µ))

= logit p+ φ (m(θ|θ > µ)−m(θ|θ < µ)) .

This implies the following:

Fact 1 (Identifying motivated reasoning using news veracity assessments)

The procedure above identifies motivated reasoning from Bayesian updating:

• For a Bayesian (φ = 0), a|G = a|L.

• For a motivated reasoner (φ > 0), a|G > a|L ⇐⇒ m(θ|θ > µ) > m(θ|θ < µ).

More specifically, this design identifies whether agents have greater expected motive for be-

lieving that the true state is above their median belief µ or for believing that the true state is

below µ.

In this paper, states are real numbers and motives are typically assumed to be monotonic

in the state, so that sign
(
∂m
∂θ

)
does not depend on θ. For simplicity, we will sometimes make

the further restriction that motives are linear. In the linear case, m(θ) = m · θ, so that the
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prediction does not rely on the distribution F (θ): that is, a|G > a|L if and only if m · φ(x) >

0.14

Predictions involve jointly hypothesizing that agents motivatedly reason and hypothesizing

something about their motive function. In the context of the experiment, the main hypothesis

will be that observables (such as political preferences) predict m(θ|θ > µ) −m(θ|θ < µ), and

therefore predict logit(a|G)− logit(a|L).

It is worth noting that the null hypothesis is the same for many non-Bayesian models of

inference. Consider the following class of updating rules defined by general misweighting of

priors or likelihoods:

logit a|G = ζ logit P(TN) + κ log

(
P(G|TN)

P(G|FN)

)
= ζ logit p+ κ · 0, and

logit a|L = ζ logit p as well.

This class of updating rules includes a form of prior-confirming bias (ζ > 1), conservatism

(κ < 1), base-rate neglect (ζ < 1), and over-inference (κ > 1). In all these cases, there is no

differential updating from G and L. These biases may also affect inference in many settings

in which motivated reasoning plays a role. In such cases, the motivated reasoning term can

simply be separately added to other models.

1.2.3 Inferring Motives from Beliefs

When motives are unobservable, an experimenter can learn about agents’ motives by looking

at their initial beliefs µ. Conceptually, an agent’s error in beliefs can be partly explained by

motivated reasoning, and therefore the direction of the error predicts the direction of the mo-
14Strictly monotonic motives posit that people are more motivated to hold extreme beliefs. An

example of a more “moderate” motive function is quadratic loss: m(θ) = −mquad(θ
∗ − θ)2, where

mquad > 0 so that θ∗ is the highest-motive belief. One parametrization sets θ∗ equal to µ; this mo-
tive suggests a similar psychology to prior-confirming bias. Experimentally, the quadratic term could
be identified by giving people binary messages that say that the answer is within or outside their 50-
percent confidence interval.
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tive function. A motivated reasoner with an increasing motive function will be more likely to

hold a belief that µ > θ, and a motivated reasoner with a decreasing motive function will be

more likely to hold a belief that µ < θ, if they receive a signal drawn from the same distri-

bution. This implies that an agent who believes µ > θ is more likely to have an increasing

motive function than is an agent who believes µ < θ.

When the two agents then make news assessments using the structure above, agents will

trust news that reinforces the error in their beliefs more than news that mitigates the error.

This occurs even though signals are designed exactly so that their interpretation is distinct

from µ.

More formally, there is a state θ ∈ R. Consider a Bayesian (she) and a motivated reasoner

(he) with the same prior θ ∼ Fθ and who receive a public signal z ∼ Fz. We assume that the

motivated reasoner has motive m(θ′) that is strictly monotonic in θ′, and φ(z, Fz) > 0. We

also assume that the signal leads the Bayesian’s posterior median µB to take values close to θ

with positive probability, but P(µB = θ) = 0. That is, for all δ > 0, there exists some δ′ > 0

such that P(|µB − θ| < δ) > δ′.

Without loss of generality, consider a motivated reasoner who has m(θ′) strictly increasing

in θ′. Since the log-likelihood of the motive is strictly increasing, his posterior distribution

first-order stochastically dominates the Bayesian’s posterior distribution. In addition, for ev-

ery such motive function, there exists a δ such that for all signals leading to the Bayesian hav-

ing a posterior median µB ∈ (θ − δ, θ), the motivated reasoner has posterior median µM > θ.

Since there is a probability of at least δ′ > 0 of such a signal, this high-θ-motivated reasoner

is strictly more likely than the Bayesian to state µ > θ. By the same argument, a low-θ moti-

vated reasoner is strictly less likely than the Bayesian to state µ > θ.

Now suppose that µ is observable and the true θ is known, but z and m(θ) are unobserv-

able. If some people have monotonically-increasing motives and others have monotonically-

decreasing motives, then:

P(m(θ) increasing | µ > θ) > P(m(θ) increasing | µ < θ).
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If we look at how agents respond to the procedure above to a new message G or L, this im-

plies that E[a|G,µ > θ] > E[a|G,µ < θ] and E[a|L, µ > θ] < E[a|L, µ < θ] when motives are

heterogeneous.

Now, recall that message G says that θ > µ and L says θ < µ. Since G and L are equally

likely, the prediction is that subjects trust error-reinforcing messages more than error-mitigating

messages when motivated reasoning plays a role.

In this design, error-mitigating messages are exactly True News and error-reinforcing mes-

sages are exactly Fake News. Therefore, agents give higher assessments to Fake News than

True News, with and without controlling for observable party preference:

Fact 2 (Motivated reasoning leads to over-trusting Fake News, under-trusting True News)

Suppose that agents motivatedly reason with a strictly monotonic motive. Then:

• a|Fake News > a|True News.

• a|Fake News; Pro-Party news ≥ a|True News; Pro-Party news.

• a|Fake News; Anti-Party news ≥ a|True News; Anti-Party news.

Suppose also that the sign of the slope of the motive function is heterogeneous within party.

That is, the probability of an agent having ∂m(θ)
∂θ > 0 is strictly between 0 and 1, conditional on

the agent’s party. Then:

• a|Fake News; Pro-Party news > a|True News; Pro-Party news.

• a|Fake News; Anti-Party news > a|True News; Anti-Party news.

The stark result that motivated reasoners will trust Fake News more than True News is partic-

ular to the uninformativeness of the messages. However, the prediction that agents will trust

Fake News more than a Bayesian will is quite general, only relying on unobservable inputs

into current beliefs. It is also worth noting that this prediction only holds for motivated states,

psychologically differentiating this theory from unmotivated explanations of over-trusting Fake

News (such as a general prior-confirming bias). Practically, it suggests that excessive trust in

disinformation will be more prominent when people hold stronger motivated beliefs.
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1.2.4 Motivated Reasoning, Overprecision, and Overconfidence

There are two ways in which motivated reasoners may have excess confidence in their beliefs

compared to Bayesians in this setting. First, motivated reasoners may form miscalibrated con-

fidence intervals about the initial questions: overprecision. Second, motivated reasoners may

form more extreme beliefs about the veracity of the news sources, leading them to overesti-

mate their news veracity assessment accuracy: overconfidence.

These consequences of motivated reasoning require functional form assumptions. Unlike

the previous subsection, we now suppose that agents have a normally-distributed prior θ ∼

N (µ0, 1/τ
2
0 ), and that agents receive a noisy signal z = θ + ϵz, where ϵz ∼ N (0, 1/τ2z ).

Suppose also that motivated reasoners have m(θ) = m · θ and φ(z) = φ(τz). That is, agents

have a linear motive and signals only affect susceptibility through their level of precision.15 In

the political context, |m| can be thought of as increasing in political partisanship.

A Bayesian forms the posterior:

f(θ|z) = N
(
τ0µ0 + τzz

τ0 + τz
, τ0 + τz

)
,

and a motivated reasoner forms the posterior:

f(θ|z) = N
(
τ0µ0 + τzz + φ(τz) ·m

τ0 + τz
, τ0 + τz

)
.

Notably, the two agents have the same posterior variance, but the motivated reasoner’s dis-

tribution is miscalibrated. Consider their (1 − Q)/2- and (1 + Q)/2-quantile beliefs, and call

this the Q-confidence interval. Then:

Fact 3 (Motivated reasoning and overprecision)

Suppose that a motivated reasoner has normally-distributed priors and receives a signal nor-

mally distributed with mean equal to θ, as above. When φ > 0, the probability that his Q-

confidence interval contains θ is equal to Q for m = 0 and strictly decreases in |m|.
15One appealing functional form is φ(z) = min{φ · τz, φ̄}. Using this form, the susceptibility of two

weak signals is equal to the sum of their precisions, but there is a maximum level of susceptibility.
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Since Bayesian updating is equivalent to motivated reasoning with m = 0, this says that

Bayesians are appropriately precise and motivated reasoners are overprecise. Note that the

direction of overprecision relies not just on linear motives, but also on the normal-normal func-

tional form.16

Next, we consider underperformance and overconfidence. Recall that this theory posits that

agents who motivatedly reason may do so at a cost to their utility.17 Specifically, motivated-

reasoning agents underperform by having lower decision utility from their assessments than

Bayesians do. This expected utility decreases as the motive function becomes steeper. How-

ever, anticipated expected utility often will increase in motive steepness, since agents become

(erroneously) more confident about their assessments. This discrepancy leads to overconfi-

dence.

Using the quadratic utility from above, agents’ assessments lead them to attain utility

that is decreasing in |m|. This implies that motivated reasoners underperform compared to

Bayesians, who update the same way as motivated reasoners who have m = 0.

Fact 4 (Motivated reasoning and underperformance)

For all φ > 0 and priors p ∈ (0, 1), E[u(a;m)] decreases in |m|.

Though agents with steeper motives will receive lower utility on average, they will expect

to receive higher utility, denoted by Ẽ, as long as their priors on news veracity are not too

extreme.
Fact 5 (Motivated reasoning and confidence)

For all φ > 0, Ẽ[u(a;m)] increases in |m| if p ∈ [12 −
√
3
6 ,

1
2 +

√
3
6 ] ≈ [0.211, 0.789].

The proof involves more algebra than insight, so it is relegated to Section A.0.1.

To intuitively understand why this is true, consider a partisan (with a steeper motive) and

a moderate (with a less steep motive). The partisan will move her assessments substantially
16For instance, suppose that the state space contains two values and a Bayesian infers from a signal

that either one value has a (1 + Q)/2 likelihood of occurring or the other value has a (1 + Q)/2 like-
lihood of occurring. Then, her confidence interval would contain one point, and a motivated reasoner
may have a confidence interval that contains both points.

17This is in contrast to models in which people deviate from Bayes’ rule because they choose utility-
maximizing beliefs and strategically self-deceive, as in Brunnermeier and Parker 2005; Benabou and
Tirole 2002; and Mobius et al. 2014.
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upwards when she receives Pro-Party news and expect to score highly, and she will move her

assessments substantially downward when she receives Anti-Party news — and still expect to

score highly. The moderate will have more tempered expectations given that his assessments

are less extreme. Exceptions can occur when p is close to 0 or 1 and φ is not too large, be-

cause when partisans update more from Pro-Party (Anti-Party) news, their posteriors may

end up below (above) 1/2.

We can conceptually combine these two results by defining overconfidence as the agent’s

anticipated expected utility minus her actual expected utility. The implication is that polit-

ical partisans become more overconfident in the accuracy of their news veracity assessments

because of motivated reasoning.

1.3 Experimental Design

1.3.1 Summary, Timeline, and Topics

This section details the experiment — introduced in Section 1.2.2 — that is designed to test

predictions of the motivated-reasoning model. This design focuses on how subjects infer the

veracity of a message that says that their current median belief is erroneously high or erro-

neously low.

To fix ideas, consider the following question, taken verbatim from the experiment:

Some people believe that the Obama administration was too soft on crime and that violent

crime increased during his presidency, while others believe that President Obama’s pushes to-

wards criminal justice reform and reducing incarceration did not increase violent crime.

This question asks how murder and manslaughter rates changed during the Obama adminis-

tration. In 2008 (before Obama became president), the murder and manslaughter rate was 54

per million Americans.

In 2016 (at the end of Obama’s presidency), what was the per-million murder and manslaugh-

ter rate?
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The main test of motivated reasoning involves three steps:

1. Beliefs: Subjects are asked to guess the answers to politicized questions like the one

above. Importantly, they are asked and incentivized to guess their median belief (i.e.

such that find it equally likely for the answer to be above or below their guess). They

are also asked and incentivized for their interquartile range. Screenshots of instruction

pages are in the Online Appendix.

2. News: Subjects receive a binary message from one of two randomly-chosen news sources:

True News and Fake News. The message from True News is always correct, and the

message from Fake News is always incorrect. This is the main (within-subject) treat-

ment variation.

The message says either “The answer is greater than your previous guess of [pre-

vious guess].” or “The answer is less than your previous guess of [previous guess].”

Note that the exact messages are different for each subject since subjects have different

guesses. These customized messages are designed so that they have the same subjective

likelihood of occurring.

For the Crime Under Obama question above, “greater than” corresponds to Pro-

Republican News and “less than” to Pro-Democratic News. For subjects who support

the Republican Party than the Democratic Party, “greater than” is Pro-Party news and

“less than” is Anti-Party news, and vice versa for subjects who support the Democratic

Party more.

3. Assessment: After receiving the message, subjects assess the probability that the mes-

sage came from True News using a scale from 0/10 to 10/10, and are incentivized to

state their true belief. This news veracity assessment is the main outcome measure. The

effect of variation in news direction on veracity assessments is the primary focus for

much of this paper. An example of the News / Assessment page is in the Online Ap-

pendix.
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Since subjects receive messages that compare the answer to their median, a Bayesian would

not change her assessment based on the message. Likewise, general over- and under-weighting

of priors and likelihoods (such as forms of prior-confirming biases and conservatism) do not

predict a treatment effect of message direction on assessment.

Subjects see 14 questions in the experiment. 13 are in Table 1.1 and one is a comprehension

check. The experiment has the following general structure:

Demographics

Question 1

News 1

...

Question 14

News 14

Results

The Demographics page includes questions about party ratings (which will be used to de-

termine subjects’ relative party preference), party affiliation, ideology, gender, age, race and

ethnicity, annual income, highest education level, state or territory of residence, religion, nine

opinion questions (one each about eight topics in the study and one about Donald Trump’s

performance), and a 4-item multiple-choice quiz about current events.

The Results page tells subjects what their overall performance was, what their score on

each question and assessment was, and the correct answer to each question and assessment.

Importantly, subjects are told that they will see this page at the beginning of the experiment,

and they are forced to go through it before exiting the study and receiving payment.18 Being

forced to learn the true answers at the end of the experiment substantially limits the scope for

strategic self-deception, differentiating motivated reasoning from theories of utility-maximizing

inference.

The order of Questions 1-12 is randomized between subjects, but Questions 13 and 14 are

the same for each subject. These last two questions are “meta-questions” that rely on previous

questions: Question 13 asks subjects about their performance on the first 12 questions relative

to 100 other (pilot) subjects, and Question 14 asks about other Democratic (pilot) subjects’
18Subjects spend an average of 71 seconds on the Results page, suggesting that they are indeed look-

ing at it. They spend about as long on the Results page as on one Question page and one Info page
combined.

23



performance compared to other Republican (pilot) subjects’ performance on Questions 1-12.19

Each of the politicized and neutral topics are equally likely to be selected in each round,

but the comprehension check is restricted to be between Question 2-11. This restriction is

to make sure subjects are still paying attention after the first question, and to make sure the

willingness-to-pay treatment (discussed in Section A.2.2), which occurs for Question 12, does

not overlap with the comprehension check.

All of the specific question wordings are in Section A.3. Screenshots for every page are in

the Online Appendix.

1.3.2 Pages and Scoring Rules

Overall Scoring Rule

At the end of the experiment, subjects earn a show-up fee of $3 and either receive a bonus

of an additional $10 or nothing. As will be elaborated below, in each round of the experiment

subjects earn between 0-100 “points” based on their performance. These points correspond to

the probability that the subject wins the bonus: a score of x points corresponds to an x/10

percent chance of winning the bonus.20

Questions Page

On question pages, subjects are given the round number (Question x of 14), the topic, the

text of the question, and are asked to input three numbers about their initial beliefs:

• My Guess: This elicits the median of the subjects’ prior distribution.

• My Lower Bound: This elicits the 25th percentile of the subjects’ prior distribution.

• My Upper Bound: This elicits the 75th percentile of the subjects’ prior distribution.

The scoring rule for guesses is piecewise linear. Subjects are given max{100 − |c − g|, 0}

points for a guess of g when the correct answer is c. Subjects maximize expected points by
19Half of subjects are given the Democrats’ score and asked to predict the Republicans’; half are

given the Republicans’ score and asked to predict the Democrats’.
20This lottery system is designed to account for risk aversion; directly mapping points to earnings

could lead to subjects hedging their guesses. The probability distribution is identical to randomly
choosing a round for payment and subsequently playing the lottery based on the points in that round.
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stating the median of their belief distribution. They are told the scoring rule in the instruc-

tions and given the following message:

It is in your best interest to guess an answer that is in the ‘middle’ of what you believe is

likely. For example, if you think the answer is equally likely to be 10, 40, and 60, you should

guess 40.21

The scoring rule for bounds is piecewise linear with different slopes. For upper bound ub,

subjects are given max{100 − 3(c − ub), 0} points if c ≥ ub and max{100 − (ub − c), 0}points

if c ≤ ub. For lower bound lb, subjects are given max{100 − (c − lb), 0} points if c ≥ lb and

max{100− 3(lb− c), 0} points if c ≤ lb. Subjects maximize expected points by setting ub to be

the 75th percentile and lb to be the 25th percentile of their belief distribution. They are told

the scoring rule in the instructions and given the following message:

It is in your best interest to choose a lower bound such that you think it’s 3 times more

likely to be above the bound than below it, and an upper bound such that it’s 3 times more

likely to be below the bound than above it. For example, if you think the answer is equally

likely to be any number from 100 to 200, you should set a lower bound of 125 and an upper

bound of 175.

In addition, subjects are restricted to only give answers such that My Lower Bound ≤ My

Guess ≤ My Upper Bound.

News Assessments Page

After submitting their initial beliefs, subjects are given a second page about the same ques-

tion. At the top of the page is the exact text of the original question. Below the question is a

message relating the correct answer to the number they submit for My Guess. This message

says either:

“The answer is greater than your previous guess of [My Guess].” or

“The answer is less than your previous guess of [My Guess].”
21This example is chosen intentionally because the mean and median are different.
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Subjects are told that True News always tells the truth and Fake News never tells the

truth, and that sources are iid. The message saying “greater than” or “less than” is the main

treatment variation. Below the message, subjects are asked: “Do you think this information

is from True News or Fake News?” and can choose one of eleven radio buttons that say “x/10

chance it’s True News, (10-x)/10 chance it’s Fake News” from each x=0, 1, …, 10 in increasing

order.

The scoring rule for assessments is quadratic. For assessment a, subjects are given 100(1 −

(1 − a)2) points if the source is True News and 100(1 − a2) points if it is Fake News. The opti-

mal strategy is to answer with the closest multiple of 0.1 to the true belief. In the instructions,

subjects are given a table with the points earned as a function of each assessment and news

source.

Occasionally, a subject will correctly guess the answer. If this happens, she skips the news

assessment page and moves on to the next question.22

Second-Guess Treatment

Half of subjects are in the “Second Guess” treatment. For these subjects, immediately be-

low the news assessment question they are asked an additional question: “After seeing this

message and assessing its truthfulness, what is your guess of the answer to the original ques-

tion?”

Subjects are given the same linear scoring rule as on the initial guess. They are given max{100−

|c − g|, 0} points for a guess of g when the correct answer is c. See the Online Appendix for

a screenshot of the Crime Under Obama news assessment page that subjects in the Second

Guess treatment see, with the second guess part highlighted.

Willingness-to-Pay (WTP) Treatment

The other half of subjects are in the WTP treatment. These subjects see an additional page

between Question 12 and News 12, on which they are given instructions and asked to submit

a WTP for a message. Results suggest that subjects (erroneously) value the message for the
22This is true except for the comprehension check question, where the message says “The answer is

equal / not equal to your previous guess of [My Guess].”
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purpose of assessing veracity and that they do not differentially value messages on politicized

and neutral topics (indicating naivete about their motivated reasoning). For more detailed

instructions and results, see Section A.2.

1.3.3 Hypotheses

This subsection summarizes the predictions from Section 1.2 in the context of the experiment

to generate testable hypotheses.

The main hypothesis is that a news veracity assessment will be larger when it leads to a

higher motive. This is therefore a joint test that (1) people motivatedly reason, giving higher

assessments to news in the direction of higher motives than to news in the direction of lower

motives, and (2) the predicted direction of motives is as in Table 1.1. Since we will be mostly

considering politicized topics, the degree of partisanship will affect the steepness of the motive

function.
Hypothesis 1 (Motivated reasoning with political motives)

• a|Pro-Party news > a|Anti-Party news.

• a|Neutral topic news ∈ (a|Anti-Party news, a|Pro-Party news).

• (a|Pro-Party news − a|Anti-Party news) increases in partisanship.

A similar prediction is that changes in beliefs are differentially affected by the news category,

i.e. that people are more likely to follow the message if it is Pro-Party than Anti-Party. This

is tested using the Second Guess subsample. The hypothesis is the same for Pro-Own Perfor-

mance news and Anti-Own Performance news.

Second, we can test whether the direction of the error in subjects’ beliefs can be explained

in part by their motives. This implies that they will give higher assessments to error-reinforcing

news compared to error-mitigating news, as in Fact 2. Recalling that error-reinforcing news is

Fake News and error-mitigating news is True News, this leads to the following prediction:

Hypothesis 2 (Motivated reasoning and trust in Fake News)

• a|Fake News > a|True News on politicized topics, but not on neutral topics.
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• a|{Fake News, Pro-Party news} > a|{True News, Pro-Party news}.

• a|{Fake News, Anti-Party news} > a|{True News, Anti-Party news}.

These are the main hypotheses of the experiment.

There are two secondary hypotheses that focus on the Second-Guess treatment. By compar-

ing subjects’ first and second guesses, we can replicate the main politically-motivated reason-

ing prediction and study a form of belief polarization.

First, there is an equivalent hypothesis to Hypothesis 1: controlling for news direction, sub-

jects more frequently adjust their guesses in the direction of their political party preference.

Second, by a similar logic to Hypothesis 2, motivated reasoning will lead subjects to be more

likely to adjust their guesses towards the population mean than away from it on politicized

topics.

Hypothesis 3 (Motivated reasoning and second guesses)

Define Follow Message as the ternary variable that takes value:

• 1 if the message says G and µ|G > µ or if it says L and µ|L < µ;

• 0 if µ|message = µ; and

• -1 if the message says G and µ|G < µ or if it says L and µ|L > µ.

Define Polarizing news as news that says G if µ is greater than the population mean guess or

L if µ is less than the population mean guess. Define Anti-Polarizing news as the opposite.

• Follow Message | Pro-Party news > Follow Message | Anti-Party news.

• Follow Message | Polarizing news > Follow Message | Anti-Polarizing news on politi-

cized topics.

Next, we consider the predictions from Section 1.2.4 about the consequences of motivated

reasoning. Namely, the model predicts overprecision, underperformance, and overconfidence.

The overprecision hypothesis uses subjects’ 50-percent confidence intervals, claiming that

motivated reasoning can lead the belief distribution to become miscalibrated.
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Hypothesis 4 (Overprecision and partisanship)

• On politicized questions, subjects’ 50-percent confidence intervals contain the correct

answer less than 50 percent of the time.

• The likelihood that confidence intervals contain the correct answer decreases in partisan-

ship.

Next, as a direct implication of Hypothesis 2, motivated reasoners will earn fewer points in

the experiment. In the political realm, the severity of underperformance is hypothesized to

be increasing in partisanship. Additionally, it predicts that partisans will give more certain

answers on assessments of politicized news, leading to greater confidence in answers. This is

measured by subjects’ predictions of their performance relative to others’.

Hypothesis 5 (Underperformance and overconfidence)

• Average points scored on news assessments is less than the points earned by assessing

that the probability of True News is 50 percent.

• Average points scored on news assessments is decreasing in partisanship on politicized

topics.

• Predicted overconfidence — expected performance relative to other subjects minus actual

performance — will be increasing in partisanship.

In the theory, the last part of this hypothesis holds when subject priors on P(True) are be-

tween 0.21 and 0.79. In the experiment, nearly all subjects have average assessments within

this range, including the ones who are not told explicitly that the probably of True News is

1/2.

The main experiment tests each of these hypotheses. It is worth noting that while each of

the primary results were hypothesized ex ante, some of the consequences results involved ex-

post analysis. As such, Section A.4 discusses results from a replication exercise conducted one

year later on a smaller sample. In the replication, I pre-registered each of the above hypothe-

ses with the exception of overconfidence, due to insufficient statistical power. The replication

results are very similar to the main results.
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1.4 Data and Experiment Details

The experiment was conducted on June 25, 2018 on Amazon’s Mechanical Turk (MTurk) plat-

form. MTurk is an online labor marketplace in which participants choose “Human Intelligence

Tasks” to complete. MTurk has become a very popular way to run economic experiments (e.g.

Horton, Rand, and Zeckhauser 2011; Kuziemko et al. 2015), and Levay, Freese, and Druckman

(2016) find that participants generally tend to have more diverse demographics than students

in university laboratories with respect to politics. The experiment was coded using oTree, an

open-source software based on the Django web application framework developed by D. Chen,

Schonger, and Wickens (2016).

The study was offered to MTurk workers currently living in the United States. 1,387 sub-

jects were recruited and answered at least one question, and 1,300 subjects completed the

study. Of these subjects, 987 (76 percent) passed simple attention and comprehension checks,

and the rest are dropped from the analyses.23

All subjects are asked to rate the Democratic Party and the Republican Party using a scale

from 0-100; this scale is modeled after the feeling thermometer used in the American National

Election Studies. 627 subjects (64 percent) give a higher rating to the Democratic Party; 270

(27 percent) give a higher rating to the Republican Party; and 90 (9 percent) give identical

ratings to both parties.24 These subjects are labeled as “Pro-Dem,” “Pro-Rep,” and “Neutral,”

respectively, and for most analyses the Neutral subjects will be dropped. Results are similar

if liberal-conservative ideology or party affiliation is used instead, though many more subjects

are then classified as neutral. Results are also similar when weighting by party preference,

ideology, or party registration, or when using demographic weights for gender, age categories,

race, religion, and location to make the sample representative of the U.S. population.

Treatments were cross-randomized so that 2/3 of subjects would not receive a prior about
23In order to pass these checks, subjects needed to perfectly answer the comprehension check ques-

tion in A.3 (by giving a correct answer, correct bounds, and answering the news assessment with cer-
tainty). In addition, many questions had clear maximum and minimum possible answers (such as
percentages, between 0 and 100). Subjects were dropped if any of their answers did not lie within these
bounds. The Online Appendix shows that main results are robust to inclusion of these subjects.

24Levay, Freese, and Druckman (2016) also find that the MTurk subject pool is mostly Democratic.

30



the veracity of the news source, and 1/3 of subjects would be told that True News and Fake

News were equally likely. Independently, 1/2 of subjects would receive the willingness-to-pay

treatment and 1/2 would be in the second-guess treatment. Indeed, of the non-Neutral sub-

jects, 66 percent do not receive a prior and 34 percent do; 49 percent are in the WTP treat-

ment and 51 percent are in the second-guess treatment.

Each subject answers 13 questions; there are a total of 11,661 guesses to questions for the

897 non-neutral subjects. There are 11,443 news assessments. The discrepancy between these

numbers is due to 143 subjects in the WTP treatment who did not receive a message in one

round, and due to there being 75 (0.7 percent) correct guesses.25 I drop these 218 observations

for news assessment analyses. There are 7,902 news assessments on politicized topics, 891 on

the question about own performance, and 2,650 on neutral topics.

The balance table for the Pro-Party / Anti-Party treatment is in Section A.0.5. Since this

randomization is within subject, treatments are expected to be balanced across demographics.

Importantly, the overall shares of Pro-Party and Anti-Party news are not noticeably different.

This suggests that there was no differential attrition in the experiment by treatment.

1.5 Results

1.5.1 Raw Data

This subsection shows that the raw data supports the main predictions of the model, and the

following subsections show the relevant regressions. To validate that these questions are politi-

cized, Section A.0.4 compares initial guesses by party and finds that there are systematic dif-

ferences in beliefs between Pro-Rep and Pro-Dem subjects in the direction predicted in Ta-

ble 1.1. Recall Hypothesis 1 and Hypothesis 2: subjects will trust Pro-Party news more than

Anti-Party news; this gap will be larger for partisans than moderates; Neutral news will lie in

between; and error-accentuating Fake News will be trusted more than error-mitigating True
25The low frequency of correct guesses is an indicator that the vast majority of subjects were not

looking up the answers. It is also a sign that the model’s assumption of an atomless belief distribution
is reasonable.
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News on politicized topics.

The mean assessment of Pro-Party news is 62.0 percent (s.e. 0.5 percent), the mean assess-

ment of Neutral news is 57.9 percent (s.e. 0.6 percent), and the mean assessment of Anti-

Party news is 52.9 percent (s.e. 0.5 percent).26 The difference between every pair of these is

highly significant (p < 0.001 each).27

In support of Hypothesis 1, Figure 1.1 shows the subject-demeaned assessments by news

direction (Pro-Party; Anti-Party; Neutral) and subject type (Partisan and Moderate, as de-

fined by the absolute difference in party ratings). Subjects indeed give higher average assess-

ments to Pro-Party than to Neutral news, and higher to Neutral than to Anti-Party news, and

these differences are larger for partisans. Appendix Figure A.1 shows the empirical distribu-

tion of assessments for Pro-Party and Anti-Party news on politicized topics. The empirical

distribution of Pro-Party assessments first-order stochastically dominates the distribution of

Anti-Party assessments.

In support of Hypothesis 2, Figure 1.2 shows the subject-demeaned assessments by news di-

rection (Pro-Party; Anti-Party; Neutral) and news veracity (True News; Fake News). Subjects

indeed give higher assessments to Fake News than to True News on politicized topics, but they

do not on neutral topics.28 Similar results hold if we look at where subjects’ initial guesses

lie compared to the median subject instead of compared to the truth. Appendix Figure A.2

shows the empirical distribution of assessments for True News and Fake News on politicized

questions. The empirical distribution of Fake News assessments first-order stochastically domi-

nates the distribution of True News assessments.
26All standard errors are clustered at the individual level.
27All these percentages are significantly greater than 50, even for subjects who are given a prior that

True News and Fake News are equally likely. There are two potential explanations that are beyond the
scope of this paper. First, perhaps subjects ignore the stated prior and set their own prior around 58
percent. Second, and more suggestively, subjects may motivatedly reason to trust what they are told.
Further work can explore this latter channel.

28If anything, assessments are higher for neutral True News than neutral Fake News. This suggests
that reflecting on the question again may lead to adjusting estimates towards the truth in the absence
of motivated beliefs.
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Figure 1.1: Politically-Motivated Reasoning: Perceived Veracity by News Direction and Subject Partisan-
ship

Notes: The y-axis is stated P(True), demeaned at the subject level. News on par-
tisan topics is classified as Pro-Party (Anti-Party) if it is more (less) representative
of the subject’s preferred political party, as defined in Table 1.1. A subject who is
above the median value for abs(Republican Party rating - Democratic Party rating)
is classified as Partisan; a subject who is not is classified as Moderate. Error bars
correspond to 95 percent confidence intervals.

1.5.2 Regression Specifications for News Assessments

The primary regression specifications are within subject; 892 of the 897 non-neutral subjects

receive at least one piece of Pro-Party news, Anti-Party news, and Neutral news.29

29Three subjects randomly receive no Pro-Party news; two subjects randomly receive no Anti-Party
news; and all subjects receive some Neutral news.
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Figure 1.2: Motivated Reasoning and Trust in Fake News: Perceived Veracity by News Direction and Ac-
tual Veracity

Notes: The y-axis is stated P(True), demeaned at the subject level. News on parti-
san topics is classified as Pro-Party (Anti-Party) if it is more (less) representative of
the subject’s preferred political party, as defined in Table 1.1. Fake News sends mes-
sages that reinforce the direction of subjects’ error; True News sends messages that
mitigate subjects’ error. Error bars correspond to 95 percent confidence intervals.

In particular, the main specification for politically-motivated reasoning is in Table 1.2, col-

umn 2. The regression looks at assessments a for subject i, question topic q, and round r with

fixed effects for i, q, and r when all news is Pro-Party or Anti-Party:30

aiqr = α+ β · 1(Pro-Party)iqr + γFEi + δFEq + ζFEr + ϵiqr

30As seen in the Online Appendix, all results are qualitatively identical if we use logit(aiqr) instead
of aiqr. The linear specification is used for ease of interpretation.
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Hypothesis 1 claims that the Pro-Party / Anti-Party gap is increasing in partisanship, so

column 3 interacts partisanship (the absolute difference in party ratings) with Pro-Party news.

It also claims that motivated reasoning leads to both higher assessments for Pro-Party news

and lower assessments for Anti-Party news; as such, column 4 includes indicators for both Pro-

Party (vs. Neutral) news and Anti-Party (vs. Neutral) news.

Hypothesis 2 claims that for politicized news, subjects will trust Fake News more than True

News, so the final two specifications in Table 1.2 regress assessments on a dummy for True

News, controlling for and not controlling for Pro-Party news.

Table 1.2 shows that Hypotheses 1 and 2 are strongly supported. Assessments for Pro-Party

news are substantially higher than for Anti-Party news, and this effect increases in partisan-

ship. There is evidence for motivated reasoning on both Pro-Party and Anti-Party news, and

controlling for news type, Fake News assessments are significantly higher than True News as-

sessments.
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Table 1.2: The Effect of News Direction and Actual Veracity on Perceived Veracity

(1) (2) (3) (4) (5) (6)

Pro-Party News 0.092∗∗∗ 0.088∗∗∗ 0.040∗∗∗ 0.037∗∗∗ 0.077∗∗∗

(0.006) (0.007) (0.013) (0.007) (0.007)

Partisanship x 0.050∗∗∗

Pro-Party (0.012)

Anti-Party News -0.048∗∗∗

(0.007)

True News -0.059∗∗∗ -0.034∗∗∗

(0.006) (0.007)

Neutral News No No No Yes No No

Question FE Yes Yes Yes No Yes Yes

Round FE Yes Yes Yes Yes Yes Yes

Subject controls Yes No No No No No

Subject FE No Yes Yes Yes Yes Yes

Observations 7902 7902 7902 10552 7902 7902

R2 0.05 0.25 0.25 0.21 0.23 0.25

Mean 0.573 0.573 0.573 0.574 0.573 0.573

Standard errors in parentheses
∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01

Notes: OLS, errors clustered at subject level. Neutral News indicates that Pro-

Party / Anti-Party news assessments are compared to assessments on Neutral

topics. These classifications are defined in Table 1.1. Controls: race, gender,

log(income), years of education, religion, and whether state voted for Trump or

Clinton in 2016. Partisanship is the absolute difference between ratings of the

Republican and Democratic parties.

Next, to show that motivated reasoning is a general phenomenon across domains, we look

at each topic separately by regressing on the interaction of topic dummies and news type.

Figure 1.3 shows that there is strong evidence to support politically-motivated reasoning
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on eight of the nine hypothesized topics. Each of these eight coefficients are statistically sig-

nificant from zero at the p = 0.001 level. I also analyze placebo tests that Pro-Rep subjects

support high answers for the neutral questions compared to Pro-Dem subjects, and find no ev-

idence supporting a difference in assessments by party. On the performance topic, the average

effect supports the hypothesis that people motivatedly reason towards believing they outper-

formed others.31

Figure 1.3: Motivated Reasoning Across Topics: Effect of Pro-Party News on Perceived Veracity by Topic

Notes: OLS regression coefficients, errors clustered at subject level. FE included for
round number and topic. Pro-Party (vs. Anti-Party) news is defined in Table 1.1.
Pro-Rep Greater is a placebo check to test whether Pro-Rep and Pro-Dem subjects
give different assessments on neutral topics. Error bars correspond to 95 percent
confidence intervals.

31Unlike on the politicized topics, this effect is entirely driven by men. See Section 1.6.2.
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Consistent with hypotheses, partisans engage in at least as much politically-motivated rea-

soning than moderates on each topic where motivated reasoning plays a role. Appendix Figure

A.3 interacts the topic-by-topic treatment effects from Figure 1.3 with a dummy for being par-

tisan and for being moderate. There is a consistent difference on politicized topics, but not on

neutral topics.

1.5.3 Changing Guesses and Polarization

Recall that half of subjects are randomly assigned to give a second guess to the initial ques-

tion after receiving news. While the predictions here are not as well-identified, motivated rea-

soning should play the same role. In particular, the related hypothesis is that subjects are

more likely to update in the Pro-Party direction than in the Anti-Party direction. This test

is useful as a robustness check, but also helps us better understand how these messages affect

subjects’ beliefs about these issues.

Table 1.3 shows that subjects are more likely to update in the direction of Pro-Party mes-

sages than they are from Anti-Party messages. As hypothesized, on politicized topics subjects

are also more likely to change their guesses in the direction of a polarizing message (one that

tells them that their guess is further away from the mean) than from an anti-polarizing mes-

sage.

Columns 4-6 of Table 1.3 show that discrepancies in both motivated reasoning and belief

polarization are largely explained by differences in news assessments. After controlling for

assessments, guess changes are not significantly affected by Pro-Party / Anti-Party messages,

nor are they significantly affected by polarizing messages. This indicates that belief changes

and news assessments are consistent with each other, validating the news assessment measure

of motivated reasoning. That is, how someone assesses the veracity of a news source is the

main determining predictor of how she directionally changes her beliefs.32

32It is worth noting that the converse is not true. For instance, after controlling for the direction
of guess changes, subjects give statistically significantly higher assessments to Pro-Party news than to
Anti-Party news.
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Table 1.3: Changing Guess to Follow Message Given News Direction

(1) (2) (3) (4) (5) (6)

Pro-Party News 0.122∗∗∗ 0.114∗∗∗ 0.018 0.024

(0.021) (0.021) (0.018) (0.018)

Polarizing News 0.061∗∗∗ 0.032∗ -0.017 -0.022

(0.019) (0.019) (0.016) (0.016)

P(True) 1.126∗∗∗ 1.139∗∗∗ 1.131∗∗∗

(0.062) (0.061) (0.063)

Question FE Yes Yes Yes Yes Yes Yes

Round FE Yes Yes Yes Yes Yes Yes

Subject FE Yes Yes Yes Yes Yes Yes

Observations 4085 4085 4085 4085 4085 4085

R2 0.28 0.28 0.28 0.45 0.45 0.45

Mean 0.659 0.659 0.659 0.659 0.659 0.659

Standard errors in parentheses
∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01

Notes: OLS, errors clustered at subject level. Only subjects from the Second-

Guess treatment. Only Pro-Party / Anti-Party news observations, as defined in

Table 1.1. Polarizing News is defined as news that tells subjects that, compared

to their initial guess, the answer is in the opposite direction from the population

mean. Dependent variable is 1 if subjects change their guess upwards when

the message says “Greater Than” or downwards when the message says “Less

Than,” -1 if they change their guess in the opposite direction, and 0 if they do

not change their guess.

More broadly, this gives a stark prediction about how people change their beliefs. Moti-

vated reasoning leads people to engage in belief polarization from uninformative messages.

This suggests that, in environments where signals serve to remind people of their motivated

beliefs, not only do people not need different news sources to polarize their beliefs, informa-

tional content is not a necessary condition either.
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1.5.4 Alternative Explanations and Robustness Checks

Misunderstanding “median” and skewed priors

It is reasonable to expect that subjects do not fully understand the concept of a median. For

instance, they may answer with their mean belief instead. This would not directionally impact

the news assessment results in a systematic direction, unless the prior distribution were no-

tably skewed. We can use where the initial guess µq lies in subjects’ confidence intervals as a

proxy for skewness, and see that the main results hold for subjects who have zero skewness.

When looking at the politicized questions, 32 percent of subjects’ guesses are exactly halfway

between their upper and lower bounds. In the appendix, Table A.1 uses the same within-

subject specification as the main regression but interacts Pro-Party news, Anti-Party news,

and True News with a dummy that equals 1 for such “unskewed” priors. The treatment effects

are essentially both qualitatively and quantitatively identical, indicating that skewness does

not directionally effect results.

The independence of news sources

The interpretation of P(True News) in the model and analysis assumes that subjects treat

news sources as being drawn from independent distributions. While subjects are explicitly

told to do this in the instructions, it is useful to show that they are not using previous pieces

of news to update about current pieces of news.

In Appendix Table A.2, I modify the main regression table to account for the relative num-

ber of Pro- and Anti-Party news in previous rounds. The effect of previous rounds’ Pro- and

Anti-Party news have precisely zero effect on current beliefs, and the main coefficients of inter-

est remain unchanged, suggesting that subjects indeed treat news sources as independent.

Misunderstanding “Fake News”

First, suppose that subjects believe that messages from Fake News are actually from “Random

News” and are equally likely to send correct and incorrect messages, instead of always sending
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incorrect messages. In this experiment, that would not affect any predictions about assess-

ments. A Bayesian would still have an ex-ante prior that Pro-Party and Anti-Party messages

are equally likely, and would not infer anything about P(True News) given either message. A

motivated reasoner who is motivated to believe that the answer is large would still infer that

P(True | Pro-Party) > P(True | Anti-Party).

A more complicated situation involves subjects believing that messages from Fake News are

actually from a news source that is biased against their party. That is, suppose that subjects

believe that Fake News was politically asymmetric, and is more likely to report Anti-Party

news given Pro-Party truth than Pro-Party news given Anti-Party truth.

To test this, we can again look at how subjects change their guesses in Table 1.3. In par-

ticular, suppose that subjects were Bayesian but had this asymmetrically wrong definition of

Fake News. Then, they would find Pro-Party “Fake News” messages to be more informative

than Anti-Party “Fake News” messages, since “Fake News” is expected to usually send the

Anti-Party message. (The quotes here indicate that these subjects are using the wrong defi-

nition of Fake News.) So, such subjects would update more from Pro-Party than Anti-Party

news, conditional on their assessment of P(True News).

In Table 1.3, we see that subjects are similarly likely to update from Pro-Party and Anti-

Party news after controlling for their assessments. While the data are too imprecise to rule

out that there may exist subjects who treat Fake News as biased, this explanation is insuffi-

cient to drive results.

Incorrect initial guesses

While it can sometimes be in subjects’ best interests to strategically misreport their median in

order to earn more points on news assessment questions, I find no evidence of this.

In Round 1 of the experiment, subjects do not yet know that they will be seeing a news

assessment page. If subjects were strategically mis-guessing to earn more assessment points,

they would perform worse in Round 1 than subsequent rounds on assessments and better in

Round 1 than subsequent rounds on guesses.
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There are no significant differences in assessment scores in Round 1. Subjects score 67.2

points (s.e. 0.9) in Round 1 and 66.4 points (s.e. 0.3) in Rounds 2-12;33 the difference is 0.8

points (s.e. 1.0) and insignificant (p = 0.383). The null result remains when using within-

subject tests, controlling for topic, and controlling for linear round trends.

There are also no significant differences in guess scores in Round 1. Subjects score 76.2

points (s.e. 1.0) in Round 1 and 75.9 points (s.e. 0.2) in Rounds 2-12; the difference is 0.3

points (s.e. 1.0) and insignificant (p = 0.758). Within-subject tests, controlling for topic, and

controlling for linear round trends do not change the null result.

Non-strategic forms of incorrect initial guesses are more complicated to rule out. If there is

symmetric noise such that the probability that a subject is equally likely to state her Q quan-

tile and her 1 −Q quantile for Q ̸= 1/2, then the main results do not change. Results are also

not consistent with subjects biasing their initial guesses towards the population mean. While

this behavior can explain why subjects trust error-reinforcing news more than error-mitigating

news on politicized and performance topics (and why they trust Pro-Party news more than

Anti-Party news), it incorrectly predicts the same pattern on neutral topics. The one form

of misreporting that can be consistent with both Bayesian updating and results from the ex-

periment involves subjects systematically misreporting medians in a way that is biased in the

opposite direction from their party.

In theory, one potential reason for an Anti-Party-biased first guess is that subjects do not

sufficiently think about the question; and, given more time, they update towards their true

(more Pro-Party) belief. A version of this explanation in which purely time spent affects the

extremity of beliefs seems unlikely to explain these results, as the main treatment effect does

not noticeably affect time spent on the question page.34 An alternative version in which seeing

the second screen causes subjects to think harder about the original question, and thinking

harder leads to more Pro-Party beliefs, is more plausible. The psychology behind this expla-
33I exclude scoring on Rounds 13-14 since the questions are not randomly assigned in those rounds;

the result is identical if they are included. I also exclude scoring on comprehension check questions.
34The mean time spent on the assessment page with Pro-Party news is 14.6 seconds (s.e. 0.3 sec-

onds), and the mean time spent on the assessment page with Anti-Party news is 14.8 seconds (s.e. 0.3
seconds).
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nation is very similar to this theory of motivated reasoning, as the second page evokes the

motive, and further work could better elucidate the contours of what qualifies as a signal for

motivated reasoning.

Expressive preferences

Bursztyn et al. (2019) provides recent evidence showing that people in an experiment may

forgo payment in order to make political statements. In this experiment, if subjects have a

preference for stating Pro-Party signals, then both their initial guesses and their news assess-

ments will be biased in the Pro-Party direction, consistent with the data. However, if they are

Bayesian, how they change their guesses will not be directional, since they have already stated

their preferred belief.

Recall that in Table 1.3, subjects are more likely to update their guesses in the Pro-Party

direction than in the Anti-Party direction, even though they are equally likely to receive Pro-

Party and Anti-Party messages. This is consistent with subjects genuinely trusting the Pro-

Party messages more; it is not consistent with Bayesian updating and expressive preferences.

Motivated reasoning by treatment and round

It is possible to construct alternative hypotheses in which some treatments lead to more bi-

ased updating processes than others. For instance, perhaps the subjects who were not told in

the instructions that P(True News) = 1/2 behave differently than those who are told this, and

the latter group does not motivatedly reason because of this prior. Or perhaps the subjects

who are told to give a second guess to the initial question are reminded of their initial median

more and this leads to a correction of motivated reasoning.

In the Online Appendix, I restrict the regressions from Table 1.2 to subjects in the willingness-

to-pay treatment, the second-guess treatment, the received-prior treatment, and the did-not-

receive-prior treatment. Estimates naturally become noisier, but the direction of every esti-

mate is identical. There is no evidence that any treatment significantly affected the observed

magnitude of motivated reasoning.
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It is also possible that subjects learn over the course of the experiment that they motivat-

edly reason and debias themselves. I find no evidence for this. In the Online Appendix, I in-

teract the main effect with dummies for each round number; in every single round, subjects

give larger assessments to Pro-Party news than Anti-Party news. I also restrict Table 1.2 to

Rounds 1-6 and Rounds 7-12, and effects are in the same direction.

1.5.5 Motivated Reasoning and Initial Beliefs

The previous results have shown that subjects differentially update their beliefs about the

veracity of news sources based on the direction of messages received, and that an observer can

infer something more about people’s motives from their erroneous beliefs.

This subsection discusses two consequences of motivated reasoning that are manifested in

beliefs about the questions themselves: polarization and overprecision. First, I show that vari-

ation in this experiment’s measure of motivated beliefs can explain a sizable fraction of varia-

tion in actual beliefs about these questions.

I look at the relationship between motives and beliefs by correlating the normalized answers

to politicized questions with the normalized differences in assessments between Pro-Rep and

Pro-Dem news. For each politicized question, subjects’ initial guesses are winsorized (at the

5-percent level), normalized, and signed; positive numbers correspond to more Pro-Rep. Next,

for each subject, these normalized guesses are averaged (and re-normalized) to give a measure

of how Pro-Rep her beliefs are. I correlate this value with the normalized average difference

between Pro-Rep news assessments and Pro-Dem news assessments.35

Variation in news assessments explain 13 percent of the variation in beliefs. By comparison,

non-political demographics collected in this experiment — age, gender, race, education, logged

income, whether one is religious, whether one is from a state that voted for Trump or Clinton

in 2016 — explain 7 percent of the variance in beliefs.36

35There are five subjects who, by chance, do not receive one of the two news types. I drop these
subjects, but the estimate is exactly the same if they are instead set to zero.

36These are unadjusted R2 values. Adjusted R2 is 13 percent for news assessments and 6 percent for
demographics.
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In support of Hypothesis 4, there is evidence that subjects are overprecise in their initial be-

liefs about questions that evoke motivated beliefs, but no evidence for overprecision on neutral

questions. On politicized topics, subjects’ confidence intervals contain the correct answer 46.6

percent of the time (s.e. 0.6 percent); this is statistically significantly different from 50 percent

(p < 0.001). Overprecision on these topics is primarily driven by partisans, whose intervals

contain the correct answer 44.2 percent of the time (s.e. 0.9 percent). Moderates’ intervals

contain the correct answer 48.8 percent of the time (s.e. 0.8 percent). Partisans’ level of over-

precision is statistically significantly larger than moderates’ (p < 0.001). On the performance

question, subjects’ confidence intervals contain the correct answer 42.0 percent of the time (s.e.

1.6 percent), which is also statistically significantly different from 50 percent (p < 0.001).

This evidence for overprecision cannot be explained by a more universal bias towards overly

narrow confidence intervals. On the neutral topics, subjects are actually somewhat underpre-

cise. A natural test looks at subjects’ confidence intervals for the “Random Number” question,

which asks them to guess what a random number drawn from 0 to 100 will equal. On this

question, subjects’ intervals contain the correct answer 54.6 percent of the time, which is sta-

tistically significantly larger than 50 (p = 0.004).37

1.5.6 Motivated Reasoning, Underperformance, and Overconfidence

Next, we consider implications discussed in Hypothesis 5: underperformance and overconfi-

dence. On news assessment questions, subjects typically score worse than if they had ignored

the message entirely. This is primarily explained by two factors:

1. Noisy updating lowers performance. Subjects score worse on neutral topic news

assessments than if they had always guessed their prior P(True).

2. Motivated beliefs lower performance. Subjects score worse on news assessments

about politicized topics than about neutral topics. This is a logical consequence of Hy-
37Similarly, the average interval subjects have is 56.4, while a correctly-calibrated subject would

have an interval of 50. On the two other neutral questions, subjects exhibit moderate underprecision as
well.
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pothesis 2, since subjects are more likely to believe Fake News than True News on politi-

cized topics compared to neutral topics.

If subjects had always answered P(True) = 1/2 on news assessment questions, they would

score 75 points. Yet, on average, subjects score lower than 75 points on every question. Ta-

ble 1.4 shows that scores are especially lower for politicized topics compared to neutral topics.

The lower-than-75 scores on neutral topics can be explained by subjects updating with

noise.38 The further gap between neutral and politicized topics can be explained by motivated

reasoning. The difference in subjects’ news assessment scores between politicized and neutral

topics increases in subjects’ partisanship.

In fact, partisanship can explain nearly the entirety of subjects’ scoring gap between politi-

cized and neutral questions. In Table 1.4, column 1 shows that scores are lower for politicized

topics than neutral topics, column 2 shows that the gap between neutral and political assess-

ment scores increases in partisanship and column 3 shows that this is due to decreasing politi-

cal scores more than increasing neutral scores.
38An alternative explanation is that prior beliefs about P(True) may be substantially different from

1/2 for some subjects. However, even subjects whose average assessment is exactly 1/2 score signifi-
cantly lower than 75 points on both partisan and neutral questions.
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Table 1.4: Effects of Topic and Partisanship on News Assessment
Scores

(1) (2) (3)

Politicized Topic -4.14∗∗∗ -1.92∗ -1.92∗

(0.62) (1.08) (1.03)

Partisanship x Politicized Topic -5.09∗∗ -3.58∗∗∗

(1.98) (1.14)

Partisanship x Neutral Topic 1.53

(1.62)

Round FE Yes Yes Yes

Subject FE Yes Yes No

Observations 11612 11612 11612

R2 0.12 0.12 0.01

Mean 69.47 69.47 69.47

Standard errors in parentheses
∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01

Notes: OLS, errors clustered at subject level. Party-

indifferent subjects included. News assessment scores range

from 0 to 100; subjects can guarantee a score of 75 by saying

that the source is equally likely to be True News or Fake

News. Partisanship is the absolute difference between sub-

jects’ ratings of the Republican and Democratic parties.

Politicized topics and neutral topics as defined in Table

1.1. Subject controls are party preference, age, race, gender,

log(income), education, religion, and whether state voted for

Trump or Clinton in 2016.

Similarly, subjects’ average scores across all pages are negatively correlated with their parti-

sanship. These scores are hard to interpret on their own, but they are compared to 100 pilot

participants to establish a Relative Performance percentile.39 On the relative performance
39These overall scores are an average of scores on assessments, guesses, bounds, and either second

47



question, subjects are asked to predict how many of these 100 they outscored. Hypothesis 5

posits that more partisan subjects will have lower Performance scores and be more overconfi-

dent in how they scored relative to others.

Table 1.5 gives evidence for both parts of this hypothesis. Expected performance signifi-

cantly increases in partisanship. Points scored significantly decrease in partisanship, though

the Relative Performance percentile is a noisy estimate of this, so this measure is only signifi-

cant at the 10% level. There does not appear to be substantial overconfidence overall; subjects

on average expect to perform at the median. But, partisans on score worse than the median

and expect to score better than the median on average.

guesses or the willingness-to-pay round. They are calculated after round 12.
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Table 1.5: Performance and Expected Performance by Partisanship

News Pts Performance Expectation

(1) (2) (3) (4) (5) (6)

Partisanship -3.58∗∗∗ -3.53∗∗∗ -4.74∗ -4.89∗ 6.13∗∗∗ 8.19∗∗∗

(1.13) (1.15) (2.60) (2.68) (2.18) (2.16)

Male -0.81 3.65∗∗ 11.98∗∗∗

(0.71) (1.70) (1.31)

Subject controls No Yes No Yes No Yes

Observations 8696 8696 987 987 987 987

R2 0.00 0.00 0.00 0.04 0.01 0.13

Mean 69.01 69.01 47.64 47.64 50.36 50.36

Standard errors in parentheses

∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01

Notes: OLS. Party-indifferent subjects included. A subject’s News Pts is her points

scored on news questions on politicized topics. A subject’s Performance is equal to

how many pilot subjects (out of 100) she outscored. Calculations are made after

round 12 of the experiment. A subject’s Expectation is equal to her median belief of

how many pilot subjects (out of 100) she outscored. Partisanship is the absolute dif-

ference between subjects’ ratings of the Republican and Democratic parties. Subject

controls are party preference, age, race, gender, log(income), education, religion, and

whether state voted for Trump or Clinton in 2016.

1.5.7 Discussion

These results strongly support the hypothesis of motivated reasoning with politically-motivated

beliefs compared to Bayesian updating. Subjects significantly over-trust Pro-Party news and

Fake News in an environment with uninformative signals, real monetary stakes, and little
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room for self-deception. This bias leads to other errors and biases such as underperformance,

overconfidence, and overprecision.

Motivated reasoning may explain one form of prior-confirming bias, one in which people

update further in the direction of their prior than a Bayesian would. Evidence supporting

this prior-confirming bias would show a positive correlation between over-updating and prior

beliefs. Motivated reasoning suggests that prior beliefs are often reflective of motivated beliefs,

and that detection of prior-confirming biases may in fact be detecting motivated reasoning.

The results in Section 1.5.3 also relate to the effect of motivated reasoning on political po-

larization. Not only do subjects polarize in beliefs about the veracity of news, they polarize in

their beliefs about the questions themselves, despite receiving uninformative news. Gentzkow

and Shapiro (2011) find only modest differences in the media that liberals and conservatives

consume, and motivated reasoning can help explain why people polarize even if they consume

similar media outlets.

Results also suggest that motivated beliefs are even further apart than current beliefs, and

that people have not yet reached their highest-motive beliefs. The reason for this is that the

amount of distortion in updating is constrained by the actual informational content of signals.

Motivated reasoners who receive precise signals would in fact become less polarized.

Methodologically, news assessments seem to be a more precise measure of motivated rea-

soning than changing guesses. With a continuous state, there is much heterogeneity in how

Bayesian subjects would update their beliefs from information, so the null hypothesis is harder

to reject and the magnitude of bias is hard to compare across domains. By using this experi-

mental paradigm, subjects’ priors are standardized, heterogeneity across issues and subjects is

testable, and the Bayesian null is more easily falsifiable.
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1.6 Demographic Heterogeneity

1.6.1 Heterogeneity in Motivated Reasoning

There are two types of heterogeneity to consider: heterogeneity in the direction of motivated

reasoning, and heterogeneity in its magnitude. The main finding of this section is that mo-

tivated reasoning on the politicized topics does not noticeably depend on any non-political

demographics, and that we can rule out even moderately large effects.

First, we consider the direction of heterogeneity. To do this, Table 1.6 runs a horse race

regression that regresses news assessments on the interaction of the political direction of the

news (Pro-Rep vs. Pro-Dem) and observable demographics. Non-political demographics in

this study are race, gender, income, age, education, whether the subject’s state voted for

Trump or Clinton in 2016, and religious affiliation. Controlling for party preference, none of

the other demographics have any significant effect on the direction of motivated reasoning.
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Table 1.6: Heterogeneity in the Partisan Direction of Motivated Reasoning: Horse Race Regression

(1) (2) (3) (4) (5) (6) (7) (8) (9)

Rep News x Pro-Rep 0.13∗∗∗ 0.12∗∗∗

(0.01) (0.01)

Rep News x (Age>32) 0.00 -0.01

(0.01) (0.01)

Rep News x Male 0.00 0.00

(0.01) (0.01)

Rep News x White 0.03∗ 0.02

(0.02) (0.02)

Rep News x College 0.01 0.02

(0.01) (0.01)

Rep News x (Inc>50K) -0.01 -0.02

(0.01) (0.01)

Rep News x Red State 0.02∗ 0.01

(0.01) (0.01)

Rep News x Religious 0.05∗∗∗ 0.02

(0.01) (0.01)

Rep News Yes Yes Yes Yes Yes Yes Yes Yes Yes

Question FE Yes Yes Yes Yes Yes Yes Yes Yes Yes

Round FE Yes Yes Yes Yes Yes Yes Yes Yes Yes

Observations 7902 7902 7902 7902 7902 7902 7902 7902 7902

R2 0.26 0.25 0.25 0.25 0.25 0.25 0.25 0.25 0.26

Mean 0.57 0.57 0.57 0.57 0.57 0.57 0.57 0.57 0.57

Standard errors in parentheses
∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01

Notes: OLS regression coefficients, errors clustered at subject level. FE included for round number and

topic. Only Pro-Party / Anti-Party news observations, as defined in Table 1.1. Pro-Rep: higher rating for

Republican than Democratic Party. Red State: coted for Trump in 2016. Religious: subject affiliates with

any religion.

Not only are other demographics not statistically significantly different from zero, they are

all statistically significantly different from +/- 0.05. This does not seem to be an artifact of

aggregating across questions; even on questions about particular demographics (e.g. gender

and math ability; racial discrimination), there are not statistically significant demographic

effects.
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Next, we consider the magnitude of motivated reasoning, acknowledging that this design

does not enable us to disentangle magnitude of bias and strength of motive. Table 1.7 runs

another horse race regression, regressing the news assessments on the interaction of the moti-

vated direction of the news (Pro-Party / Pro-Performance vs. Anti-Party / Anti-Performance)

and observable demographics.

Table 1.7: Heterogeneity in the Magnitude of Motivated Reasoning: Horse Race Regression

(1) (2) (3) (4) (5) (6) (7) (8) (9)

Pro-Motive x Pro-R 0.06∗∗∗ 0.08∗∗∗

x Partisan (0.02) (0.03)

Pro-Motive x Pro-R -0.02 0.00

x Moderate (0.01) (0.03)

Pro-Motive x Pro-D 0.11∗∗∗ 0.12∗∗∗

x Moderate (0.01) (0.02)

Pro-Motive x Pro-D 0.13∗∗∗ 0.14∗∗∗

x Partisan (0.01) (0.02)

Pro-Motive x (Age>32) 0.00 0.01

(0.01) (0.01)

Pro-Motive x Male 0.00 0.01

(0.01) (0.01)

Pro-Motive x White -0.02 -0.01

(0.01) (0.01)

Pro-Motive x College 0.01 0.01

(0.01) (0.01)

Pro-Motive x (Inc>50K) -0.02∗∗ -0.02∗

(0.01) (0.01)

Pro-Motive x Red State -0.02∗ -0.01

(0.01) (0.01)

Pro-Motive x Religious -0.04∗∗∗ -0.01

(0.01) (0.01)

Pro-Motive News No Yes Yes Yes Yes Yes Yes Yes No

Question FE Yes Yes Yes Yes Yes Yes Yes Yes Yes

Round FE Yes Yes Yes Yes Yes Yes Yes Yes Yes

Observations 8793 8793 8793 8793 8793 8793 8793 8793 8793

R2 0.24 0.23 0.23 0.23 0.23 0.23 0.23 0.23 0.24

Mean 0.58 0.58 0.58 0.58 0.58 0.58 0.58 0.58 0.58

Standard errors in parentheses
∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01

Notes: OLS regression coefficients, errors clustered at subject level. FE for round number and topic. Only

observations relevant to motives as defined in Table 1.1. Pro-Motive indicates Pro-Party or Pro-Performance.

Pro-R: higher rating for Rep than Dem Party. Partisan: above median for abs(Rep rating - Dem rating). Red

State: state voted for Trump in 2016. Religious: subject affiliates with any religion.
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There is strong evidence that partisans of both parties motivatedly reason; the discrepancy

between partisans and moderates seems to be a difference in motive strength, not in the level

of bias. Interestingly, there is a notable difference between Pro-Rep and Pro-Dem moderates,

the former of which do not motivatedly reason in the predicted direction on average. This

party difference may be better explained by direction instead of magnitude of bias, as the sam-

ple is non-representative conditional on party. For instance, only 76 percent of Republicans in

this sample approved of President Trump’s performance; in a Gallup poll conducted contem-

poraneously (from June 25-July 1), 87 percent of Republicans approved of his performance

(Gallup 2018b).

As with the direction of motivated reasoning, non-political demographics do not notably

affect the magnitude of the bias; all effects are again between +/- 0.05 once party preference

is controlled for.

These results suggest that the degree of bias of motivated reasoning is somewhat consistent

across demographics, but that the direction of motivated beliefs are heterogeneous. In par-

ticular, the sign of the slope of the motive function about many of these issues is exactly the

opposite for Democrats and Republicans.

1.6.2 Gender, Performance-Motivated Reasoning, and Confidence

Section 1.6.1 showed that the direction of motivated reasoning was similar across non-party

demographics on politicized topics, but this is not the case for performance-motivated reason-

ing. Overall, men significantly motivatedly reason in the direction of believing they outper-

formed others, while women do not systematically motivatedly reason in either direction.

Figure 1.4 shows gender differences in the magnitude of the treatment effect by question.

On the performance topic, men give Pro-Performance news 11 percentage points higher as-

sessments than Anti-Party news (s.e. 2 percent) and women give Pro-Performance news 0.2

percentage points lower assessments than Anti-Performance news (s.e. 2 percent). But on the

politicized topics, men give Pro-Party news 9 percentage points higher assessments than Anti-

Party news (s.e. 0.9 percentage points), and women give Pro-Party news 10 percentage points
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higher assessments than Anti-Party news (s.e. 0.9 percentage points).

Figure 1.4: Gender Heterogeneity in Motivated Reasoning Across Topics: Effect of News Direction on Per-
ceived Veracity by Topic and Gender

Notes: OLS regression coefficients, errors clustered at subject level. FE included
for round number and topic, interacted with gender. Only subjects who identify as
male or female included. Only news observations that are relevant to motives as
defined in Table 1.1. Figure shows interaction between Pro-Party / Pro-Performance
news and male, controlling for Pro-Party / Pro-Performance news. Error bars corre-
spond to 95 percent confidence intervals.

Similar patterns emerge for overconfidence. Table 1.5 shows that men are more overcon-

fident than women. In fact, only men are overconfident. The magnitude of the overconfi-

dence discrepancy is especially stark when comparing expected performance by gender when

controlling for actual performance, as seen in Appendix Figure A.4. Except for the highest-
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performing women, women of all performance levels expect to score below the median, and

men of all performance levels expect to score above the median.

These results suggest that gender differences in confidence are related to gender differences

in motivated reasoning. In particular, there is a clear gender asymmetry in the magnitude of

both biases: women are not systematically biased about either performance-related motivated

reasoning nor confidence on average, while men are systematically biased about both in the

direction of believing they outperformed others.

1.7 Conclusion

Motivated reasoning plays a substantial role in people’s assessment of the veracity of news

and helps explain why people form inaccurate and polarized beliefs. This paper demonstrates

its importance across numerous varied topics with a novel experimental design, showing that

motivated reasoning is a unique phenomenon from Bayesian updating, prior- and likelihood-

misweighting biases, and utility-maximizing beliefs. Furthermore, these results have shown

how motivated reasoning leads to further belief polarization, overprecision, and an excess trust

in Fake News.

One interpretation of this paper is unambiguously bleak: people form polarized and biased

beliefs because of motivated reasoning, motivatedly reason even farther in the polarized direc-

tion in the experiment, and make particularly biased inferences on issues they find important.

However, there is another, complementary, interpretation of this paper: this experimental

design takes a step towards better identifying and understanding motivated reasoning, and

makes it easier for future work to attenuate the bias. Using this design, we can identify and

estimate the magnitude of the bias; future projects that use interventions to debias people can

use this estimated magnitude as a dependent variable. Since the bias often decreases utility,

people may have demand for such interventions.

A potential path to attenuate the bias involves understanding the determinants of suscepti-

bility. There is no evidence that susceptibility depends much on an individual’s characteristics;

however, it could depend on the signal structure. Intuitively, an agent who receives an arbi-
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trarily precise signal or a clearly irrelevant signal will likely have very low susceptibility, while

an agent who receives a hard-to-interpret signal will likely have higher susceptibility and devi-

ate more from Bayes’ rule. Future work can experimentally and empirically estimate this pa-

rameter in contexts with fixed motives but varying signal structures. And, if we can decrease

susceptibility, we can limit the bias in people’s updating process.

Many of these results also suggest further exploration of what motives actually represent.

This paper identifies a few specific parts of the motive function distribution, but extending

this design can identify the shape of the distribution and generate utility-like properties such

as concavity and risk motives. It also can provide insight on how motives and choices interact.

Finally, while one definition of motivated beliefs posits that they are beliefs that increase

utility, this paper provides no evidence that people are motivated to believe “good things”

about the world, and such an interpretation gives perverse implications about peoples’ prefer-

ences. What does it mean if Republicans are motivated to believe that more Americans were

murdered during Obama’s presidency? What does it mean if Democrats are motivated to be-

lieve that there is rampant racial discrimination in labor markets? These are controversial

questions, but they are ones that are crucial for understanding how people form beliefs in a

highly politicized society.
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2
The Limits of Motivated Reasoning When

Self Image Is Not at Stake

2.1 Introduction

There is a common intuition in economics that people find it more attractive to believe that

they are in a “good” state of the world than in a “bad” state of the world, and that this can

lead them to form beliefs that are directionally distorted in favor of good states. However,

tests of such over-optimism focus on states where self-image is at stake, such as about one’s

future prospects, one’s ability, one’s altruism, or one’s politics (e.g. Weinstein 1980; Mobius

et al. 2014; Eil and Rao 2011; Chapter 1).

This paper argues that motivated reasoning — the distortion of new information in the

direction of more attractive beliefs — is not solely about “good” and “bad” states. I run an

experiment to explore how people make inferences about states of the world that are good or
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Table 2.1: Topics and Hypothesized Motives in the Experiment

Topic Positive Motives Negative Motives

Infant mortality Low / Decreasing High / Increasing

Others’ reported happiness High / Increasing Low / Decreasing

Leukemia survival rate for children High / Increasing Low / Decreasing

Global poverty rate Low / Decreasing High /Increasing

Deaths in armed conflicts Low / Decreasing High / Increasing

Latitude of US Neutral Neutral
Table 2.2: The list of topics and positivity motives; the exact wording of each question is in Section B.2.

bad for others, and in which self-image does not play a role: positivity-motivated reasoning. I

find evidence that this form of positivity-motivated reasoning does not play much of a role in

inference.

In a large online experiment, I test whether people engage in positivity-motivated reasoning

on five topics: the survival rate of children with leukemia, global poverty rates, annual deaths

in armed conflict, others’ happiness levels, and infant mortality rates. The topics are in Ta-

ble 2.2 below.

To identify motivated reasoning, I conduct a large online experiment that builds off of the

design of Chapter 1. That paper found evidence of motivated reasoning in political and per-

formance domains. Forms of motivated reasoning have also been found in other self-image do-

mains such as about one’s altruism (Exley 2015; Di Tella et al. (2015)), intelligence (Mobius

et al. 2014; Eil and Rao 2011), financial earnings (Mayraz 2013), and attractiveness (Eil and

Rao 2011). Related theories often focus on image-relevant settings or treat motivated beliefs

as a form of utility (e.g. Kunda 1990; Benabou and Tirole 2002; Brunnermeier and Parker

2005).

The main result in this paper is that – across several settings in which self-image is not

relevant – there is no evidence for positivity- or negativity-motivated reasoning. I show that,
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aggregating across these questions, even modest effects can be ruled out. In fact, by compar-

ing the magnitude of positivity-motivated reasoning to results in Chapter 1, we can rule out

an effect of positivity or negativity that is half as large as politically-driven or performance-

driven motivated reasoning. This evidence shows that positivity, by itself, is insufficient for

motivated reasoning.

The second result is that there is no evidence that subjects’ current beliefs are reflective of

past positivity-motivated reasoning. That is, subjects whose beliefs are overly positive are no

more likely to engage in positivity-motivated reasoning in this experiment. This suggests that

there is limited heterogeneity in subjects’ positivity-motivated reasoning. Relatedly, there are

not substantial differences in motivated reasoning by demographic factors like gender, educa-

tion, or income.

The third result is that people do not expect to see evidence for positivity-motivated rea-

soning, but do expect positivity to affect happiness. In a separate survey, I ask participants

what they expect the direction of motivated reasoning to be about positivity, politics, and

own performance. While the majority of participants expect others to engage in pro-party

and pro-performance motivated reasoning, they are similarly likely to expect to see positivity-

motivated reasoning, negativity-motivated reasoning, or no notable difference. Yet a clear ma-

jority of participants expect positive news to make people happier.

Taken together, these results are consistent with the notion that motivated reasoning is

not only driven by belief-based utility. Subjects may attain higher utility by learning that the

world is good for other people, and yet not systematically distort their inference process in

favor of these beliefs. That is, the beliefs that people find more attractive do not necessarily

make them happier. Rather, it may be limited to belief-based utility that relates to one’s self-

image.

The rest of the paper proceeds as follows: Section 2.2 discusses the main theory and exper-

imental design that identifies motivated reasoning, adapted from Chapter 1. Section 2.3 dis-

cusses the data. Section 2.4 presents the main experimental results. Section 2.5 discusses in-

terpretations of the main experiment and presents survey evidence about what people expect
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about others’ behavior and utility. Section 2.6 concludes and proposes directions for future

work. The appendices provide a table that is omitted from the main text, and list the exact

questions and pages that subjects see.

2.2 Theory and Experimental Design

2.2.1 Theory and Predictions

The theory of motivated reasoning follows Chapter 1. Further details are in that paper. When

a motivated-reasoning agent infers about the probability that an event is true (T ) or false

(¬T ), with prior P(T ), the agent forms his posterior by incorporating prior, likelihood, and

a motivated beliefs term:

P(T |x)︸ ︷︷ ︸
posterior

∝ P(T )︸ ︷︷ ︸
prior

· P(x|T )︸ ︷︷ ︸
likelihood

· M(T )φ(x)︸ ︷︷ ︸
mot. reasoning

,

We take log odds ratios to attain the additive form:

logit P(T |x) = logit P(T ) + log

(
P(x|T )
P(x|¬T )

)
+ φ(x)(m(T )−m(¬T )). (2.1)

The motivated reasoner acts as if he receives both the actual signal (x) and a signal whose

relative likelihood corresponds to how much he is motivated to believe the state is T . m(T ) :

{T,¬T} → R is denoted the motive function. The weight put on this signal is φ(x) ≥ 0,

called susceptibility. When φ(x) = 0, the agent is Bayesian; when φ(x) > 0, the agent

motivatedly reasons.

This paper will assume φ(x) > 0 for the particular information structure in the experi-

ment below, and back out m(T ) − m(¬T ) from the inference process. We will be interested

in the psychology of the motive function. In this paper, either T will correspond to positivity

(the world being a better place) and ¬T to negativity (the world being a worse place), or vice

versa.

The experiment provides people with not-obviously-uninformative signals about the verac-
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ity of news sources. To fix ideas, consider the following question, taken verbatim from the

experiment:

Acute Myeloid Leukemia (AML) is a devastating illness in which cancerous cells emerge in

the bone marrow, invade the blood stream, and may spread to the rest of the body. Tragically,

hundreds to thousands of children under the age of 15 are diagnosed with AML each year; it is

one of the most common cancers among children.

Of children under the age of 15 who are diagnosed with AML, what percent survive for at

least 5 years?

This is a question for which higher-valued states are more positive. The main test of moti-

vated reasoning then involves three steps:

1. Beliefs: Subjects are asked to guess the answers to questions like the one above. Impor-

tantly, they are asked and incentivized to guess their median belief (i.e. such that they

find it equally likely for the answer to be above or below their guess).

2. News: Subjects receive a binary message from one of two randomly-chosen news sources:

True News and Fake News. The message from True News is always correct, and the

message from Fake News is always incorrect. This is the main (within-subject) treat-

ment variation.

The message says either “The answer is greater than your previous guess of [pre-

vious guess].” or “The answer is less than your previous guess of [previous guess].”

Note that the exact messages are different for each subject since subjects have different

guesses. These customized messages are designed so that they have the same subjective

likelihood of occurring.

For the cancer question above, “greater than” corresponds to Positive news and

“less than” to Negative news.

3. Assessment: After receiving the message, subjects assess the probability that the mes-

sage came from True News using a scale from 0/10 to 10/10, and are incentivized to
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state their true belief. This news veracity assessment is the main outcome measure. The

effect of variation in news direction on veracity assessments is the primary focus for

much of this paper.

More formally, consider an agent with prior F (θ) about a state in Θ. Denote by µ ≡ F−1(1/2)

the median of F (θ). For simplicity, we assume that F has no atom at µ and that P(µ = θ) =

0. That is, the agent believes that the answer has probability zero of being exactly equal to µ,

and the true probability is indeed zero.1

The agent receives a source that is either from True News (T ) or Fake News (¬T ). Both

report one of two binary messages G or L: “The answer θ is greater than your median µ” or

“The answer θ is less than your median µ.” Prior beliefs P (T ) are fixed, and log
(

P(G|T )
P(G|¬T )

)
=

log
(

P(L|T )
P(L|¬T )

)
= 0 by definition of a median.

θ > µ θ < µ

True News sends G L

Fake News sends L G

The agent has a prior about the news source p ≡ P(T ) that does not depend on θ, and

infers about P(T ) given the message received.

We can now look at how a motivated reasoner updates his beliefs about the news source

after receiving G:

logit P (T |G) = logit P(T ) + log

(
P(G|T )
P(G|¬T )

)
+ φ (m(θ|θ > µ)−m(θ|θ < µ))

= logit p+ φ (m(θ|θ > µ)−m(θ|θ < µ)) .

Therefore, if m is strictly monotonically increasing in θ, then P (T |G) > P (T |L), and if

m is strictly monotonically decreasing in θ, then P (T |G) < P (T |L). By contraposition, if

P (T |G) = P (T |L), then m is neither strictly monotonically increasing nor decreasing in θ.
1In this experiment, zero answers are correct, so the assumption appears reasonable.
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Additionally, if m is monotonic in θ for all agents but there is heterogeneity in its slope,

then the average slope may be zero because some agents have upward-sloping motives (“pos-

itivity motives”) and some agents have downward-sloping motives (“negativity motives”). In

this case, if agents have received information drawn from the same distribution in the past,

then their current beliefs will reflect their motives. A positivity-motivated reasoner will be

more likely to hold a belief that µ > θ, and a negativity-motivated reasoner with a decreasing

motive function will be more likely to hold a belief that µ < θ. This implies that an agent

who believes µ > θ is more likely to believe that P (T |G) > P (T |L) in the experiment, and an

agent who believes µ < θ is more likely to believe that P (T |G) < P (T |L) in the experiment.

That is, if motive direction is heterogeneous, subjects will trust Fake News more than True

News. For further details, see Chapter 1. By contraposition, if subjects trust Fake News and

True News equally, then there is no evidence for heterogeneity in positivity- versus negativity-

motivated reasoning.

2.2.2 Experimental Details

The experiment follows the structure and incentive scheme of Chapter 1, which contains fur-

ther details. Screenshots of a version of each page in the experiment, including instructions

and scoring rules, can be found in Section B.3.

Subjects first see an Introduction page for consent, then a Demographics page, and then

the instructions and point system for Question pages. On each Question page, subjects are

asked and incentivized to give a median guess, a lower bound (equal to their 25th-percentile

belief), and an upper bound (equal to their 75th-percentile belief). The median is incentivized

using a linear scoring rule, and the bounds using piecewise-linear scoring rules. For details, see

Section B.3.

Next, subjects see the instructions and point system for News pages. On each News page,

subjects see the message that says whether the answer is greater than or less than their previ-

ous median guess, and are asked and incentivized to assess the probability that the message

comes from True News versus Fake News using a quadratic loss scoring rule. Subjects are told
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that the ex ante probability of True News is 1/2. They are also asked to give an updated me-

dian guess after seeing the message, and are again incentivized with a linear scoring rule. For

details, see Section B.3.

Subjects see News pages after their corresponding Question page, in the order: Question 1,

News 1, Question 2, News 2, .... At the end of the experiment, they see a Results page with

details on all the correct answers, points scored, and money earned.

At the end of the experiment, subjects’ points earned on each part of the experiment are

averaged. Subjects are paid a $3 show-up fee and have a probability of winning a $10 bonus

equal to their average score divided by 1000. This probabilistic bonus is designed to eliminate

potential hedging and risk-aversion confounds.

2.3 Data

The experiment was conducted on Amazon’s Mechanical Turk (MTurk) platform. MTurk

is an online labor marketplace in which participants choose “Human Intelligence Tasks” to

complete. MTurk has become a very popular way to run economic experiments (e.g. Hor-

ton, Rand, and Zeckhauser 2011; Kuziemko et al. 2015), and Levay, Freese, and Druckman

(2016) find that participants generally tend to have more diverse demographics than students

in university laboratories on dimensions like age and politics. The experiment was coded using

oTree, an open-source software based on the Django web application framework developed by

D. Chen, Schonger, and Wickens (2016).

Wave 1 was conducted on July 8-9, 2019, and asked about the leukemia survival rates ques-

tion. Wave 1 additionally included political and performance questions that were part of a

separate experiment. Wave 2 was conducted on October 1-2, 2019, and asked about the other

four questions. Both waves were offered to MTurk workers currently living in the United

States who had not previously taken one of my motivated reasoning experiments. 522 par-

ticipants from Wave 1 and 508 participants from Wave 2 passed simple attention and compre-

hension checks.2 Wave 1 also included politicized questions and tested a debiasing treatment
2In order to pass these checks, subjects needed to perfectly answer the comprehension check ques-
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that is unrelated to this paper; only participants in the control group are included here, and

only observations on the positivity questions are kept.

Subjects in Wave 1 answer one question about positivity; subjects in Wave 2 answer four

questions about positivity and one neutral question. There are a total of 3,062 guesses to

these questions. Zero guesses were exactly correct.3 There are therefore a total of 3,062 news

assessments. 2,554 assessments are Positive or Negative, and 508 assessments are on the neu-

tral topic.

The balance table for the Positive / Negative treatment is in Section B.1.1. Since this ran-

domization is within subject, treatments are expected to be balanced across demographics.

The overall shares of Positive and Negative are not statistically significantly different, indicat-

ing that there is not substantially different attrition.

2.4 Results

2.4.1 Raw Data

This subsection shows that the raw data does not support positivity- or negativity-motivated

reasoning, and the following subsection shows the relevant regressions.

The mean assessment of Positive news is 57.7 percent (s.e. 0.7 percent) and the mean as-

sessment of Negative news is 58.5 percent (s.e. 0.8 percent).4 The difference between these

is -0.7 percentage points; this point estimate is statistically insignificantly different from zero

(p = 0.457).

Figure 2.1 shows the empirical distributions of assessments for Positive and Negative news,

which substantially overlap.

Likewise, there is no evidence that current beliefs are reflective of motivated beliefs on these

questions. The mean assessment of Error-Accentuating news is 58.0 percent (s.e. 0.7 percent)

tion in Section B.2 (by giving a correct answer, correct bounds, and answering the news assessment
with certainty). In addition, many questions had clear maximum and minimum possible answers (such
as percentages, between 0 and 100). Subjects were dropped if any of their answers did not lie within
these bounds.

3This suggests, reassuringly, that subjects did not look up the correct answers.
4All standard errors are clustered at the individual level.
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and the mean assessment of Error-Mitigating news is 58.2 percent (s.e. 0.8 percent). The dif-

ference between these is -0.3 percentage points; this point estimate is statistically insignifi-

cantly different from zero (p = 0.800).

Figure 2.2 shows the empirical distributions of assessments for True News and Fake News,

which substantially overlap.

2.4.2 Main Specifications

Due to subjects in the two waves seeing different questions, the main specification is between

subjects. In particular, subjects in Wave 1 only see one positivity-related question, so the

within-subject test essentially ignores this sample.

In particular, the main specification for positivity-motivated reasoning is in Table 2.3, col-

umn 1. The regression looks at assessments a for subject i, question topic q, and round r with

fixed effects for q and r when all news is Positive or Negative:

aiqr = α+ β · 1(Pro-Party)iqr + γzi + δFEq + ζFEr + ϵiqr

zi is a vector of controls. The controls used are age, an indicator for political party, an indi-

cator for race, an indicator for gender, log(income), years of education, and an indicator for

whether the subject is part of a religious group.

Column 2 uses the within-subject design; the standard error is larger, but the coefficient

does not substantially change. In order to test whether there are differences compared to Neu-

tral news, column 3 includes indicators for both Positive (versus Neutral) news and Negative

(versus Neutral) news.

Columns 4 and 5 regress assessments on an indicator for True News (as opposed to Fake

News), with and without controls for positivity. Recall from Section 2.2 that this measures

whether directional errors in current beliefs are partly explained by past motivated reasoning

on these topics, and therefore whether we should expect much heterogeneity in motive direc-

tion.
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Figure 2.1: Histogram of Perceived Veracity of Positive and Negative News

Figure 2.2: Histogram of Perceived Veracity of True and Fake News About Positivity

Notes: Only Positive / Negative news observations, as defined in Table 2.1. Messages are cus-
tomized so that Bayesians give the same assessment for Positive and Negative news.
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Table 2.3: The Effect of News Direction and Actual Veracity on
Perceived Veracity

(1) (2) (3) (4) (5)

Positive News -0.005 -0.017 0.007 -0.005

(0.010) (0.016) (0.016) (0.010)

Negative News 0.012

(0.016)

True News -0.002 0.000

(0.010) (0.011)

Neutral News No No Yes No No

Question FE Yes Yes Yes Yes Yes

Round FE Yes Yes Yes Yes Yes

Subject controls Yes No Yes Yes Yes

Subject FE No Yes No No No

Observations 2554 2554 3062 2554 2554

R2 0.03 0.49 0.03 0.03 0.03

Mean 0.581 0.581 0.577 0.581 0.581

Standard errors in parentheses
∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01

Notes: OLS, errors clustered at subject level. Neutral News

indicates that Positive / Negative news assessments are com-

pared to assessments on Neutral topics. These classifications

are defined in Table 2.1. Controls: age, political party, race,

gender, log(income), years of education, and member of reli-

gious group.

Every single coefficient in Table 2.3 is insignificant and each point estimate is within 2 pp

of zero. Modest effect sizes can be ruled out at the 95-percent significance level. There is no

evidence for aggregate-level positivity-motivated reasoning or negativity-motivated reasoning.

There is no evidence that subjects infer differently on positivity-related topics compared to

the neutral topic. There is no evidence that subjects have formed erroneous beliefs in the di-
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rection of their motivated reasoning.

An alternative measure of motivated reasoning, which looks at subjects update their be-

liefs about the original question, generates the same prediction. After seeing the message, sub-

jects’ updated median belief is elicited. 38 percent of the time, subjects update in the positive

direction (s.e. 1 percent). 38 percent of the time, subjects update in the negative direction

(s.e. 1 percent). 24 percent of the time, subjects stay with their original guess (s.e. 1 percent).

Clearly, there is no systematic updating in the positive or negative direction.

2.4.3 Heterogeneity

The results above show that there is no aggregate evidence for positivity- or negativity-motivated

reasoning. This may be because nobody engages in motivated reasoning or because there is

some heterogeneity with mean zero. This section discusses two forms of heterogeneity: hetero-

geneity across people, and heterogeneity across questions.

As shown in columns 4 and 5 of Table 2.3, there is no evidence that subjects have formed

their current beliefs on these topics because of past motivated reasoning. This suggests that

the degree of heterogeneity across people is not likely to be large. In support of this, Table 2.4

shows that treatment effects are not especially heterogeneous across demographic groups in

systematic ways.
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Table 2.4: Heterogeneity in Positivity-Motivated Reasoning: Horse Race Regression

(1) (2) (3) (4) (5) (6) (7) (8)

Pos News x Male 0.03 0.02

(0.02) (0.02)

Pos News x (Age>32) -0.04∗ -0.03∗

(0.02) (0.02)

Pos News x White -0.01 -0.01

(0.02) (0.02)

Pos News x College -0.02 -0.01

(0.02) (0.02)

Pos News x (Inc>50K) -0.01 -0.01

(0.02) (0.02)

Pos News x Democrat -0.03 -0.03

(0.02) (0.02)

Pos News x Republican 0.04 0.05∗

(0.03) (0.03)

Pos News x Religious -0.00 -0.01

(0.02) (0.02)

Pos News Yes Yes Yes Yes Yes Yes Yes Yes

Question FE Yes Yes Yes Yes Yes Yes Yes Yes

Round FE Yes Yes Yes Yes Yes Yes Yes Yes

Subject controls Yes Yes Yes Yes Yes Yes Yes Yes

Observations 2554 2554 2554 2554 2554 2554 2554 2554

R2 0.03 0.03 0.03 0.03 0.03 0.03 0.03 0.03

Mean 0.58 0.58 0.58 0.58 0.58 0.58 0.58 0.58

Standard errors in parentheses
∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01

Notes: OLS regression coefficients, errors clustered at subject level. FE included for

round number and topic. Only Positive / Negative news observations, as defined in Ta-

ble 2.1. Religious: subject affiliates with any religion. Controls: age, political party, race,

gender, log(income), years of education, and religious.
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The evidence is not precise enough to clearly argue in favor of or against between-topic

heterogeneity. On one question (regarding global poverty rates), there is statistically signifi-

cant evidence for negativity-motivated reasoning: the difference between Negative and Positive

news assessments is 11 pp (s.e. 3 pp).5 The treatment effect on news assessments for the other

questions is neither large nor significant at 95 percent confidence levels.6 One direction for fu-

ture work is to extend the domain of topics analyzed to determine whether the global poverty

question is an outlier or in a different motivated category such as social comparisons.

2.5 Discussion

Results from the experiment indicate that there is no evidence for positivity- or negativity-

motivated reasoning. To better understand the precision of these results, it is helpful to com-

pare the results to those in Chapter 1. Since the experimental design is the same, the compari-

son has the same units. Treatment effects for the three categories are plotted in Figure 2.3.

It is easily apparent that the effect of Positive news is significantly different than the effect

of seeing Pro-Party news or Pro-Performance news.

There are two sets of explanations for the experimental results. First, motives may be sys-

tematically different from belief-based utility, leading people to distort how they process in-

formation differently in the self-image-relevant domains from the positivity domains. Second,

people may not actually receive utility from holding beliefs from positivity.

As a suggestive test to separate these different hypotheses, I run two follow-up surveys

among a new group of subjects — drawn from different Mechanical Turk samples — on Jan-

uary 8-9 and 13, 2019. There are 303 participants in Survey 1 and 167 in Survey 2.7 The ev-
5There are several potential explanations for this. It may be noise, and it may also be a question

on which self-image does play a role. In particular, people may engage in social comparison and be
motivated to believe that many others are less well-off.

6The overall effect is still close to zero if we remove the global poverty question. In the between-
subject test, the coefficient on Positive news is 0.019 (s.e. 0.11; p = 0.068); in the within-subject test,
the coefficient is 0.009 (s.e. 0.19; p = .647). Effects of larger than 4 pp lie outside the 95-percent
confidence interval.

7This number does not include 16 subjects in Survey 1 and 5 subjects in Survey 2 who failed a sim-
ple attention check question. Results do not qualitatively change with the inclusion of these subjects.
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Figure 2.3: Comparing Motivated Reasoning About Positivity to Politics and Performance

Notes: Treatment effects for the effect of Positive versus Negative, Pro-Party versus Anti-Party,
and Pro-Performance versus Anti-Performance on news veracity assessments. Pro-Party and Pro-
Performance coefficients from Chapter 1. Error bars correspond to 95 percent confidence intervals.

idence is consistent with the hypothesis that motives are systematically different from belief-

based utility, and that survey participants are aware of this.

In Survey 1, participants were given a definition of motivated reasoning and asked to pre-

dict the direction of motivated reasoning about positivity, politics, and performance, and

given sample topics on all three. On positivity, they were asked whether they thought that

most people motivatedly reasoned in the direction of believing that the world was a better

place for others, most people motivatedly reasoned in the direction of believing the world was

a worse place for others, or about the same. The example topics were infant mortality, happi-

ness, and cancer survival rates.

The results from this survey are shown in Figure 2.4. 65 percent of subjects expect motivated-

reasoning distortions in the Pro-Party direction, versus only 16 percent who expect distortions

in the Anti-Party direction. Similarly, 56 percent expect Pro-Performance distortions, and

only 18 percent expect Anti-Performance distortions. Subjects, however, were similarly likely
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to predict distortions in the Positive (36 percent) and Negative (30 percent) directions; this

difference is not statistically significant (p = 0.231). They were also more likely to predict no

directional distortions about positivity (34 percent) than about party (18 percent) or perfor-

mance (26 percent). Each answer about positivity is statistically significantly different from

each answer about party and performance at the 5-percent level.

This suggests that the experimental results — that motivated reasoning occurs about poli-

tics and performance, but not directionally about positivity — are anticipated by the sample

as a whole.

In Survey 2, participants were given the same categories and examples, but now asked to

predict whether such beliefs would lead people to be happier. The results are shown in Fig-

ure 2.5. Unlike with motivated reasoning, a clear majority of 69 percent believes that posi-

tivity makes people happier, and only 10 percent believes that negativity increases happiness.

Politics and performance have similar and statistically indistinguishable point estimates.

Taken as a whole, the evidence is in support of the explanation that people do receive util-

ity (in the form of happiness) from believing that the world is good for others, but not in

support of this form of positivity influencing motives. That is, motives do not include other-

regarding belief-based utility. This explanation may also help explain action-induced moti-

vated beliefs, where people distort their beliefs as an excuse to not be generous to others (Ex-

ley 2015; Di Tella et al. (2015)).

2.6 Conclusion

This paper has shown that people do not necessarily motivatedly reason in the direction of

“good” states when their self-image is not at stake. When asked about positive or negative

news about others, this experiment finds no evidence of systematic directional distortions of

how people process the information. It also does not indicate any evidence that people’s cur-

rent beliefs are distorted due to such positivity- or negativity-motivated reasoning.

Survey results additionally show that people think that believing in positive states of the
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Figure 2.4: People Systematically Expect Motivated Reasoning About Politics and Performance, But Do
Not About Positivity

Notes: The y-axis is the share of respondents who stated that they expect most people to have
motivatedly reason in one direction, the other direction, or a similar amount in both directions. 0.4
percent of questions are left unanswered, and are coded as “Similar.” Error bars correspond to 95
percent confidence intervals. The differences between each of the Positivity bars and their corre-
sponding bars in the Party and Performance columns are statistically significant at the 95 percent
level.

world does not induce motivated reasoning. However, people do think that believing in these

positive states leads to increased happiness. The results from this paper also suggest that

utility-maximizing beliefs do not necessarily explain why people form persistently inaccurate

beliefs.

One direction for future work is to better understand the relationship between the belief-

based utility function and the motive function. For instance, do particular emotions affect

utility and motives differently? These results suggest that happiness is insufficient for mo-

tives; however, in many self-image domains, pride and identity confirmation play larger roles

than happiness. An alternative hypothesis in psychology, proposed by von Hippel and Trivers

(2011), is that self-deception is a mechanism by which people can deceive others. Convincing

others that the world is a good place can be less impactful than convincing others that one is
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Figure 2.5: People Expect Happiness Due to Beliefs About Positivity, Not Just About Politics and Perfor-
mance

Notes: The y-axis is the share of respondents who stated that they expect most people to be
happier when receiving news in one direction, the other direction, or a similar amount in both di-
rections. Error bars correspond to 95 percent confidence intervals. The differences between each
of the Positivity bars and their corresponding bars in the Party and Performance columns are not
statistically significant at the 95 percent level.

smarter, more altruistic, or more correct.

Once the tether between the motive function and the utility function is removed, future

work can treat the motive function as a separate object for study. The objective is for this

experimental design to then be used to elicit motives and analyze their role in other economic

contexts.
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3
Polarization and Public Health: Partisan

Differences in Social Distancing during the

Coronavirus Pandemic

3.1 Introduction

Mobilizing an effective public response to an emerging pandemic requires clear communication

and trust (Holmes 2008; Taylor et al. 2009; van der Weerd et al. 2011; Vaughn and Tinker

2011). Risk reduction measures such as social distancing and self-quarantine can rarely be en-

forced entirely by coercion, particularly in democratic societies. The public must understand

what is required of them and be persuaded of the importance of complying.

Partisian differences could play a key role in determining how Americans respond to the

COVID-19 pandemic. Prominent officials have sent conflicting messages about the crisis, with
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President Trump and other Republican officials sometimes saying it was less severe, and Democrats

giving more emphasis to its dangers (Beauchamp 2020; Stanley-Becker and Janes 2020; Cop-

pins 2020; McCarthy 2020). Partisan media have tended to echo this division (Aleem 2020;

Kantrowitz 2020). This could cause differences between people on the right and left in the ex-

tent of risk reduction measures such as social distancing, with potentially important effects on

human health and the economy.

In this paper, we combine GPS location data from a large sample of smartphones with a

new survey to study partisan differences in the early response to COVID-19. The GPS data

are collected by the company SafeGraph, and record daily and weekly visits to points of inter-

est (POIs), including restaurants, hotels, hospitals, and many other public and private busi-

nesses. Our primary analysis focuses on the period from January 26, 2020 to April 4, 2020.

We begin with two motivating facts. First, recent nationwide surveys have shown that

Democrats are more concerned about the spread of COVID-19 than Republicans. Second,

Democrats report taking more steps to avoid infection than Republicans. We note, however,

that Democratic areas also have had more coronavirus cases and implemented stay-at-home

policies earlier. The raw differences observed on surveys could simply be the expected result

of local differences in risk or regulation, rather than an effect of partisanship per se.

We then present a simple model that clarifies the potential causes and consequences of di-

vergent social-distancing behavior. It combines a standard epidemiological model of a pan-

demic with an economic model of optimizing behavior by heterogeneous agents. The model

clarifies that divergent responses between groups need not be inefficient. One group might

engage in less social distancing because their costs of distancing are greater (e.g., they would

lose more income as a result) or because their benefits of distancing are smaller (e.g., they are

at lower risk of infection). However, differences in behavior resulting from divergent beliefs of

otherwise similar agents do suggest systematic inefficiency, as optimizing based on different

beliefs means that the marginal costs of social distancing are not equated across people. In

that case, society gets less social distancing at higher cost than if agents had the same beliefs.

Our main GPS results show that the strong partisan differences in social distancing behav-
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ior that emerged with the rise of COVID-19 are not merely an artifact of differences in state

policies or observed risks. Controlling for state-time fixed effects to account for heterogenous

policy responses by state governments only attenuates the partisan gap slightly. Including

controls to proxy for health and economic variables interacted flexibly with time attenuates

the gap more substantially, but it remains statistically and economically significant. After in-

cluding our full set of controls, we estimate that moving from the 10th to the 90th percentile

of Republican county vote share is associated with an 18.6 percent increase in the number of

POI visits during the week of March 29.

Our findings are robust to the inclusion or exclusion of control variables, excluding states

with early COVID-19 outbreaks, or dropping highly populated counties. Replacing the con-

tinuous measure of partisanship with discrete indicators for portions of the Republican vote

share distribution or restricting the sample to counties from certain portions of the distribu-

tion does not change our qualitative conclusions. Furthermore, there is no evidence of a simi-

lar partisan gap during the same period in 2019.

To complement the data showing county-level differences in behavior, we use a nationally-

representative survey to show that beliefs about social distancing are partisan as well. We

collect participants’ demographics (including party affiliation), beliefs regarding the efficacy

of social distancing, self-reported distancing due to COVID-19, and predictions about future

COVID-19 cases. Compared to Republicans, we find that Democrats believe the pandemic

is more severe and report a greater reduction in contact with others. In our survey, we also

randomly vary whether predictions about future COVID-19 cases are incentivized, and do not

find evidence that incentives reduce the partisan gap, suggesting that these predictions are

less likely to be due to partisan cheerleading (as in Bullock et al. 2015 and Prior et al. 2015),

and more likely to reflect true differences in beliefs. A back-of-the-envelope calculation of our

model estimates that the deadweight loss cost due to these partisan differences is $2.7 billion

per year.

Several contemporaneous studies also measure partisan differences in responses to COVID-
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19.1 Gadarian et al. (2020) present survey evidence showing partisan gaps in self-reported

responses to the pandemic. Barrios and Hochberg (2020) show differences between Republican

and Democratic areas in the frequency of COVID-related queries on Google and in movement

patterns as measured in GPS data from a different source than the one we use here. Painter

and Qiu (2020) examine partisan heterogeneity in response to state-level, stay-at-home orders.

Our work contributes to a broader literature on what drives responses to pandemics (e.g.,

Blendon et al. 2008; Vaughan and Tinker 2009; Fineberg 2014). Risk perception, behavior

changes, and trust in government information sources change as pandemics progress (Ibuka

et al. 2010; Bults et al. 2011). Demographic characteristics, such as gender, income, geogra-

phy, or social interactions, are important determinants of the adoption of recommended public

health behaviors (Bish and Michie 2010; Ibuka et al. 2010; Bults et al. 2011; Chuang et al.

2015; Shultz et al. 2016; Gamma et al. 2017).

A related literature focuses on the consequences of political polarization for health behav-

iors (e.g., Iyengar et al. 2019 and Montoya-Williams and Fuentes-Afflick 2019). Party affilia-

tion is correlated with physician recommendations on politicized health procedures, enrollment

in government exchanges created under the Affordable Care Act, and beliefs in the safety of

vaccines (Hersh and Goldenberg 2016; Lerman et al. 2017; Sances and Clinton 2019; Tracht-

man 2019; Krupenkin 2018; Suryadevara et al. 2019). We show how partisan differences can

lead to the inefficient allocation of public health goods, such as social distancing, during pan-

demics.

Our work also relates to a broader literature on partisan differences in trust and beliefs. For

instance, a large body of empirical literature documents partisan differences in beliefs about

factual events such as unemployment (Bartels 2002; Gaines et al. 2007; Bullock et al. 2015).

There exists a growing literature on building theoretical models of opinion polarization to ex-

plain observed partisanship (Dixit and Weibull 2007; Benoit and Dubra 2015; Ortoleva and

Snowber 2015; Fryer et al. 2019). Furthermore, a substantial empirical literature studies the
1Coverage in the media and some studies examine partisan heterogeneity in response to COVID-

19 with no or few controls for differential risk exposure or costs of social distancing (e.g., Economist
2020; Andersen 2020). Baker et al. (2020) use transaction-level data and examine heterogeneity in
consumption responses to COVID-19.
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link between media markets and political polarization (Glaeser and Ward 2006; McCarty et al.

2006; Campante and Hojman 2013; Prior 2013).

Finally, our work adds to the increasing number of papers using GPS or related data to

study social interactions. For example, Dubé et al. (2017) test the effectiveness of mobile

targeting with coupons to competing movie theaters based on consumers’ real-time location.

Hanna et al. (2017) use data from Google Maps to estimate the effects of lifting high-occupancy

vehicle restrictions in Jakarta, Indonesia.2 Chen and Rohla (2018) and Athey et al. (2019) use

SafeGraph data to measure the effects of political polarization on the length of Thanksgiving

dinners and to estimate a novel measure of racial segregation, respectively.

Sections 3.2, 3.3, 3.4, 3.5, and 3.6, respectively, present our motivating facts, theoretical

framework, data, GPS analysis, and survey results.

3.2 Motivating Facts

In this section, we present two basic facts on partisan diferences in social distancing. First,

existing surveys document large differences in beliefs and social distancing by political party.

Figure 3.1 presents results from previous national polls. Panel A shows that Democrats were

consistently more concerned than Republicans about the spread of coronavirus in the United

States from January 26 through the most recent polls in early April.

Second, consistent with beliefs, there exist partisan differences in self-reported social dis-

tancing behaviors. Panel B presents results from a March 13th poll, showing that Democrats

were more likely to say they were eating at home more often, had stocked up on food and sup-

plies, changed travel plans, and cancelled plans to avoid crowds. Panels C and D show that

throughout the month of March, Democrats were more likely than Republicans to say that

they were avoiding public places and small gatherings.

To interpret these differences, we need a framework to understand why people from the two

political parties might behave differently, and why that might matter. For example, Demo-

cratic areas also have had more coronavirus cases and implemented stay-at-home policies ear-
2See also Blattman et al. (2018) and Davis et al. (2019).
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Figure 3.1: Partisan Differences in Perceived Risk and Social Distancing

(a) Panel A: Concern over Spread of Coronavirus
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(b) Panel B: Behavior Change from Coron-
avirus
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(c) Panel C: Share Avoiding Public Places
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(d) Panel D: Share Avoiding Small Gatherings
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Note: This figure shows responses to nationally representative polls by political affil-
iation. Panel A shows the share of people concerned about coronavirus spreading to
the United States (Piacenza 2020). Panel B shows self-reported behavior change as of
March 13-14 (Marist 2020). Panel C shows the share of people avoiding public places,
such as stores and restaurants (Saad 2020). Panel D shows that share of people avoid-
ing small gatherings, such as with friends and family (Saad 2020).

lier.

3.3 Stylized Model

In this section, we present a stylized model to clarify why it might matter if different types of

people choose different amounts of social distancing. We embed an epidemiological model of

disease transmission into an economic model with agents who maximize utility considering the

expected private cost of disease.
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3.3.1 Epidemiological Model

We use a discrete time version of the standard SIR epidemiological model (Kermack and McK-

endrick 1927). In each period t, each person is in one of four states σ ∈ {S, I,R,D}, repre-

senting Susceptible, Infected, Recovered, and Deceased. The share of the population in each

state at time t is st, it, rt, and dt. Let β represent disease infectiousness, and let ct denote an

individual’s amount of risky behavior at time t—for example, the amount of travel, dining out,

failing to wash hands, and other activities that increase risk of becoming Infected.

All people begin in the Susceptible state. A Susceptible person becomes Infected at time t+

1 with probability ctβit and stays Susceptible with probability (1− ctβit). Infected people stay

Infected for one period, after which they become Deceased with probability ψ or Recovered

with probability (1− ψ). Both D and R are absorbing states.

Let θ index different types of people—for example, liberals and conservatives. Let ωθσt be

a state variable representing the share of type θ that is in state σ at time t. The population is

of measure 1, so
∑

θ

∑
σ ωθσt = 1.

3.3.2 Individual Decisions

People of type θ earn flow utility uθ(ct;σt), which depends on their risky behavior ct and

their state σt. People discount the future at rate δ and maximize expected lifetime utility∑∞
τ=t δ

τuθ(cτ ;στ ). Define Vθ(σ) as the expected lifetime utility of a person currently in state

σ; note that this also implicitly depends on current and future population states ωθσt. Being

infected reduces utility, so we assume Vθ(S) > Vθ(I).

We focus on Susceptible people, as they comprise most of the population during the period

we study. We can write their maximization problem as a Bellman equation, in which people

maximize the sum of utility from risky behavior today and expected future utility:

Vθ(St) = max
ct

 uθ(ct;St)︸ ︷︷ ︸
current utility from risky behavior

+ δ [ctβitVθ(I) + (1− ctβit)Vθ(S)]︸ ︷︷ ︸
expected future utility

 . (3.1)
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The first-order condition for privately optimal risky behavior is

u′θ︸︷︷︸
marginal utility of risk

= βit︸︷︷︸
marginal infection probability

δ (Vθ(S)− Vθ(I))︸ ︷︷ ︸
private cost of infection

. (3.2)

The first-order condition shows that people choose their risky behavior to equate marginal

benefit (more utility today) with private marginal cost (higher risk of infection, which reduces

future utility). The equation illustrates that there are three reasons why risky behavior might

vary across types. First is the marginal utility of risk (or equivalently, the marginal cost of

social distancing): for example, people vary in how much they like travel and dining out, as

well as in how easy it is to work from home. Second is the marginal infection probability: for

example, local infection rate it differs across geographic areas. Third is the private cost of

infection: for example, infection is more harmful for people who are older or have underlying

health conditions.

3.3.3 Social Optimum

It is difficult to know for sure whether people take too many or too few steps to reduce disease

transmission during our study period. Thus, we do not consider the optimal consumption of

c. Instead, we hold constant the total amount of risky behavior and ask whether the alloca-

tion across types is optimal. Tangibly, this means that we are not asking, “how much social

distancing should people be doing?” Instead, we are asking, “holding constant the amount of

social distancing people are doing, would some people ideally be doing less, and others ideally

be doing more?”

Social welfare is the sum of utility across all people in all states:

Wt =
∑
θ

∑
σ

ωθσtVθ(σt). (3.3)

Let Ct denote the total risky behavior at time t across all people. The (constrained) socially

optimal outcome results from maximizing Wt subject to the constraint that Ct = C̄t. Let λ be

the shadow price on that constraint; this reflects the loss from having too much or too little
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social distancing overall.

Consuming c imposes two types of externalities. First, it imposes a positive pecuniary exter-

nality, as travel, dining out, and other risky activities help keep firms in business and workers

employed. Second, it imposes a negative externality by increasing the person’s infection prob-

ability, which increases the expected stock of infected people in the next period (it+1), which

increases other Susceptible people’s infection risk. Let ϕt denote the net externality per unit

of consumption, which may be positive or negative; this becomes more negative as the con-

tagion externality grows. We assume that these externalities are constant across people, and

that people do not account for them when setting their c∗t .

In the constrained social optimum, Susceptible people’s consumption of ct would satisfy the

following first-order condition:

0 = u′θ − βitδ (Vθ(S)− Vθ(I))︸ ︷︷ ︸
private marginal utility

+ ϕt︸︷︷︸
externality

+ λ︸︷︷︸
shadow price

. (3.4)

3.3.4 Heterogeneous Risk Misperceptions

We now allow people to misperceive risks. These misperceptions cause people to choose too

much or too little risky behavior relative to their private optimum, and heterogeneous misper-

ceptions cause transfers across types and efficiency losses.

We now add θ subscripts to explicitly denote different parameters by type. Let µtθ :=

βitδ (Vθ(S)− Vθ(I)) denote type θ’s expected utility cost due to infection from an additional

unit of risky consumption. Let µ̃tθ denote type θ’s perception of that cost. Susceptible type θ

consumers then set ctθ according to the following modified first-order condition:

u′θ = µ̃tθ, (3.5)

giving consumption denoted c∗tθ.

For illustrative purposes, imagine that there are two types θ ∈ {a, b} in equal proportion,

and that period t marginal utility is linear and the same for both types, so u′θ(c) = u′(c) for
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both types and u′′ is a constant. Finally, without loss of generality, assume that type a per-

ceives greater risk, so µ̃aθ > µ̃bθ. Our survey data show that Democrats perceive greater risk,

so one can think of Democrats as type a. We do not take a stand on which type perceives risk

more correctly or which type’s behavior is closer to the unconstrained social optimum.

Define ¯̃µt := 1
2 (µ̃ta + µ̃tb) as the average risk perception. With homogeneous risk percep-

tions, both types would set ct such that u′ = ¯̃µt, giving homogeneous consumption denoted c̄t.

With heterogeneous misperceptions, type a consumes more and type b consumes less; the con-

sumption difference is c∗tb − c∗ta = µ̃ta−µ̃tb
−u′′ . These consumption differences cause both transfers

across types and efficiency losses.

Risk perceptions affect risky consumption, and risky consumption causes externalities, so

the heterogeneous misperceptions cause transfers across groups. The net transfer from type a

to type b from heterogeneous instead of homogeneous misperceptions is

µ̃ta − µ̃tb
−u′′︸ ︷︷ ︸

consumption difference

· ϕt︸︷︷︸
externality

. (3.6)

If ϕt > 0, i.e. the positive pecuniary externality from risky consumption outweighs the nega-

tive contagion externality, then heterogeneous misperceptions cause a net transfer from type

b to type a. Intuitively, we would say that Republicans are doing more to keep the economy

going. On the other hand, if ϕt < 0, i.e. the negative contagion externality outweighs the pos-

itive pecuniary externality, then heterogeneous misperceptions cause a net transfer from type

a to type b. Intuitively, we would say that Democrats are doing more to reduce the spread of

disease.

The efficiency cost in period t from heterogeneous instead of homogeneous misperceptions

are the two deadweight loss triangles around c̄t, with total area:

∆Wt =
st
2
·

misperception︷ ︸︸ ︷
µ̃ta − ¯̃µt


2

−u′′︸︷︷︸
slope of private marginal utility

. (3.7)
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Intuitively, type a people (Democrats) are doing too much social distancing, and type b (Re-

publicans) too little, relative to the (constrained) social optimum with homogeneous risk per-

ceptions. The marginal cost of social distancing is increasing: it’s easy to start by avoiding

going to a bar once a week, but eventually one’s only contact with people is going to the gro-

cery store for food, and it is quite costly to stop buying food. Thus, society could achieve the

same amount of social distancing at lower cost if type a did less and type b did more.

This model informs the empirical tests in the rest of the paper. In Section 3.6, we ask if

Democrats and Republicans have different risk perceptions, which would generate the trans-

fers and efficiency costs described above. In doing so, we control for factors such as population

density that could generate difference in actual risks across types. In Sections 3.5 and 3.6, we

ask if Democrats and Republicans are reducing risk by different amounts. In doing so, we use

proxies to control for differences in actual risks and marginal costs of risk reduction that could

cause differential risk reduction to be socially optimal.

3.4 Data

3.4.1 SafeGraph Mobile GPS Location Data

Our analysis uses GPS data from SafeGraph, aggregating GPS pings from numerous mobile

applications to measure foot traffic patterns to a collection of points-of-interest (POIs). POIs

include retail shops, restaurants, movie theaters, hospitals, and many other public locations

individuals may choose to go when leaving their house. For each POI, SafeGraph reports its

geographic location, industry, and the total number of visitors in their mobile device panel

that have visited each day.3

Our primary analysis uses data from a period of ten weeks, from January 26 to April 4,

2020. We aggregate visits across all POIs in a given county for a given week. We also sepa-

rately aggregate visits by 2-digit NAICS code for each county and week. In a placebo analysis,
3SafeGraph removes POIs with fewer than five visitors in a given month for data through February

2020. For the March 2020 data, SafeGraph has released data on a weekly basis, rather than a monthly
basis, and include all POIs with at least 1 visitor for these weekly releases.
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we analyze data over earlier time periods (starting in January 2019).

We also use data from the SafeGraph Social Distancing data released as a part of their

COVID-19 response. This data is available since January 1, 2020 and updated regularly. We

use data over the same ten week period. This data contains alternative measures of social dis-

tancing beyond POI visits, such as the number of devices leaving their assigned geohash-7

home or the median time spent away from home across devices.

See the Appendix for additional information on the SafeGraph data construction.

We supplement the SafeGraph data with various other sources of county and census block

group data. For demographic information on age, race, education, income, and poverty status

at the county-level, we aggregate census block group data from SafeGraph Open Census to

the county level.4 For each county, we define county partisanship to be the proportion of total

votes received by President Donald Trump in the 2016 election (MIT Election Data and Sci-

ence Lab 2018). We use county-level data on COVID-19 cases and deaths from The New York

Times (2020).

3.4.2 Survey

To supplement these data, we ran an online survey with a sample of American adults to study

partisan gaps in beliefs about and responses to COVID-19 at the individual level. The survey

was conducted from April 4-7 with Prime Panels from CloudResearch, a market research firm

with access to 50 million participants. We recruited 2,000 participants to complete the study;

participants are broadly representative of U.S. adults in terms of party affiliation, age, gender,

and race.5 Subjects who completed the survey were paid a show-up fee from CloudResearch

and had the chance to earn additional bonus incentives of up to $100.

Participants were asked for their party affiliation on a seven-point scale, ranging from “Strongly

Democrat” to “Strongly Republican.” We interpret party continuously, where 0 represents

“Strongly Democrat” and 6 represents “Strongly Republican.” We also classify participants
4The SafeGraph Open Census data is derived from the 2016 5-year ACS at the census block group.
5In addition, we weighted observations so that age, gender, and race distributions match the 2010

Census data, and party affiliation matches the Gallup survey from March 13-22, 2020 (Gallup 2020).
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into Republican (including independents who lean Republican) and Democrats (including in-

dependents who lean Democrat) for descriptive analyses.

The survey asked for demographic information (zipcode, age, race, gender, income, educa-

tion, number of children, and health). It then asked about news consumption habits and trust

before and during COVID-19. Then, there were several questions about social distancing: self-

reported social distancing in response to COVID-19, beliefs about the risk of not distancing,

and the appropriate trade-off between going out more to help the economy versus going out

less to avoid spreading COVID-19.

We next elicited beliefs about the number of new COVID-19 cases that would be confirmed

in the U.S. in April, 2020, as well as the approval rating of Donald Trump’s response to the

pandemic on April 30, and randomly vary whether these were incentivized or not. 1,013 (51

percent) subjects made incentivized predictions in which they earn more money if they are

closer to the correct answer. They were told that we will randomly select 10 participants who

will receive a payment of ($100 −∆) where ∆ is the percentage point difference between their

answer and the true value. The remaining 987 (49 percent) of subjects were not incentivized.

The primary four outcome variables are participants’ answers to the three social-distancing

questions and the one prediction question.

All survey questions are listed in Appendix C.2.3.

3.5 SafeGraph Empirical Specification and Results

Figure 3.2 visualizes geographic variation in this social distancing response, and compares ob-

served variation to analogous distributions of partisanship, COVID-19 confirmed cases, and

public policy responses. Panel A maps the social distancing response observed in each county,

as measured by the percent decrease in SafeGraph visits between the week beginning Jan-

uary 26th and the week beginning March 29th, using data described below. Panel B shades

counties by their party affiliation, captured by the Republican vote share in the 2016 presi-

dential election. Panel C maps the number of COVID-19 cases confirmed in a given county

by April 4th. Panel D shades states by the effective start date for the earliest statewide “stay-
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at-home” order issued. Panels A and B exhibit a strong geographic correlation between the

counties with weaker social distancing responses and those with higher Republican vote shares.

Panel D shows that areas with stronger distancing responses also generally instituted earlier

statewide, stay-at-home orders. We also observe stronger social distancing responses in coun-

ties with more COVID-19 confirmed cases (Panel C). However, these counties also had more

coronavirus cases and were in states that initiated stay-at-home policies earlier. Thus, the par-

tisan differences in social distancing could simply be the expected result of local differences in

infection risk or regulation. In order to establish partisan difference in social distancing, we

next exploit over time variations.
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Figure 3.2: Geographic Variation in Social Distancing, Partisanship, COVID-19, and Public Policy

(a) Panel A: % Change in SafeGraph Visits
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Note: This figure shows the U.S. geographic distribution of social distancing, political affiliation,
COVID-19, and public policy responses. Panel A shows for each county the percent change in ag-
gregate visits between the week beginning January 26, 2020 and the week beginning April 12, 2020.
Blue shading denotes a more negative percent change in visits during the latter week relative to the
former. Red shading indicates an increase or a smaller decrease in visits. These visits are sourced from
SafeGraph’s mobile device location data. Panel B maps counties by the percentage of votes Donald
Trump received in the 2016 presidential election. Red shading in this panel indicates more Republi-
can counties (higher Trump vote share), and blue shading indicates more Democratic counties (lower
Trump vote share). 91



Figure 3.3 reports trends in social distancing and COVID-19 prevalence separately for Re-

publican and Democratic counties, defined to be counties above or below the median 2016

Republican vote share respectively. Panel A shows that the overall number of POI visits is

relatively constant until COVID-19 cases begin emerging in the United States in March. Dur-

ing this same period, Democratic counties exhibited a sharper drop in weekly POI visits than

their Republican counterparts. As Panel B demonstrates, Democratic counties also exhibited

a much sharper rise in COVID-19 cases and deaths—accounting for nearly all verified COVID-

19 cases and deaths through March 29. Appendix Figure C.1 shows that these declining and

differential POI trends are not present over the same time period in 2019.

Our main empirical specification takes the following form

log(cit) = αtρi +Xit · γt + ϵit,

where cit is the number of POI visits in county i during week t, αt are the time-varying co-

efficients on county partisanship ρi, Xit are potentially time-varying controls, and ϵit is the

county-specific error term.6 In choosing our control variables Xit, we chose variables to flexi-

bly control for the four channels of divergent behavior highlighted in equation (3.2). Standard

errors are clustered at the county-level throughout unless specified otherwise.

Figure 3.4 reports our estimates of αt under various sets of covariates chosen to incremen-

tally control for the mechanisms highlighted by our model.

6In implementing, we normalize αt relative to the first week.
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Figure 3.3: Social Distancing and COVID-19 Prevalence
Panel A: POI Visits
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Panel B: COVID-19 Cases and Deaths

0

25000

50000

75000

Jan 26
Feb 02
Feb 09
Feb 16
Feb 23
M

ar 01
M

ar 08
M

ar 15
M

ar 22
M

ar 29
Apr 05
Apr 12
Apr 19
Apr 26

Week

Group

Democratic counties

Republican counties

Outcome

Cases (tens)

Deaths

Note: Panel A shows the number of visits (normalized to one) to SafeGraph POIs for each week since
January 26, 2020 for Republican counties and Democratic counties separately. Panel B is analagous
but plots COVID-19 cases (in tens) and COVID-19 deaths. Republican counties are defined to be those
whose 2016 Republican vote share is greater than the median vote share across the counties in our
sample.
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Figure 3.4: Partisan Differences in Social Distancing

(a) Panel A: Only County & Time FE
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(b) Panel B: Adds State-Time FE
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(c) Panel C: Adds Health + Econ Controls
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Note: Figure shows the estimated coefficients for county partisanship ρi on the log number of POI vis-
its in the county using the specification outlined in the main text. For Panel A, only county and time
fixed effects are included as controls. Panel B is the same as Panel A except state-time fixed effects re-
place the time fixed effects. Panel C is the same as Panel B except the health and economic covariates
are included. The grey error bars indicate 95 percent confidence intervals constructed using standard
errors clustered at the county-level.
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In Panel A, we only include county and time fixed effects. This measures the extent to

which these two groups’ behavior diverges with the rise of COVID-19 via any of the aforemen-

tioned channels. Throughout February, there are no significant partisan differences in POI

visits relative to the January 26 week baseline. However, as COVID-19 begins to emerge in

the United States, partisan differences arise and grow throughout the weeks of March.

These results do not control for differences in state policies, which themselves may be a

function of the partisan leanings of government officials. In Panel B, adding state-time fixed

effects to control for state-level policies in response to COVID-19 along with other state-level

temporal shocks causes the partisan differences to attenuate slightly.

In Panel C, we flexibly control for various health7 and economic8 characteristics of the

county. We view the health controls as proxies for the marginal infection probability and the

private cost of infection, and we view the economic controls as proxies for the marginal cost

of social distancing, though each group of controls could proxy for other factors as well. We

allow the coefficient on these variables γt to vary flexibly across time.

Although these controls attenuates the partisan differences to some degree, they remain eco-

nomically and statistically significant. By the week of March 29, our estimate of αt is 0.470.

This implies that going from a county with the 10th to the 90th percentile in Republican vote

share is associated with an 18.6 percent increase in the number of POI visits during the week

of March 29.9 Appendix Figure C.2 shows that these strong partisan differences do not appear

over the same time period in 2019. We view these results as evidence of behavioral differences

driven by partisan misperceptions of risks at the group-level, consistent with the survey evi-

dence.

In Appendix Figure C.3, we report sensitivity to various alternative specifications. Panels

A and B use alternative sets of controls. Panel C replaces the measure of partisanship with
7Health controls include log of one plus the number of confirmed COVID-19 cases in the county,

the log of one plus the number of COVID-19 deaths in the county, the log of one plus the county popu-
lation density (individuals per square kilometer) and the share of the population 65 years or older.

8Economic controls include the share of the population with at least a bachelor’s degree, the share
in poverty, and the shares of white, black, and asians.

9The difference between the 90th and 10th percentile of Republican vote share is 0.807 - 0.411 =
0.396.
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a discrete indicator for certain quantiles of the Republican vote share distribution. Panel D

drops counties with populations above half a million or states with early COVID-19 outbreaks

(California, Washington, and New York). Panel E restricts the sample to counties from certain

portions of the Republican vote share distribution. And, Panel F weights observations by the

county’s population, uses standard errors clustered at the state-level, and examines sensitivity

to the start date. None of the alternative specifications change the central conclusion regard-

ing partisan differences in social distancing in March.

Appendix Figure C.4 aggregates the number of POI visits at the electoral precinct level

and shows that the qualitative conclusion of less social distancing by Republicans holds at the

precinct level, even when including county-time fixed effects. Again, these patterns are not

present in 2019 (Appendix Figure C.5).

Figure 3.5 examines heterogeneity across 2-digit NAICS codes by re-aggregating POI vis-

its to the county level after restricting to certain NAICS codes. Consistent with the narrative

around COVID-19, we see the strongest partisan differences emerge with POIs in the accom-

modations and food, entertainment, and retail industries. There are no significant partisan

differences in visits to health care POIs.

Figure 3.6 repeats Panel C of 3.4, but using POI visits aggregated at the day level. The

partisan differences emerge in March for both weekdays and weekends, suggesting these differ-

ences are not driven solely by differences in work-from-home policies.

Figure 3.7 considers various alternative measures of social distancing derived from Safe-

Graph’s Social Distancing data release as described in Section 3.4. Statistically significant

partisan differences emerge in March for the log number of devices leaving home, the share of

devices leaving home, and the total number of active devices.10 For the log of the median time
10A key issue with the SafeGraph social distancing data is sample attrition. SafeGraph restricts

the panel to devices with observed location pings in a given time period. For some applications, the
frequency of location pings depends on device mobility. If devices are immobile at home or turned off,
they may not generate location pings and would then be dropped from the sample. The total number
of active devices changes over our sample period in a manner consistent with sample attrition. Given
these issues, we prefer measures of social distancing derived solely from external activity (e.g., POI
visits) that do not contain the same measurement error problems. We attempt to correct for the dif-
ferential attrition in our measure of the share of devices leaving home (see Figure 3.7 footnotes for
correction; see Panel G of Appendix Figure C.3 for estimates using the uncorrected measure).
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Figure 3.5: Partisan Differences in Social Distancing by 2-Digit NAICS Code Industry

(a) Accomodation and Food
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(b) Entertainment
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(c) Retail
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(d) Health Care
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Note: Figure shows the estimated coefficients for county partisanship ρi on the log number of POI vis-
its in the county after restricting POI visits to various 2-digit NAICS codes. The NAICS code groups
are: Accomodation and Food (NAICS 72), Entertainment (NAICS 71), Retail Trade (NAICS 44 and
45), and Health Care (NAICS 62). The same controls are used as in Panel C of Figure 3.4. The grey
error bars indicate 95 percent confidence intervals constructed using standard errors clustered at the
county-level.

away from home, we see positive, but insignificant, point estimates.

3.6 Survey Results

Turning to the results of our survey, we first confirm that there indeed exists individual-level

partisan differences in (self-reported) social distancing behaviors and attitudes, consistent with

the POI visits results presented above, and then show that beliefs about the effectiveness of

social distancing and predictions of the spread of COVID-19 follow the same partisan pat-

terns.
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Figure 3.6: Partisan Differences in Social Distancing, Daily
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Note: Figure shows the estimated coefficients for county partisanship ρi on the log number of POI vis-
its in the county. The same controls as in Panel C of Figure 3.4 are used except that state-time fixed
effects occur at the day level and the weekday and weekend series are normalized separately. The grey
error bars indicate 95 percent confidence intervals constructed using standard errors clustered at the
county-level.

Our main empirical specification regresses normalized responses on each question on party:

yi = κ+ αρi + γXi + ϵi,

where yi is the number of standard deviations above the mean for response i, ρi is the continu-

ous measure of party lean from 0 to 1, Xi are demographic and location controls, and ϵi is an

error term.

Figure 3.8 shows consistent evidence for partisan differences in social distancing, both with

and without control variables.11 On average, participants report reducing contact by 70.0

percent, with a standard deviation (SD) of 24.5 percent. After including controls, strong
11These effects are not due to observation weighting, as shown in Appendix Figure C.6.
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Figure 3.7: Partisan Differences in Social Distancing, Alternative Measures

(a) Log Devices Leaving Home
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(b) Share Devices Leaving Home
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(c) Log Median Time Away
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(d) Log Active Devices
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Note: Figure shows the estimated coefficients for county partisanship ρi on various alternative out-
comes constructed from the Daily Social Distancing dataset from SafeGraph. ‘Log Devices Leav-
ing Home’ is the log of one plus the number of active devices in the panel minus the active de-
vices never observed leaving their geohash-7 home. ‘Share Devices Leaving Home’ is defined to be
1 − max{0,home devices+(initital device count−current device count)}

initial device count , where ‘home devices’ are active devices
never observed leaving their geohash-7 home, ‘initial device count’ is the number of active devices for
the week of February 1, and ‘current device count’ is the number of active devices for the current week.
‘Log Median Time Away’ is log(1 + 1440 − time home) where ‘time home’ is the median observed time
at home across devices. ‘Log Active Devices’ is the log of one plus the number of active devices in the
panel. The same controls are used as in Panel C of Figure 3.4. The grey error bars indicate 95 percent
confidence intervals constructed using standard errors clustered at the county-level.

Democrats report engaging in 0.18 SD more of a reduction in contact with others as compared

to strong Republicans. This corresponds to a gap in reducing contact with others of 72.1 per-

cent for strong Democrats versus 67.8 percent for strong Republicans. Similarly, Democrats

find it significantly more important to stay inside to prevent the spread of the virus versus go

outside to help the economy, and the difference between strong partisans is 0.23 SD.
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Figure 3.8: Partisan Differences in Beliefs and Actions
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Note: This figure shows coefficient plots of regressing normalized measures of beliefs and actions on
party. Positive values indicate less concern about COVID-19 or social distancing. Demographic con-
trols are age, race, income, education, number of children, ZIP code logged population density, state,
county-level deaths and cases. 2 percent of observations are set to the mean due to an invalid ZIP code.
Incentivized includes controls and restricts sample to subjects given accuracy incentives. Predicted
U.S. cases are predictions about the number of new COVID-19 cases in the U.S. in April; self-reported
social distancing is the percent reduction in contact with others over one month; effectiveness of dis-
tancing is the estimated likelihood of catching COVID-19 in one month without social distancing;
importance of distancing vs. economy is subjects’ perception of whether it is more important to go out
and stimulate the economy versus staying in and preventing the spread of COVID-19. Observations
weighted to mimic a representative sample as described in the text. Error bars represent 95 percent
confidence intervals.

We then examine the extent to which partisan differences in social distancing attitudes

could be attributed to underlying beliefs regarding COVID-19 severity and efficacy of social

distancing. First, we find that Democrats believe that the probability of catching COVID-

19 in one month without any social distancing is higher than Republicans do. On average,

participants assess this probability to be 55.0 percent (SD 31.9 percent). Strong Democrats

hold beliefs that the risk of not socially distancing is 0.34 SD larger as compared to strong Re-
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publicans. This corresponds to a gap in beliefs about the probability of catching COVID-19

without social distancing of 60.5 percent for strong Democrats versus 49.6 percent for strong

Republicans.

We next consider beliefs about future COVID-19 cases in the entire U.S. We tell partici-

pants the number of cases by March 31 and ask them to predict the number of cases in April.

We find that Democrats anticipate more future COVID-19 cases. On average, participants

predict 202,810 new cases in April 2020 (SD 233,343 cases, due to a long right tail).12 Strong

Democrats predict 0.24 SD more cases as compared to strong Republicans. This corresponds

to a gap in beliefs about future cases of 231,283 for strong Democrats versus 174,495 for strong

Republicans. Bullock et al. (2015) and Prior et al. (2015) show that partisan differences on

factual questions often shrink under incentives due to “partisan cheerleading” rather than dif-

ferences in true beliefs. As such, we randomize whether subjects’ predictions are incentivized

for accuracy; we do not finde evidence that the partisan gap decreases.13 This supports the

view that Democrats and Republicans genuinely differ in their beliefs about the severity of

COVID-19.

As shown in Appendix Figure C.7, these results are qualitatively similar with county-level

controls, although statistical precision is weaker.

Differences in beliefs and news may help explain differences in behavior. In Appendix Fig-

ure C.9, we find that the partisan gap in social distancing behaviors attenuates by 60 percent

when controlling for respondents’ beliefs about the efficacy of social distancing, and that there

is no gap when controlling for beliefs and respondents’ news sources. While suggestive, we

note that controlling for beliefs and news sources do not cleanly separate the causal role of

these versus other factors.

Finally, we do a back-of-the-envelope estimation of the deadweight loss from Equation 3.7.

We assume that agents have the same flow utility functions u(c) = ν
2 c

2 + ηc+ k and normalize:

if β = 0, all agents choose to consume c∗(0) = 1, so −ν = η ≥ 0. We then consider what
12These averages are calculated after winsorizing at the 5-percent level to account for outliers.
13Appendix Figure C.7 shows that on an explicitly political question, incentives do significantly

reduce the partisan gap, consistent with the previous findings.
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happens when partisan perceptions differ about β. From our survey, we find that the median

participant’s willingness-to-accept for a month of consuming 1 instead of 0 is $1500, so η =

3000. From the data above, we approximate that Democrats reduce consumption by 72.1%

and Republicans reduce by 67.8%. Therefore, Democrats and Republicans differ in perceived

risks by µ̃tR − µ̃tD = $129 per month.

Plugging this into Equation 3.7, we compare the deadweight loss if partisans have different

perceived risks (µ∗tD, µ
∗
tR) compared to if they have the same percieved risk (µ∗tD + µ∗tR)/2.

Using an estimate of 330 million people in the U.S. and 99% of the country being susceptible,

we estimate that the partisan inefficiency costs approximately ∆W = $8.24 per person per

year, or $2.7 billion for the U.S. per year.

3.7 Conclusion

Messages from political leaders and media outlets about the severity of COVID-19 could sub-

stantially affect how Americans respond to the pandemic. If Republicans and Democrats dis-

agree about the potential risks, they may also differ in how much they reduce the risk of dis-

ease transmission through social distancing and other actions. In this case, our model shows

how society ends up with more disease transmission at higher economic cost than if people

had the same beliefs.

Our empirical results show that partisan gaps in beliefs and behavior are real. GPS evi-

dence reveals large partisan gaps in actual social distancing behaviors. Survey evidence shows

substantial gaps between Republicans and Democrats in beliefs about the severity of COVID-

19 and the importance of social distancing. The raw partisan differences partly reflect the fact

that Democrats are more likely to live in the dense, urban areas hardest hit by the crisis, and

to be subject to policy restrictions—in other words, to face stronger individual incentives for

social distancing. Even after controlling carefully for such factors, however, the partisan gaps

remain statistically and economically significant. While our evidence does not permit us to

conclusively pin down the ultimate causes of partisan divergence, the patterns are consistent

with the messaging from politicians and media having played an important role.
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A
Appendix for Chapter 1

A.1 Additional Results

A.1.1 Proof of Hypothesis 5

First, we calculate the expected utility that an agent anticipates receiving (agent-expected util-

ity), given her assessment a:

Ẽ[u(a)|a] = a ·
(
1− (1− a)2

)
+ (1− a) ·

(
1− a2

)
= 1− a(1− a)

= 3/4 + (a− 1/2)2.

Agent-expected utility increases in (a− 1/2)2.

Next, we calculate the average agent-expected utility Ẽ[u(a)], given her motivated reasoning.
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The agent motivatedly reasons as follows:

logit a|G = logit p+ φm (E[θ|θ > µ(m)]− E[θ|θ < µ(m)]) .

logit a|L = logit p− φm (E[θ|θ > µ(m)]− E[θ|θ < µ(m)]) .

The average agent-expected utility is
(
Ẽ[u(a|G)] + Ẽ[u(a|L)]

)
/2.

Define ∆m ≡ φm (E[θ|θ > µ(m)]− E[θ|θ < µ(m)]). Note that since the standard deviation

of agents’ beliefs does not depend on m, ∆m is linear in m. Now, take the inverse logit func-

tion of both sides, logit−1(x) = ex

1+ex , and average:

1− Ẽ[u(a)] =
1

4
− P (G)E

[(
logit−1(logit p+∆m)− 1/2

)2]
− P (L)E

[(
logit−1(logit p−∆m)− 1/2

)2]
=

1

4
− 1

2
E
[(

logit−1(logit p+∆m)− 1/2
)2]

− 1

2
E
[(

logit−1(logit p−∆m)− 1/2
)2]

Therefore, average agent-expected utility equals:

3/4 + 1/2
(
logit−1(logit p+∆m)− 1/2

)2
+ 1/2

(
logit−1(logit p−∆m)− 1/2

)2
.

We can rewrite this using the hyperbolic tan function, tanh(x) ≡ exp(x)−exp(−x)
exp(x)+exp(−x) :

3/4 + 1/8
[
tanh(logit p+ ηi∆m)/2)2

]
+ 1/8

[
tanh(logit p− ηi∆m)/2)2

]
Taking the derivative with respect to ∆m — which is linear in m — and setting equal to

zero gives the following:

|φ∆m| = 2cosh−1
[
1/2

√
sech(logit p)(2cosh(logit p) + cosh(2 logit p)− 3)

]
,

where cosh(x) ≡ 1/2(ex + e−x) and sech(x) ≡ (cosh(x))−1.
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The right-hand side is real only if the term in the square brackets is at least 1, in which case

there is such a solution p; that is, if sech(logit p)(2cosh(logit p) + cosh(2 logit p)− 3 < 4, then

the first-order condition is never satisfied and anticipated expected utility is always monotonic

in |m|. In this case, the second-order condition shows that average agent-expected utility is

increasing in |m|. This condition is met iff p ∈
(
1
2 −

√
3
6 ,

1
2 +

√
3
6

)
.
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A.1.2 Raw Data: Pro-Party and Anti-Party News Assessments

Figure A.1: Histogram of Perceived Veracity of Pro-Party and Anti-Party News.

Notes: Only Pro-Party / Anti-Party news observations, as defined in Table 1. Mes-
sages are customized so that Bayesians give the same assessment for Pro-Party and
Anti-Party news.
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A.1.3 Raw Data: True News and Fake News Assessments

Figure A.2: Histogram of Perceived Veracity of True News and Fake News on Politicized Topics.

Notes: Only Pro-Party / Anti-Party news observations, as defined in Table 1. Mes-
sages are customized so that Bayesians give the same assessment for Pro-Party and
Anti-Party news.
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A.1.4 Relative Prior Beliefs by Party

Pro-Rep Pro-Dem Difference Answer
Obama Crime Guess 55.907∗∗∗ 49.560∗∗∗ 6.348∗∗∗ 53

(0.765) (0.391) (0.858)
Mobility Guess 30.185∗∗∗ 22.152∗∗∗ 8.034∗∗∗ 64.9

(1.048) (0.611) (1.211)
Race Guess 12.349∗∗∗ 8.051∗∗∗ 4.298∗∗∗ 6.45

(0.874) (0.436) (0.975)
Gender Guess 3.059∗∗∗ 3.086∗∗∗ -0.027 3.15

(0.015) (0.008) (0.017)
Refugees Guess 287.640∗∗∗ 239.004∗∗∗ 48.637∗∗∗ 228.2

(5.894) (2.353) (6.335)
Climate Guess 75.226∗∗∗ 85.366∗∗∗ -10.140∗∗∗ 87

(1.056) (0.572) (1.200)
Gun Laws Guess 230.013∗∗∗ 184.478∗∗∗ 45.535∗∗∗ 318.6

(5.950) (3.914) (7.113)
Media Guess 36.656∗∗∗ 41.850∗∗∗ -5.195∗∗∗ 19.8

(1.211) (0.599) (1.349)
Rep Score Guess 71.563∗∗∗ 61.933∗∗∗ 9.630∗∗∗ 70.83

(0.787) (0.614) (0.997)
Dem Score Guess 64.671∗∗∗ 73.277∗∗∗ -8.606∗∗∗ 72.44

(0.771) (0.415) (0.875)
Observations 2430 5643 8073
Standard errors in parentheses
∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01

Notes: OLS, robust standard errors. Guesses are winsorized at
the 5-percent level. Third column represents mean Pro-Rep guess
minus mean Pro-Dem guess. The sign of every coefficient points in
the predicted motive direction from Table 1.
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A.1.5 Balance Table

Anti-Party News Pro-Party News Anti vs. Pro p-value

Partisanship 0.484 0.478 0.007 0.312

(0.005) (0.005) (0.007)

Rep vs. Dem -0.237 -0.236 -0.001 0.937

(0.008) (0.008) (0.011)

Male 0.532 0.534 -0.002 0.881

(0.008) (0.008) (0.011)

Age 35.261 35.400 -0.139 0.573

(0.175) (0.173) (0.246)

Education 14.716 14.765 -0.049 0.242

(0.029) (0.030) (0.042)

Log(income) 10.725 10.748 -0.024 0.182

(0.012) (0.013) (0.018)

White 0.752 0.760 -0.008 0.430

(0.007) (0.007) (0.010)

Black 0.075 0.081 -0.006 0.303

(0.004) (0.004) (0.006)

Hispanic 0.066 0.062 0.004 0.499

(0.004) (0.004) (0.006)

Religious 0.443 0.457 -0.014 0.214

(0.008) (0.008) (0.011)

Red State 0.567 0.558 0.009 0.431

(0.008) (0.008) (0.0011)

WTP elicited 0.490 0.476 0.014 0.213

(0.008) (0.008) (0.011)

Told 1/2 True 0.333 0.344 -0.011 0.309

(0.007) (0.008) (0.011)

N 3961 3941 7902

Notes: Standard errors in parentheses. Rep vs. Dem is the rating of the Rep Party minus the rating of the Dem Party

and is between -1 and 1. Partisanship is the absolute difference in these ratings. WTP elicited is 1 if subject in the WTP

treatment and 0 if in the second-guess treatment. Told 1/2 True is 1 if subject is told that P(True News) is 1/2.
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Figure A.3: Motivated Reasoning Across Topics: Effect of Pro-Party News on Perceived Veracity by Topic
and Partisanship

Notes: OLS regression coefficients, errors clustered at subject level. Black circles
are coefficients for moderates, red triangles are coefficients for partisans. FE in-
cluded for round number and topic. Pro-Party (vs. Anti-Party) news is defined in
Table 1. Pro-Rep Greater is a placebo check to test whether Pro-Rep and Pro-Dem
subjects give different assessments on neutral topics. Error bars correspond to 95
percent confidence intervals.
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Table A.1: The Effect of News Direction, Actual Veracity, and Skewed Prior
Distributions on Perceived Veracity

(1) (2) (3) (4)

Unskewed -0.011 -0.003 -0.019∗ 0.002

(0.010) (0.014) (0.011) (0.013)

Pro-Party News 0.084∗∗∗ 0.041∗∗∗ 0.028∗∗∗ 0.075∗∗∗

(0.008) (0.015) (0.008) (0.008)

Unskewed x Pro-Party 0.014 -0.002 0.021 0.006

(0.013) (0.024) (0.014) (0.013)

Partisanship x Pro-Party 0.044∗∗∗

(0.014)

Unskewed x Partisanship x Pro-Party 0.017

(0.022)

Anti-Party News -0.052∗∗∗

(0.008)

Unskewed x Anti-Party 0.006

(0.014)

True News -0.027∗∗∗

(0.008)

Unskewed x True News -0.021

(0.014)

Neutral News No No Yes No

Question FE Yes Yes No Yes

Round FE Yes Yes Yes Yes

Subject FE Yes Yes Yes Yes

Observations 7902 7902 10552 7902

R2 0.25 0.25 0.21 0.25

Mean 0.573 0.573 0.574 0.573

Standard errors in parentheses
∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01

Notes: OLS, errors clustered at subject level. Neutral News indicates
that Pro-Party / Anti-Party compared to Neutral News, as defined
in Table 1. Controls: race, gender, log(income), education (in years),
religion, whether state voted for Trump or Clinton in 2016. Partisan-
ship is absolute difference between Republican and Democratic ratings.
Unskewed is 1 if initial guess is exactly halfway between lower / upper
bounds and 0 otherwise.

119



Table A.2: The Effect of News Direction, Actual Veracity, and Previous News
Directions on Perceived Veracity

(1) (2) (3) (4)

Previous Pro-Party -0.001 -0.001 -0.002 -0.002

(0.002) (0.002) (0.002) (0.002)

Pro-Party News 0.087∗∗∗ 0.039∗∗∗ 0.036∗∗∗ 0.076∗∗∗

(0.007) (0.013) (0.007) (0.007)

Partisanship x Pro-Party 0.050∗∗∗

(0.012)

Anti-Party News -0.048∗∗∗

(0.007)

True News -0.034∗∗∗

(0.007)

Neutral News No No Yes No

Question FE Yes Yes No Yes

Round FE Yes Yes Yes Yes

Subject FE Yes Yes Yes Yes

Observations 7902 7902 10552 7902

R2 0.25 0.25 0.21 0.25

Mean 0.573 0.573 0.574 0.573

Standard errors in parentheses

∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01

Notes: OLS, errors clustered at subject level. Neutral News indicates that Pro-Party

/ Anti-Party compared to Neutral News, as defined in Table 1. Controls: race, gender,

log(income), education (in years), religion, whether state voted for Trump or Clinton

in 2016. Partisanship is the absolute difference between Republican and Democratic

ratings. Previous Pro-Party is the number of all previous pieces of news that are Pro-

Party minus the number that are Anti-Party.
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Figure A.4: Bin-Scatter Plot of Expected Performance by Gender and True Performance

Notes: Party-indifferent subjects included. True Percentile compares subjects’ score
on rounds 1-12 to the scores of 100 pilot subjects. Percentile Guess is subjects’ pre-
diction of their True Percentile. Subjects binned by gender into eight True Per-
centile groups.
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A.2 Supplementary Appendix: Demand for News, susceptibility, and Struc-

turally Estimating Motives

This appendix section discusses awareness of motivated reasoning and susceptibility. First, we

consider subjects’ demand for a message by eliciting willingness to pay (WTP); correlations

are consistent with the notion that subjects are aware that they will update from information,

but not aware that they motivatedly reason in a way that decreases earnings.

Much of this section relies on an extension of the main model, making the additional as-

sumption that susceptibility is related to the noisiness of the updating process. In particular,

we modify Equation (1.2) as follows:

logit P(θ|x) = logit P(θ) + log

(
P(x|θ)
P(x|¬θ)

)
+ φ(m(θ)−m(¬θ)) + ϵ, (A.1)

where ϵ ∼ N (0, φ2).

Agents update with noise that depends on the signal structure but is independent of the mo-

tive. The noise term is normally distributed and its standard deviation is the updated defini-

tion of susceptibility.1

A.2.1 WTP Treatment Details

In round 12, half of subjects are told that they will either receive the usual message or the

message with a black bar over the words “Greater Than” / “Less Than,” and are given an

example of the black bar message.

They are then asked for their WTP to remove the black bar from the message. WTP is

elicited by a standard Becker-DeGroot-Marschak mechanism. The units of payment are points;

average points across all rounds in the experiment determine the probability of winning a
1If susceptibility is instead assumed linear in φ, it is hard to identify this linear multiple from a lin-

ear multiple of the motive function, which is why the extra parameter is not introduced here. Normal
noise is used for simplicity, and the choice is fairly arbitrary. Results are qualitatively the same when
noise is assumed to be uniform across [−φ,φ], for instance.
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$10 bonus in the experiment.2 Subjects can choose any valuation between -25 points and 25

points. A noninteger is then chosen uniformly randomly from -25 to 25. If this number is

greater than the valuation, it is added to the points on the next page and subjects see a black

bar; otherwise, no points are added and the standard message is revealed.

Subjects are told the above, and told that positive numbers indicate that they prefer to

see the message, while negative numbers indicate that they prefer not to. Since subjects see

the true answers soon after this question, WTP seems to be a reasonable metric for signal

valuation. Importantly, these subjects are not asked to give a second guess, so the only value

of the message is in inferring the veracity of the news source.

A.2.2 Susceptibility and Demand for Messages

This subsection aims to use variance in assessments and demand for messages (WTP) to show

that susceptibility, φ, is positive, and to argue that subjects are unaware of their directionally-

motivated reasoning. This uses the parametrization from Equation (A.1); in this case, suscep-

tibility can be empirically defined using the standard deviation of the noise in updating about

topics absent motivated reasoning.

Importantly, none of the subjects in the WTP treatment is ever asked to give a second

guess to any question, as this treatment was intended to capture how subjects valued mes-

sages insofar as they provide signals for news assessments. Subjects also know that they soon

learn the correct answer, so the only value in seeing the message is for improving their news

assessments.

This test helps show that susceptibility is positive and expected susceptibility is positive. If

φ = 0, subjects will have WTP = 0 and not vary their answers. If subjects expect to have

φ = 0 but actually have φ > 0, they will have WTP = 0 but vary their answers. If subjects

expect to have φ > 0 and do have φ > 0, but don’t realize that this is an error, then they will

have positive WTP since they expect to perform better with the message.

Meanwhile, there is no evidence that subjects are aware of the motive part of their politically-
2More technically, points are added to or subtracted from the news assessment score of that round.
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motivated reasoning. This would come through in differences in WTP from politicized and

neutral news: if subjects expected to motivatedly reason about politicized news and that this

would lead to underperformance, they would have a lower WTP for these signals.

Subjects’ WTP are positive and do not seem smaller for politicized topics. 71% of subjects

have a strictly positive WTP. Partisanship does not lead to a significantly larger WTP for

politicized topic messages. However, a larger standard deviation of previous assessments is

highly correlated with WTP, suggesting that subjects genuinely expect to find these messages

useful.

There are three main observations from the WTP question, all suggesting that subjects pay

for messages based on their perceived expected usefulness but are not aware of the effect of

politically-motivated reasoning:

1. WTP is significantly greater than zero for politicized and neutral topics, indicating that

subjects do expect messages to be informative. The mean is 9 points (s.e. 1 point); this

magnitude is similar to the WTP if subjects expected to move from a prior of P(True)

= 1/2 to the empirical P(True | message) distribution (7 points, s.e. 0.2 points).

2. WTP is similar for politicized and neutral topics; that is, in this environment there is

no evidence of moral wiggling or awareness about motivated reasoning.

3. WTP significantly increases in variance of P(True | message); that is, subjects are aware

of their belief susceptibility.3

This adds to the broader literature on meta-awareness of biases, as categorized by Gagnon-

Bartsch, Rabin, and Schwartzstein 2018 and Schwartzstein 2014. The literature analyzing

sophistication and naivete of other biases include base-rate neglect and present bias (for ex-

amples, see Dan Benjamin, Bodoh-Creed, and Rabin 2019, Augenblick and Rabin 2015, and

O’Donoghue and Rabin 2001). This result indicates a mixed view of sophistication, in that

subjects seem aware that their φ > 0 but not aware of what their m is.

3Similarly, it significantly increases in the measure of subject-expected points in point 1 above.
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A.2.3 Structural Estimation

The more precise measure of susceptibility allows for an analytical structural estimation of

Equation (A.1). In particular, we restrict to linear motive functions m(θ) = m · θ and define

susceptibility φ as the standard deviation of noise in subjects’ updating process as above.

Then, we can estimate m up to a linear multiple under the following additional assump-

tions:

1. m(θ) = 0 for neutral topics. This allows for identification of φ through variance in as-

sessments on neutral topics.

2. φ(x) is fixed across questions and individuals. The former assumes that noisiness is a

function of priors and signal likelihood, but not the topic or direction of the message;

this assumption is necessary to separately identify m(θ) and φ(x).4 This assumption

posits that subjects first set their φ as a function of the true likelihood before consid-

ering their motive, and only then bias their updating. If φ(x) is allowed to vary across

individuals, the model is exactly identified and estimates are unstable.5

Assuming that subjects have normally-distributed priors, Equation (A.1) can be rewritten as

ϵiq = logit aiq − logit p̂i − φ̂m̂iqRiq,

where ϵ ∼ N (0, φ̂2),

where hatted variables are the ones to be estimated, and where Riq ≡ Ei[θq|θq > µq] −

Ei[θq|θq < µq] is proportional to the difference between the subject’s upper and lower bound

guesses.6

4That is, φ(Greater Than message) = φ(Less Than message) for each question, but only because
the likelihood of receiving each signal is 1/2.

5For instance, the maximum likelihood estimate does not exist for agents who happen to give the
same assessments for the three neutral questions, as the supremum of the likelihood is achieved when
φi is arbitrarily small and |m| is arbitrarily large.

6Riq ≡ (Upper Boundiq − Lower Boundiq) ·
√
π

Erfc−1(1/2)
≈ (Upper Boundiq − Lower Boundiq) · 1.183,

where Erfc−1 is the inverse complementary error function.
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That is, we maximize the following log-likelihood function:

∑
i,q

log fiq =
IQ log(2π)

2
log φ̂

+
1

2φ̂2

∑
i

[∑
n

(logit ain − logit p̂i)2 +
∑
y

(logit aiy − logit p̂i − φ̂m̂iyRiy)
2

]
, (A.2)

where i = 1, . . . , I indexes subjects, q = 1, . . . , Q indexes all questions, y = 1, . . . , Y indexes

motivated questions, and n = 1, . . . , N indexes neutral questions.7

To maximize this, we take partial derivatives with respect to the parameters m̂iq, logit p̂i,

and φ̂. The following are the equations for each parameter; details are in Section A.2.5.

We end up with the following estimates:

m̂iy =
logit aiy − logit p̂i

φ̂Riy
.

logit p̂i =
1

N

∑
n

logit ain

φ̂2 =
1

IQ

∑
i,n

(logit ain − logit p̂i)2 . (A.3)

Estimated motives are proportional to the change from logit assessment and logit prior, and

decrease in susceptibility. Estimated priors are equal to the average logit assessments on neu-

tral questions. Estimated susceptibility is the sum of second moments of aiq about the priors

p̂i, divided by the total number of individuals and questions, IQ.8

Now, we can solve the set of equations in Equation (A.3) for each i and q. m̂iq are dis-

cussed in the next section below. φ̂ is estimated at 0.47. The mean estimated prior p̂i is 0.58

(s.e. 0.006), and 80 percent of subjects have estimated priors between 1
2 −

√
3
6 ≡ 0.211 and

1
2 +

√
3
6 ≡ 0.789, the bounds necessary for the hypothesis that confidence increases in partisan-

ship from Hypothesis 5.
7Technically, these are Qi, Yi, and Ni, since some subjects happen to see slightly different numbers

of questions. I don’t index to make the structural estimate equations easier to understand.
8We divide by IQ instead of IN because, in maximizing the likelihood, each politicized question

explains variance in posteriors entirely by motives instead of susceptibility. This feature depends on
the motive function chosen.
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A.2.4 Comparing Estimated Motives Across Questions

As expected, topic-by-topic results are similar to the more reduced-form measure. We see this

in Table A.4 using three variants of the main predictions. First, the sign of the estimated mo-

tives are in the hypothesized direction from Table 1.1 on almost every question. Secondly,

estimated motives are different for Pro-Rep and Pro-Dem subjects in the hypothesized direc-

tion on almost every question. Thirdly, estimated motives are positively correlated with initial

guesses on almost every question.

The heterogeneity of estimated motives for one’s performance compared to others are stark.

The Own Performance motive is only greater than zero for male Pro-Rep subjects (0.040,

s.e. 0.012, p = 0.001) while almost exactly zero for all other subjects (-0.004, s.e. 0.008,

p = 0.592).9

In general, there is no interpretation of the slope of linear motives, just as there is no inter-

pretation of the slope of a linear utility function. However, we can compare motive slopes to

each other. For instance, the average |mi,Refugees and crime| is 0.045, the average |mi,Obama and crime|

is 0.126, and the average |mi,Guns and crime| is 0.026.10 This indicates that a 1-unit increase

in crime under Barack Obama is given approximately three times the weight as a 1-unit in-

crease in crime due to Germany’s refugee laws, and five times the weight as a 1-unit increase

in crime after Australia’s gun laws.

Note that these are different scales, however. The refugee question asked about the impact

on the per-100,000 violent crime rate in Germany, the Obama question asked about the per-

million murder and manslaughter rate in the United States, and the gun laws question asked

about the average number of victims in a 5-year period. This indicates that the signal of the

change in crime is more important than the number of victims. While (after adjusting for pop-

ulation) the motives regarding the absolute Germany and United States crime amounts are

similarly in magnitude (after correcting for population size), the number of gun deaths in Aus-

tralia is so comparably small that “motives over number of deaths” would be orders of magni-
9In fact, the median estimated motive for subjects in all other gender-party subgroups are exactly

zero.
10Motives here winsorized at the 5% level due to a few extreme outliers.
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tude larger.

In some sense, this is reassuring, since it indicates that Republicans are not motivated to

believe people are being violently attacked (due to refugees or Obama’s policies) but instead

that partisans are motivated to believe in signals that their party is correct. On the other

hand, it is telling that partisans have stronger motives over party signals compared to motives

over loss of human lives.
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A.2.5 Structural Estimation Calculation Details

Recall the log likelihood:

∑
i,q

log fiq =
IQ log(2π)

2
log k̂

+
1

2k̂2

∑
i

[∑
n

(logit ain − logit p̂i)2 +
∑
y

(logit aiy − logit p̂i − k̂m̂iyRiy)
2

]
, (A.4)

where i = 1, . . . , I indexes subjects, q = 1, . . . , Q indexes all questions, y = 1, . . . , Y indexes

motivated questions, and n = 1, . . . , N indexes neutral questions

Solving with respect to m̂iq:

∂ (
∑

log fiq)

∂m̂iq
= 0 =

1

2φ̂2
(−2φ̂Riy)(logit aiy − logit p̂i − k̂m̂iyRiy) = 0

=⇒ m̂iy =
logit aiy − logit p̂i

φ̂Riy
. (A.5)

Solving with respect to logit p̂i:

∂ (
∑

log fiq)

∂(logit p̂i)
= 0

=
1

2φ̂2

[
−
∑
n

2(logit ain − logit p̂i)−
∑
y

2(logit aiy − logit p̂i − φ̂m̂iyRiy)

]

=⇒ logit p̂i =
1

Q

[∑
q

logit aiq − φ̂
∑
y

m̂iyRiy

]
.

Plugging in the estimate for m̂iy shows that priors are entirely identified by neutral assess-

ments:

logit p̂i =
1

N

∑
n

logit ain. (A.6)
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Solving with respect to φ̂:

∂ (
∑

log fiq)

∂φ̂
= 0 =

IQ

φ̂

−
∑
i

[
1

φ̂3

∑
n

(logit ain − logit p̂i)2 +
1

φ̂3

∑
y

[(logit aiy − logit p̂i)(logit aiy − logit p̂i − φ̂m̂iyRiy)]

]

=⇒ IQφ̂2 +

∑
i,y

m̂iyRiy(logit aiy − logit p̂i)

 φ̂
−
∑
i

[∑
n

(logit ain − logit p̂i)2 −
∑
y

(logit aiy − logit p̂i)2
]
= 0

=⇒ φ̂ = − 1

2IQ

∑
i,y

m̂iyRiy(logit aiy − logit p̂i)

+

√√√√√
 1

2IQ

∑
i,y

m̂iyRiy(logit aiy − logit p̂i)

2

+
1

IQ

∑
i,q

(logit aiq − logit p̂i)2.

Plugging in the estimate for m̂iy and p̂i simplifies this greatly and shows that φ is also en-

tirely identified by neutral assessments:

φ̂2 =
1

IQ

∑
i,n

logit ain − 1

N

∑
i,n′

logit ain′

2

=
1

IQ

∑
i,n

(logit ain − logit p̂i)2 . (A.7)
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Tables for Appendix A.2

Table A.3: Determinants of Willingness-To-Pay

(1) (2) (3) (4)

Assessment SD 22.655∗∗∗ 22.605∗∗∗ 19.809∗∗

(8.421) (8.470) (8.688)

Politicized topics 1.093 1.052

(1.697) (1.701)

Constant 8.448∗∗∗ 4.234∗∗ 3.466 10.504∗

(1.498) (2.078) (2.436) (5.968)

Question FE No No No Yes

Subject controls No No No Yes

Observations 482 482 482 482

R2 0.00 0.02 0.02 0.06

Standard errors in parentheses

∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01

Notes: OLS, robust standard errors. Dependent variable

is Willingness-To-Pay; this occurs in round 12. Party-

indifferent subjects included. Assessment SD is the stan-

dard deviation of the subject’s news veracity assessments in

all other rounds. Politicized topics defined in Table 1.
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Table A.4: Estimated Motives: By Direction, By Party, and By Prior

Hyp. direction Pro-R vs. Pro-D Diff. by prior

(1) (2) (3)

Climate topic 0.083∗∗∗ 0.068∗∗∗ 0.085∗∗∗

(0.010) (0.019) (0.009)

Race topic 0.075∗∗∗ 0.029 0.059∗∗∗

(0.019) (0.041) (0.009)

Mobility topic 0.032∗∗∗ 0.039∗∗∗ 0.021∗∗∗

(0.005) (0.011) (0.005)

Refugees topic 0.010∗∗∗ 0.017∗∗∗ 0.004∗∗

(0.002) (0.005) (0.002)

Obama crime topic 0.026∗∗∗ 0.043∗∗∗ 0.009∗

(0.006) (0.013) (0.005)

Gender topic 0.605∗∗∗ 0.534 0.279∗

(0.192) (0.413) (0.149)

Gun laws topic 0.003∗∗ 0.001 0.002

(0.001) (0.003) (0.001)

Media topic 0.001 0.018∗ 0.020∗∗∗

(0.004) (0.009) (0.004)

Rep score topic 0.029∗∗∗ 0.073∗∗∗ 0.021∗∗∗

(0.006) (0.014) (0.007)

Dem score topic 0.032∗∗∗ 0.050∗∗∗ 0.025∗∗∗

(0.007) (0.014) (0.007)

Own performance topic 0.007∗∗ 0.016∗∗∗

(0.003) (0.004)

Question FE No Yes Yes

Observations 8785 7902 8785

R2 0.01 0.03 0.03

Standard errors in parentheses
∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01

Notes: For each topic, estimated motives winsorized at the 5% level.

Columns correspond to different independent and dependent variables. Col-

umn 1 measures the mean estimated motive by question in the direction

hypothesized in Table 1. Estimated motives are multiplied by 1 for Pro-

Motive and -1 for Anti-Motive. Column 2 regresses estimated motives on a

dummy for Pro-Rep for each question, multiplying by the direction in Table

1. Column 2 regresses estimated motives on the z score of the initial guess

for each question; the guess is winsorized at the 5% level.

132



A.3 Study Materials: Exact Question Wordings

Crime Under Obama

Some people believe that the Obama administration was too soft on crime and that violent

crime increased during his presidency, while others believe that President Obama’s pushes

towards criminal justice reform and reducing incarceration did not increase violent crime.

This question asks how murder and manslaughter rates changed during the Obama adminis-

tration. In 2008 (before Obama became president), the murder and manslaughter rate was 54

per million Americans.

In 2016 (at the end of Obama’s presidency), what was the per-million murder and manslaugh-

ter rate?

Correct answer: 53.

Source linked on results page: http://bit.ly/us-crime-rate

Upward Mobility

In 2017, Donald Trump signed into law the largest tax reform bill since Ronald Reagan’s 1981

and 1986 bills. Some people believe that Reagan’s reforms accelerated economic growth and

allowed lower-income Americans to reap the benefits of lower taxes, while other people believe

that this decreased the government’s spending to help lower-income Americans get ahead.

This question asks whether children who grew up in low-income families during Reagan’s

tenure were able to benefit from his tax reforms.

Of Americans who were born in the lowest-income (bottom 20%) families from 1980-1985,

what percent rose out of the lowest-income group as adults?

(Please guess between 0 and 100.)

Correct answer: 64.9.

Source linked on results page: http://bit.ly/us-upward-mobility (page 47)
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Racial Discrimination

In the United States, white Americans have higher salaries than black Americans on average.

Some people attribute these differences in income to differences in education, training, and

culture, while others attribute them more to racial discrimination.

In a study, researchers sent fictitious resumes to respond to thousands of help-wanted ads

in newspapers. The resumes sent had identical skills and education, but the researchers gave

half of the (fake) applicants stereotypically White names such as Emily Walsh and Greg Baker,

and gave the other half of the applicants stereotypically Black names such as Lakisha Wash-

ington and Jamal Jones.

9.65 percent of the applicants with White-sounding names received a call back. What per-

cent of the applicants with Black-sounding names received a call back?

(Please guess between 0 and 100.)

Correct answer: 6.45.

Source linked on results page: http://bit.ly/labor-market-discrimination

Gender and Math GPA

In the United States, men are more likely to enter into mathematics and math-related fields.

Some people attribute this to gender differences in interest in or ability in math, while others

attribute it to other factors like gender discrimination.

This question asks whether high school boys and girls differ substantially in how well they

do in math classes. A major testing service analyzed data on high school seniors and com-

pared the average GPA for male and female students in various subjects.

Male students averaged a 3.04 GPA (out of 4.00) in math classes. What GPA did female

students average in math classes?

(Please guess between 0.00 and 4.00.)

Correct answer: 3.15.

Source linked on results page: http://bit.ly/gender-hs-gpa
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Refugees and Violent Crime

Some people believe that the U.S. has a responsibility to accept refugees into the country,

while others believe that an open-doors refugee policy will be taken advantage of by criminals

and put Americans at risk.

In 2015, German leader Angela Merkel announced an open-doors policy that allowed all

Syrian refugees who had entered Europe to take up residence in Germany. From 2015-17,

nearly one million Syrians moved to Germany. This question asks about the effect of Ger-

many’s open-doors refugee policy on violent crime rates.

In 2014 (before the influx of refugees), the violent crime rate in Germany was 224.0 per

hundred-thousand people.

In 2017 (after the entrance of refugees), what was the violent crime rate in Germany per

hundred-thousand people?

Correct answer: 228.2.

Sources linked on results page: Main site: http://bit.ly/germany-crime-main-site.

2014 and 2015 data: http://bit.ly/germany-crime-2014-2015. 2016 and 2017 data: http:

//bit.ly/germany-crime-2016-2017.

Climate change

Some people believe that there is a scientific consensus that human activity is causing global

warming and that we should have stricter environmental regulations, while others believe that

scientists are not in agreement about the existence or cause of global warming and think that

stricter environmental regulations will sacrifice jobs without much environmental gain.

This question asks about whether most scientists think that global warming is caused by

humans. A major nonpartisan polling company surveyed thousands of scientists about the

existence and cause of global warming.

What percent of these scientists believed that “Climate change is mostly due to human ac-

tivity”?
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(Please guess between 0 and 100.)

Correct answer: 87.

Source linked on results page: http://bit.ly/scientists-climate-change

Gun Reform

The United States has a homicide rate that is much higher than other wealthy countries. Some

people attribute this to the prevalence of guns and favor stricter gun laws, while others believe

that stricter gun laws will limit Americans’ Second Amendment rights without reducing homi-

cides very much.

After a mass shooting in 1996, Australia passed a massive gun control law called the Na-

tional Firearms Agreement (NFA). The law illegalized, bought back, and destroyed almost one

million firearms by 1997, mandated that all non-destroyed firearms be registered, and required

a lengthy waiting period for firearm sales.

Democrats and Republicans have each pointed to the NFA as evidence for/against stricter

gun laws. This question asks about the effect of the NFA on the homicide rate in Australia.

In the five years before the NFA (1991-1996), there were 319.8 homicides per year in Aus-

tralia. In the five years after the NFA (1998-2003), how many homicides were there per year

in Australia?

Correct answer: 318.6.

Sources linked on results page: http://bit.ly/australia-homicide-rate (Suicides de-

clined substantially, however. For details: http://bit.ly/impact-australia-gun-laws.)

Media Bias

Some people believe that the media is unfairly biased towards Democrats, while some believe

it is balanced, and others believe it is biased towards Republicans.

This question asks whether journalists are more likely to be Democrats than Republicans.

A representative sample of journalists were asked about their party affiliation. Of those
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either affiliated with either the Democratic or Republican Party, what percent of journalists

are Republicans?

(Please guess between 0 and 100.)

Correct answer: 19.8.

Source linked on results page: http://bit.ly/journalist-political-affiliation

Party Relative Performance

Subjects are randomly assigned to see either the Democrats’ score (and asked to predict the

Republicans’ score) or to see the Republicans’ score (and asked to predict the Democrats’

score).

Democrats’ Relative Performance

This question asks whether you think Democrats or Republicans did better on this study

about political and U.S. knowledge. I’ve compared the average points scored by Democrats

and Republicans among 100 participants (not including yourself).

The Republicans scored 70.83 points on average.

How many points do you think the Democrats scored on average?

(Please guess between 0 and 100)

Correct answer: 72.44.

Republicans’ Relative Performance

This question asks whether you think Democrats or Republicans did better on this study

about political and U.S. knowledge. I’ve compared the average points scored by Democrats

and Republicans among 100 participants (not including yourself).

The Democrats scored 72.44 points on average.

How many points do you think the Republicans scored on average?

(Please guess between 0 and 100)
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Correct answer: 70.83.

Own Relative Performance

How well do you think you performed on this study about political and U.S. knowledge? I’ve

compared the average points you scored for all questions (prior to this one) to that of 100

other participants.

How many of the 100 do you think you scored higher than?

(Please guess between 0 and 100.)

Correct answer: Depends on participant’s performance.

Random Number

A computer will randomly generate a number between 0 and 100. What number do you think

the computer chose?

(As a reminder, it is in your best interest to guess an answer that is close to the computer’s

choice, even if you don’t perfectly guess it.)

Correct answer: Randomly generated for each participant.

Latitude of Center of the United States

The U.S. National Geodetic Survey approximated the geographic center of the continental

United States. (This excludes Alaska and Hawaii, and U.S. territories.)

How many degrees North is this geographic center?

(Please guess between 0 and 90. The continental U.S. lies in the Northern Hemisphere, the

Equator is 0 degrees North, and the North Pole is 90 degrees North.)

Correct answer: 39.833.

Source linked on results page: http://bit.ly/center-of-the-us
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Longitude of Center of the United States

The U.S. National Geodetic Survey approximated the geographic center of the continental

United States. (This excludes Alaska and Hawaii, and U.S. territories.)

How many degrees West is this geographic center?

(Please guess between 0 and 180. The continental U.S. lies in the Western Hemisphere,

which ranges from 0 degrees West to 180 degrees West.)

Correct answer: 98.583.

Source linked on results page: http://bit.ly/center-of-the-us

Comprehension Check: Current Year

In 1776 our fathers brought forth, upon this continent, a new nation, conceived in Liberty,

and dedicated to the proposition that all men are created equal.

What is the year right now?

This is not a trick question and the first sentence is irrelevant; this is a comprehension

check to make sure you are paying attention. For this question, your lower and upper bounds

should be equal to your guess if you know what year it currently is.

Correct answer: 2018.

Source linked on results page: http://bit.ly/what-year-is-it
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A.4 Replication

I preregistered a replication for the findings from this paper. In particular, I ran this in con-

junction with a debiasing treatment; the replication tests whether the control group from that

sample satisfies the hypotheses from this experiment. This section reports all replication re-

sults that were specified in the pre-analysis plan in Thaler (2019).

There are a few differences between the replication sample and the original sample. The

replication was conducted approximately one year later, on July 8-9, 2019. The replication

questions included additional topics and variants of the original questions.11 There were no

neutral questions.

The sample includes 1,050 subjects recruited from Amazon’s Mechanical Turk platform that

passed pre-specified comprehension checks that are akin to those in the original experiment.

356 subjects never received a treatment and 694 subjects received a treatment after the end of

round 3. As such, the control group includes 1,050 subjects for the first three rounds, and 356

subjects in the remaining rounds. The debiasing treatment group observations are dropped

from all analyses. There are 982 subjects who are either Pro-Rep or Pro-Dem, and these sub-

jects give 5,314 news veracity assessments on politicized topics.

A.4.1 Primary Outcomes

The most important primary outcome results are strongly replicated. As seen in the first col-

umn of Table A.5, subjects give statistically significantly higher assessments to Pro-Party

news than to Anti-Party news (p < 0.001).12 The second column shows that this gap is in-

creasing in partisanship (p = 0.006).
11In particular, two new politicized topics were added: Wage Growth and Healthcare. On six of

the politicized topics, subjects received different versions of the original question as part of a separate
experiment on positivity-motivated reasoning.

12The coefficient is smaller in the replication, due in large part to the new added questions. On
the questions with the exact same wording as the original study, the treatment effect for is 7.1 per-
centage points (s.e. 1.2 percentage points). On other politicized questions, the treatment effect is 3.5
percentage points (s.e. 1.0 percentage points). Of the original questions, the effects on the following
topics were significant at p < 0.05 in the predicted direction: Climate Change, Race, Refugees, Gun
Laws, Party Performance, Own Performance. The effects on the following topics were not significant at
p < 0.05: Obama and Crime, Gender, Media.
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The next-most important primary outcome results are strongly replicated. Table A.5 shows

that subjects give statistically significantly higher assessments to Fake News than to True

News. This holds both when Pro-Party / Anti-Party news is not controlled for (column 3)

and when Pro-Party / Anti-Party news is controlled for (column 4); both results are signifi-

cant at p < 0.001.

The main alternative measure of motivated reasoning is suggestively replicated. As seen in

the first column of Table A.6, results suggest that subjects are more likely to update in the

direction of the Pro-Party message compared to the Anti-Party message (p = 0.055).13 The

third column shows that, as in Section 1.5.4, this difference vanishes once the news veracity

assessment measure is controlled for.

A.4.2 Secondary Outcomes

The underperformance result is strongly replicated. Subjects score 66.3 points (s.e. 0.4 points)

on politicized news assessments and 65.5 points (s.e. 1.6 points) on performance news assess-

ments on average. Both of these are statistically significantly lower than 75 points, the score

that subjects would receive if they had answered “5/10 chance the message came from True

News” (p < 0.001).

The result that subjects’ confidence intervals are overprecise is strongly replicated. On

politicized topics, subjects’ 50 percent confidence intervals contain the correct answer 44.1

percent of the time (s.e. 0.8 percent); this is statistically significantly different from 50 percent

(p < 0.001). As seen in Table A.7, the result that this measure of overprecision is increasing in

partisanship is suggestive (p = 0.066).

The two polarization results are replicated. On politicized topics, Table A.6 shows that sub-

jects are statistically significantly more likely to follow Polarizing news than anti-Polarizing

news (p = 0.031).14 Subjects also state initial medians that are more likely to be in the Pro-
13As with the main effect, the coefficient is smaller in the replication, due in large part to the new

questions. On the questions with the exact same wording as the original study, the treatment effect
for is 5.7 percentage points (s.e. 2.6 percentage points). On other politicized questions, the treatment
effect is 2.0 percentage points (s.e. 2.6 percentage points).

14As in Section 1.5.4, this difference vanishes once the news assessment measure is controlled for.
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Party direction (p < 0.001).

A.4.3 Untested Replications

I did not register replication tests for other results. Given the limited sample size, there would

be insufficient statistical power for detecting effect sizes similar to the ones in the original

experiment. Performance-driven motivated reasoning and overconfidence tests were not pre-

specified.15 Demographic heterogeneity, robustness exercises, and minor results were also not

tested. Further work can test whether these results replicate on a larger sample.

15Results, however, are broadly similar to those in the main experiment. For instance, subjects as-
sess Pro-Performance news to be 8.0 percentage points higher than Anti-Performance news (s.e. 2.6
percentage points; p = 0.003). Subjects expect to place 7.2 percentiles higher than they actually place
relative to 100 pilot subjects (s.e. 1.6 percentiles; p < 0.001). Both of these are only significant for male
subjects.
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Replication Tables

Table A.5: The Effect of News Direction and Actual Veracity on
Perceived Veracity: Replication

(1) (2) (3) (4)

Pro-Party News 0.053∗∗∗ 0.010 0.046∗∗∗

(0.009) (0.018) (0.009)

Partisanship x 0.044∗∗∗

Pro-Party (0.016)

True News -0.043∗∗∗ -0.033∗∗∗

(0.009) (0.009)

Question FE Yes Yes Yes Yes

Round FE Yes Yes Yes Yes

Subject FE Yes Yes Yes Yes

Observations 5314 5314 5314 5314

R2 0.32 0.32 0.32 0.33

Mean 0.578 0.578 0.578 0.578

Standard errors in parentheses

∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01

Notes: OLS, errors clustered at subject level. Only Pro-

Party / Anti-Party news observations. Partisanship is the

absolute difference between ratings of the Republican and

Democratic parties.
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Table A.6: Changing Guess to Follow Message Given News Direc-
tion: Replication

(1) (2) (3) (4)

Pro-Party News 0.038∗ -0.020

(0.020) (0.018)

Polarizing News 0.040∗∗ -0.018

(0.019) (0.017)

P(True) 1.108∗∗∗ 1.107∗∗∗

(0.055) (0.055)

Question FE Yes Yes Yes Yes

Round FE Yes Yes Yes Yes

Subject FE Yes Yes Yes Yes

Observations 5314 5314 5314 5314

R2 0.34 0.34 0.48 0.48

Mean 0.654 0.654 0.654 0.654

Standard errors in parentheses

∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01

Notes: OLS, errors clustered at subject level. Partisanship

is the absolute difference between ratings of the Republican

and Democratic parties. Only Pro-Party / Anti-Party news

observations. Polarizing News is defined as news that tells

subjects that, compared to their initial guess, the answer

is in the opposite direction from the population mean. De-

pendent variable is 1 if subjects change their guess upwards

when the message says “Greater Than” or downwards when

the message says “Less Than,” -1 if they change their guess

in the opposite direction, and 0 if they do not change their

guess.
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Table A.7: Overprecision and Partisanship: Repli-
cation

(1) (2)

Partisanship 0.055∗ 0.055∗

(0.030) (0.030)

Subject controls No Yes

Observations 5314 5314

R2 0.00 0.01

Standard errors in parentheses

∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01

Notes: OLS, errors clustered at subject

level. Only politicized topics included.

Partisanship is the absolute difference

between ratings of the Republican and

Democratic parties. Subject controls are

race, gender, age, log(income), educa-

tion, religion, and whether home state

voted for Trump or Clinton in 2016.
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A.5 Online Appendix: Additional Robustness for Table 1.2

This section presents additional robustness checks for the main results in Table 1.2. These re-

sults are similar for each treatment, if subjects who fail comprehension checks are included

instead of excluded, and if the dependent variable is the logit probability of news veracity as-

sessments instead of the assessments themselves.

Main Results by Treatment

First, we look at Table 1.2 by treatment; recall that there are two independent treatment

arms. For the first treatment arm, half of subjects are asked to give a second guess to the

original question in addition to their news veracity assessment after receiving the message;

the other half do not, but have one round in which their willingness-to-pay for a message is

elicited.

For the second treatment arm, one-third of subjects are told in the instructions that “Whether

you get your message from True News or Fake News is random and each source is equally

likely.” The other two-thirds are told that “Whether you get your message from True News

or Fake News is random.” That is, one-third of subjects are given a 50-50 prior, and the other

two-thirds are not.

The main takeaway is that neither treatment arm substantially affects the main results, and

neither arm affects the mean veracity assessment.
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Table A.8: The Effect of News Direction and Actual Veracity on Perceived Veracity:
Second-Guess Treatment

(1) (2) (3) (4) (5) (6)

Pro-Party News 0.090∗∗∗ 0.092∗∗∗ 0.040∗∗ 0.031∗∗∗ 0.081∗∗∗

(0.009) (0.010) (0.019) (0.009) (0.010)

Partisanship x 0.055∗∗∗

Pro-Party (0.018)

Anti-Party News -0.057∗∗∗

(0.010)

True News -0.061∗∗∗ -0.035∗∗∗

(0.009) (0.009)

Neutral News No No No Yes No No

Question FE Yes Yes Yes No Yes Yes

Round FE Yes Yes Yes Yes Yes Yes

Subject controls Yes No No No No No

Subject FE No Yes Yes Yes Yes Yes

Observations 4085 4085 4085 5455 4085 4085

R2 0.05 0.24 0.25 0.20 0.23 0.25

Mean 0.577 0.577 0.577 0.580 0.577 0.577

Standard errors in parentheses
∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01

Notes: OLS, errors clustered at subject level. Neutral News indicates that Pro-

Party / Anti-Party news assessments are compared to assessments on Neutral

topics. These classifications are defined in Table 1.1. Controls: race, gender,

log(income), years of education, religion, and state. Partisanship is the absolute

difference between ratings of the Republican and Democratic parties. Observations

only for Second-Guess treatment.
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Table A.9: The Effect of News Direction and Actual Veracity on Perceived Veracity:
Willingness-to-Pay Treatment

(1) (2) (3) (4) (5) (6)

Pro-Party News 0.095∗∗∗ 0.085∗∗∗ 0.040∗∗ 0.043∗∗∗ 0.074∗∗∗

(0.009) (0.009) (0.018) (0.010) (0.009)

Partisanship x 0.045∗∗∗

Pro-Party (0.015)

Anti-Party News -0.039∗∗∗

(0.010)

True News -0.056∗∗∗ -0.032∗∗∗

(0.009) (0.009)

Neutral News No No No Yes No No

Question FE Yes Yes Yes No Yes Yes

Round FE Yes Yes Yes Yes Yes Yes

Subject controls Yes No No No No No

Subject FE No Yes Yes Yes Yes Yes

Observations 3817 3817 3817 5097 3817 3817

R2 0.05 0.25 0.25 0.22 0.24 0.26

Mean 0.569 0.569 0.569 0.568 0.569 0.569

Standard errors in parentheses
∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01

Notes: OLS, errors clustered at subject level. Neutral News indicates that Pro-

Party / Anti-Party news assessments are compared to assessments on Neutral

topics. These classifications are defined in Table 1.1. Controls: race, gender,

log(income), years of education, religion, and state. Partisanship is the absolute

difference between ratings of the Republican and Democratic parties. Observations

only for Willingness-to-Pay treatment.

148



Table A.10: The Effect of News Direction and Actual Veracity on Perceived Veracity:
Given 50-50 Prior Treatment

(1) (2) (3) (4) (5) (6)

Pro-Party News 0.090∗∗∗ 0.088∗∗∗ 0.068∗∗∗ 0.046∗∗∗ 0.078∗∗∗

(0.011) (0.011) (0.021) (0.011) (0.012)

Partisanship x 0.021

Pro-Party (0.019)

Anti-Party News -0.040∗∗∗

(0.013)

True News -0.056∗∗∗ -0.029∗∗

(0.011) (0.012)

Neutral News No No No Yes No No

Question FE Yes Yes Yes No Yes Yes

Round FE Yes Yes Yes Yes Yes Yes

Subject controls Yes No No No No No

Subject FE No Yes Yes Yes Yes Yes

Observations 2674 2674 2674 3568 2674 2674

R2 0.06 0.27 0.27 0.22 0.25 0.27

Mean 0.572 0.572 0.572 0.571 0.572 0.572

Standard errors in parentheses
∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01

Notes: OLS, errors clustered at subject level. Neutral News indicates that Pro-

Party / Anti-Party news assessments are compared to assessments on Neutral

topics. These classifications are defined in Table 1.1. Controls: race, gender,

log(income), years of education, religion, and state. Partisanship is the absolute

difference between ratings of the Republican and Democratic parties. Observa-

tions only for Given 50-50 Prior treatment.
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Table A.11: The Effect of News Direction and Actual Veracity on Perceived Veracity:
Not Given 50-50 Prior Treatment

(1) (2) (3) (4) (5) (6)

Pro-Party News 0.093∗∗∗ 0.088∗∗∗ 0.024 0.033∗∗∗ 0.077∗∗∗

(0.008) (0.008) (0.016) (0.008) (0.008)

Partisanship x 0.065∗∗∗

Pro-Party (0.014)

Anti-Party News -0.052∗∗∗

(0.009)

True News -0.061∗∗∗ -0.037∗∗∗

(0.008) (0.008)

Neutral News No No No Yes No No

Question FE Yes Yes Yes No Yes Yes

Round FE Yes Yes Yes Yes Yes Yes

Subject controls Yes No No No No No

Subject FE No Yes Yes Yes Yes Yes

Observations 5228 5228 5228 6984 5228 5228

R2 0.05 0.24 0.24 0.20 0.22 0.24

Mean 0.574 0.574 0.574 0.576 0.574 0.574

Standard errors in parentheses
∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01

Notes: OLS, errors clustered at subject level. Neutral News indicates that Pro-

Party / Anti-Party news assessments are compared to assessments on Neutral

topics. These classifications are defined in Table 1.1. Controls: race, gender,

log(income), years of education, religion, and state. Partisanship is the absolute

difference between ratings of the Republican and Democratic parties. Observations

only for Not Given 50-50 Prior treatment.
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Results Without Comprehension Checks

The main results do not include subjects who fail attention and comprehension checks. As

such, 313 of 1300 subjects are removed from the analysis. This subsection does the analy-

sis without remove any subjects. Results are directionally identical when all subjects are in-

cluded.
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Table A.12: The Effect of News Direction and Actual Veracity on Perceived Veracity:
Including Subjects Who Fail Comprehension Checks

(1) (2) (3) (4) (5) (6)

Pro-Party News 0.075∗∗∗ 0.071∗∗∗ 0.027∗∗∗ 0.031∗∗∗ 0.064∗∗∗

(0.005) (0.006) (0.010) (0.006) (0.006)

Partisanship x 0.048∗∗∗

Pro-Party (0.010)

Anti-Party News -0.038∗∗∗

(0.006)

True News -0.043∗∗∗ -0.026∗∗∗

(0.006) (0.006)

Neutral News No No No Yes No No

Question FE Yes Yes Yes No Yes Yes

Round FE Yes Yes Yes Yes Yes Yes

Subject controls Yes No No No No No

Subject FE No Yes Yes Yes Yes Yes

Observations 10478 10478 10478 13991 10478 10478

R2 0.03 0.30 0.30 0.27 0.29 0.30

Mean 0.560 0.560 0.560 0.561 0.560 0.560

Standard errors in parentheses
∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01

Notes: OLS, errors clustered at subject level. Neutral News indicates that Pro-

Party / Anti-Party news assessments are compared to assessments on Neutral

topics. These classifications are defined in Table 1.1. Controls: race, gender,

log(income), years of education, religion, and state. Partisanship is the absolute

difference between ratings of the Republican and Democratic parties. Observations

include subjects who failed comprehension checks.
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Results Using Logit Veracity Assessments

The model suggests that the relevant dependent variable is logit(P(True)) instead of P(True).

Table A.13 is the same as Table 1.2 but with this new dependent variable. Technically, since

logit(0) and logit(1) are undefined, they are replaced here with logit(0.025) and logit(0.975).16

16Subjects choose P(True) = 0 to maximize expected earnings if and only if they believe P(True)
∈ [0, 0.05]. 0.025 is the midpoint of this range. Results are similar if 0.05 is chosen or if these observa-
tions are removed.
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Table A.13: The Effect of News Direction and Actual Veracity on Perceived Veracity:
Logit Veracity Assessments

(1) (2) (3) (4) (5) (6)

Pro-Party News 0.507∗∗∗ 0.486∗∗∗ 0.208∗∗∗ 0.165∗∗∗ 0.423∗∗∗

(0.037) (0.039) (0.076) (0.041) (0.040)

Partisanship x 0.287∗∗∗

Pro-Party (0.068)

Anti-Party News -0.302∗∗∗

(0.044)

True News -0.330∗∗∗ -0.193∗∗∗

(0.038) (0.038)

Neutral News No No No Yes No No

Question FE Yes Yes Yes No Yes Yes

Round FE Yes Yes Yes Yes Yes Yes

Subject controls Yes No No No No No

Subject FE No Yes Yes Yes Yes Yes

Observations 7902 7902 7902 10552 7902 7902

R2 0.04 0.25 0.25 0.21 0.23 0.25

Mean 0.391 0.391 0.391 0.405 0.391 0.391

Standard errors in parentheses
∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01

Notes: Dependent variable is logit(P(True)). OLS, errors clustered at subject

level. Neutral News indicates that Pro-Party / Anti-Party news assessments are

compared to assessments on Neutral topics. These classifications are defined in

Table 1.1. Controls: race, gender, log(income), years of education, religion, and

state. Partisanship is the absolute difference between ratings of the Republican

and Democratic parties.
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Table A.14: The Effect of News Direction and Actual Veracity on Perceived Veracity:
Rounds 1-6

(1) (2) (3) (4) (5) (6)

Pro-Party News 0.080∗∗∗ 0.077∗∗∗ 0.047∗∗ 0.030∗∗∗ 0.069∗∗∗

(0.009) (0.011) (0.021) (0.010) (0.011)

Partisanship x 0.031∗

Pro-Party (0.019)

Anti-Party News -0.045∗∗∗

(0.011)

True News -0.046∗∗∗ -0.024∗∗

(0.011) (0.011)

Neutral News No No No Yes No No

Question FE Yes Yes Yes No Yes Yes

Round FE Yes Yes Yes Yes Yes Yes

Subject controls Yes No No No No No

Subject FE No Yes Yes Yes Yes Yes

Observations 3521 3521 3521 4919 3521 3521

R2 0.04 0.36 0.36 0.28 0.35 0.36

Mean 0.562 0.562 0.562 0.563 0.562 0.562

Standard errors in parentheses
∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01

Notes: OLS, errors clustered at subject level. Neutral News indicates that Pro-

Party / Anti-Party news assessments are compared to assessments on Neutral

topics. These classifications are defined in Table 1.1. Controls: race, gender,

log(income), years of education, religion, and state. Partisanship is the absolute

difference between ratings of the Republican and Democratic parties. Observa-

tions only for rounds 1-6.
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Table A.15: The Effect of News Direction and Actual Veracity on Perceived Veracity:
Rounds 7-12

(1) (2) (3) (4) (5) (6)

Pro-Party News 0.095∗∗∗ 0.090∗∗∗ 0.042∗ 0.040∗∗∗ 0.078∗∗∗

(0.009) (0.011) (0.022) (0.010) (0.011)

Partisanship x 0.050∗∗∗

Pro-Party (0.019)

Anti-Party News -0.046∗∗∗

(0.011)

True News -0.067∗∗∗ -0.044∗∗∗

(0.011) (0.011)

Neutral News No No No Yes No No

Question FE Yes Yes Yes No Yes Yes

Round FE Yes Yes Yes Yes Yes Yes

Subject controls Yes No No No No No

Subject FE No Yes Yes Yes Yes Yes

Observations 3485 3485 3485 4737 3485 3485

R2 0.04 0.37 0.37 0.30 0.36 0.37

Mean 0.586 0.586 0.586 0.587 0.586 0.586

Standard errors in parentheses
∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01

Notes: OLS, errors clustered at subject level. Neutral News indicates that Pro-

Party / Anti-Party news assessments are compared to assessments on Neutral

topics. These classifications are defined in Table 1.1. Controls: race, gender,

log(income), years of education, religion, and state. Partisanship is the absolute

difference between ratings of the Republican and Democratic parties. Observations

only for rounds 7-12.
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Figure A.5: Round-by-Round Effects of News Direction on Perceived Veracity

Notes: OLS regression coefficients, errors clustered at subject level. FE included for
round number and topic. Pro-Motive (vs. Anti-Motive) news is defined in Table 1.1.
Error bars correspond to 95 percent confidence intervals.
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A.6 Online Appendix: Study Materials

A.6.1 Flow of Experiment

Subjects see a series of pages in the following order:

• Introduction and Consent

• Demographics and Current Events Quiz

• Opinions

• Instructions for Question Pages

• Question 1

• Instructions for News Assessment Pages

• News Assessment 1

• Question 2, News Assessment 2, …, Question 14, News Assessment 14

• Feedback

• Results and Payment

Screenshots for each of the pages are in the following subsection. Exact question wordings are

in the following subsection. Red boxes are not shown to subjects and are included for illus-

tration purposes only. Results pages here are cut off after three questions, but all results are

shown to subjects. Choices on the Demographics page and statements on the Opinions page

are randomly ordered.

Subjects in the Willingness-To-Pay treatment see the News Valuation page between Ques-

tion 12 and News Assessment 12. They see the black bar page if their elicited valuation is

lower than the random number.

Subjects in the Second Guess treatment see the version of the News Assessment page with

the message “After seeing this message and assessing its truthfulness, what is your guess of

the answer to the original question?”
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A.6.2 Study Materials
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Figure A.6: Crime Under Obama question page.
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Figure A.7: Crime Under Obama news assessment page.
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Figure A.8: Crime Under Obama news assessment page: Second Guess question.
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B
Appendix for Chapter 2

B.1 Additional Tables
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B.1.1 Balance Table

Negative News Positive News Neg vs. Pos p-value

Democrat 0.479 0.468 0.011 0.567

(0.014) (0.014) (0.020)

Republican 0.195 0.193 0.002 0.911

(0.011) (0.011) (0.016)

Male 0.550 0.532 0.018 0.353

(0.014) (0.014) (0.020)

Female 0.442 0.458 -0.016 0.406

(0.014) (0.014) (0.020)

Age 35.353 35.732 -0.379 0.357

(0.291) (0.290) (0.411)

Education 14.919 14.873 0.046 0.538

(0.052) (0.054) (0.075)

Log(Income) 10.833 10.853 -0.021 0.520

(0.023) (0.022) (0.032)

White 0.745 0.730 0.015 0.374

(0.012) (0.012) (0.017)

Black 0.090 0.088 0.002 0.881

(0.008) (0.008) (0.011)

Hispanic 0.046 0.057 -0.012 0.180

(0.006) (0.006) (0.009)

Asian 0.087 0.090 -0.003 0.789

(0.008) (0.008) (0.011)

Religious 0.470 0.479 -0.009 0.649

(0.014) (0.014) (0.020)

N 1248 1306 2554

Notes: Standard errors in parentheses. Positive and Negative News are defined in text. Education in

years. Religious is 1 if subject affiliates with any religious group.

176



B.2 Study Materials: Exact Question Wordings

Infant Mortality

The CDC provides statistics for mortality rates for infants. In 1997, there were 28.0 thousand

infant deaths in the United States.

How many thousands of infant deaths in the United States were there in 2017 (the most

recent year available)?

(If you answer X, it means you think that there were X thousand deaths.)

Correct answer: 22.3.

Source linked on results page: https://www.cdc.gov/nchs/data/nvsr/nvsr68/nvsr68_

10-508.pdf

Others’ Happiness

Many surveys ask the following question about subjective happiness:

“Please imagine a ladder with steps numbered from zero at the bottom to ten at the top.

Suppose we say that the top of the ladder represents the best possible life for you and the

bottom of the ladder represents the worst possible life for you. If the top step is 10 and the

bottom step is 0, on which step of the ladder do you feel you personally stand at the present

time?”

In 2006, the average subjective happiness level in the United States was 7.18 out of 10.

What was the average subjective happiness level in the US in 2018?

Correct answer: 6.88.

Source linked on results page: https://ourworldindata.org/happiness-and-life-satisfaction

Cancer in Children

Acute Myeloid Leukemia (AML) is a devastating illness in which cancerous cells emerge in the

bone marrow, invade the blood stream, and may spread to the rest of the body. Tragically,
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hundreds to thousands of children under the age of 15 are diagnosed with AML each year; it

is one of the most common cancers among children.

Of children under the age of 15 who are diagnosed with AML, what percent survive for at

least 5 years?

(Please guess between 0 and 100.)

Correct answer: 68.8.

Source linked on results page: https://www.lls.org/facts-and-statistics/overview/

childhood-blood-cancer-facts-and-statistics

Global Poverty

Around the world, many people do not have enough money for basic necessities. The World

Bank defines extreme poverty as having less than the equivalent of $1.90 per day.

In 1990, the World Bank estimated that 1897 million people around the world were living

in extreme poverty.

As of 2015 (the most recent year available), how many milllions of people around the world

live in extreme poverty?

(If you answer X, it means you think that X million people live in extreme poverty.)

Correct answer: 731.

Source linked on results page: http://povertydata.worldbank.org/poverty/home/

Armed Conflict

The Department of Peace and Conflict Research estimates that 45.8 thousand people were

killed per year in battles in the fifteen years from 1989-2003.

How many thousands of people were killed per year in battles in the fifteen years from 2004-

2018?

(If you answer X, it means you think that X thousand people were killed per year.)

Correct answer: 48.12
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Source linked on results page: https://www.pcr.uu.se/digitalAssets/667/c_667494-l_

1-k_battle-related-deaths-by-region--1989-2018.pdf

Latitude of Center of the United States

The U.S. National Geodetic Survey approximated the geographic center of the continental

United States. (This excludes Alaska and Hawaii, and U.S. territories.)

How many degrees North is this geographic center?

(Please guess between 0 and 90. The continental U.S. lies in the Northern Hemisphere, the

Equator is 0 degrees North, and the North Pole is 90 degrees North.)

Correct answer: 39.833.

Source linked on results page: http://bit.ly/center-of-the-us

Comprehension Check: Current Year

In 1776 our fathers brought forth, upon this continent, a new nation, conceived in Liberty,

and dedicated to the proposition that all men are created equal.

What is the year right now?

This is not a trick question and the first sentence is irrelevant; this is a comprehension

check to make sure you are paying attention. For this question, your lower and upper bounds

should be equal to your guess if you know what year it currently is.

Correct answer: 2019.

Source linked on results page: http://bit.ly/what-year-is-it
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B.3 Study Materials: Pages in Experiment
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C
Appendix for Chapter 3

C.1 Additional Figures

188



Figure C.1: POI Visits in 2019
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Note: Figure shows the aggregate number of POI visits (normalized to one) for ten weeks starting on

January 27, 2019 for Republican counties and Democratic counties. Republican counties are defined to

be those whose 2016 Republican vote share is greater than the median vote share across the counties in

our sample.
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Figure C.2: Partisan Differences in Social Distancing, 2019

(a) Panel A: Only County & Time FE
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(b) Panel B: Adds State-Time FE
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(c) Panel C: Adds Health + Econ Controls
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Note: Figure shows the estimated coefficients for county partisanship ρi on the log number of POI visits in the county

as in Figure 3.4, except that ten weeks of data from January 27, 2019 are used instead of January 26, 2020. For Panel

A, only county and time fixed effects are included as controls. Panel B is the same as Panel A except state-time fixed

effects replace the time fixed effects. Panel C is the same as Panel B except the health and economic covariates are in-

cluded. The grey error bars indicate 95 percent confidence intervals constructed using standard errors clustered at the

county-level. 190



Figure C.3: Partisan Differences in Social Distancing, Robustness

Panel A: Dropping Controls

(a) Drops COVID-19 Controls
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(b) Drops Economic Controls
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(c) Drops All Health Controls
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Panel B: Additional Specifications

(d) Linear Controls
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(e) Adds Hispanic and Income

l

l l

l

l
l

l

l

l
l l

l l
l

−0.5

0.0

0.5

1.0

Jan 26
Feb 2

Feb 9

Feb 16
Feb 23
M

ar 1
M

ar 8
M

ar 15
M

ar 22
M

ar 29
Apr 5

Apr 12
Apr 19
Apr 26

Week

P
ar

tis
an

 D
iff

er
en

ce

(f) Drops State-Time FE
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Panel C: Partisanship Indicators

(g) Above or Below Median
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(h) Top or Bottom Quartile
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(i) Top or Bottom Decile
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Note: Figure shows the estimated coefficients for county partisanship ρi on the log number of POI visits in the county.

The specifications are analogous to our baseline in Panel C of Figure 3.4 except with the following deviations.

• Panel A: The first plot drops the COVID-19 cases and deaths controls; the second plot drops the economic

controls; and the third plot drops all of the health controls, including the COVID-19 ones.

• Panel B: The first plot does not allow the coefficients on the controls to vary over time and interacts time-

invariant controls with a linear time trend; the second plot adds the share Hispanic and the share with income

less than 60k with time-varying coefficients; and the third plot drops the state-time fixed effects.

• Panel C: The first plot defines partisanship ρi to be 1 if Trump’s vote share is greater than the median and -1

otherwise; the second plot defines partisanship ρi to be 1 if Trump’s vote share is in the top quartile, -1 if in the

bottom quartile, and 0 otherwise; and the third plot defines partisanship ρi to be 1 if Trump’s vote share is in

the top decile, -1 if in the bottom decile, and 0 otherwise.
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Figure C.3: (continued) Partisan Differences in Social Distancing, Robustness.

Panel D: Sample Restrictions and First Differences
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(b) Drop CA, WA, and NY
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(c) First Differences
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Panel E: Sample Restrictions by Vote Shares
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(e) Above Median Vote Share
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(f) Below Median Vote Share
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Panel F: Weighting, State Clustering, and Alternative Start Date

(g) Weight by Population

l
l l

l l

l

l

l

l

l
l

l
l

l

−0.5

0.0

0.5

1.0

Jan 26
Feb 2

Feb 9

Feb 16
Feb 23
M

ar 1
M

ar 8
M

ar 15
M

ar 22
M

ar 29
Apr 5

Apr 12
Apr 19
Apr 26

Week

P
ar

tis
an

 D
iff

er
en

ce

(h) Cluster SEs by State

l

l l

l
l

l

l

l

l
l

l
l l l

−0.5

0.0

0.5

1.0

Jan 26
Feb 2

Feb 9

Feb 16
Feb 23
M

ar 1
M

ar 8
M

ar 15
M

ar 22
M

ar 29
Apr 5

Apr 12
Apr 19
Apr 26

Week

P
ar

tis
an

 D
iff

er
en

ce

(i) Drop Week of January 26
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Note: Figure shows the estimated coefficients for county partisanship ρi on the log number of POI visits in the county.

The specifications are analogous to our baseline in Panel C of Figure 3.4 except with the following deviations.

• Panel D: The first plot only keeps counties with a population below 500,000; the second plot drops California,

Washington, and New York; and the third plot shows the estimated coefficients for county partisanship ρi on the

change in the log number of POI visits in the county while dropping county fixed effects.

• Panel E: The first plot drops counties for which Trump’s vote share was in the bottom or top decile; the second

plot keeps counties for which Trump’s vote share is greater than the median; and the third plot keeps counties for

which Trump’s vote share is less than or equal to the median.

• Panel F: The first plot weights observations by the county’s population. The second plot clusters standard errors

at the state-level. The third plot drops the week of January 26 and normalizes the estimates relative to the week

of February 2. 192



Figure C.3: (continued) Partisan Differences in Social Distancing, Robustness.

Panel G: Alternative Measures
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Note: Figure shows the estimated coefficients for county partisanship ρi on the log number of POI visits in the county.

The specifications are analogous to our baseline in Panel C of Figure 3.4 except with the following deviations.

• Panel G: The first plot is analogous to ‘Share Devices Leaving Home’ in Figure 3.7, except that it does not

account for differential sample attrition. Specifically, the outcome is defined to be number of devices observed

leaving home divided by the share of devices in the panel for the same period.
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Figure C.4: Partisan Differences in Social Distancing, Precinct

(a) Precinct + Time FE
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(b) Adds State-Time FE
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(c) Adds Health + Econ Controls
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(d) Adds County-Time FE
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Note: Figure shows the estimated coefficients for precinct partisanship ρi on the log number of POI visits in the precinct

using the specification outlined in the main text. For Panel A, only precinct and time fixed effects are included as con-

trols. Panel B is the same as Panel A except state-time fixed effects replace the time fixed effects. Panel C is the same as

Panel B except the health and economic covariates are included. Panel D is the same as panel C excpet that county-time

fixed effects replace the state-time fixed effects, the county-level COVID-19 controls are also dropped in this specifica-

tion. The grey error bars indicate 95 percent confidence intervals constructed using standard errors clustered at the

county-level.
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Figure C.5: Partisan Differences in Social Distancing, Precinct 2019

(a) Precinct + Time FE
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(b) Adds State-Time FE
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(c) Adds Health + Econ Controls
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(d) Adds County-Time FE
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Note: Figure shows the estimated coefficients for precinct partisanship ρi on the log number

of POI visits in the precinct. The figure mirrors Appendix Figure C.4, except that ten weeks of

data from January 27, 2019 are used instead of January 26, 2020. For Panel A, only precinct and

time fixed effects are included as controls. Panel B is the same as Panel A except state-time

fixed effects replace the time fixed effects. Panel C is the same as Panel B except the health

and economic covariates are included. Panel D is the same as panel C excpet that county-time

fixed effects replace the state-time fixed effects, the county-level COVID-19 controls are also

dropped in this specification. The grey error bars indicate 95 percent confidence intervals

constructed using standard errors clustered at the county-level.
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Figure C.6: Partisan Differences in Beliefs and Actions: Unweighted
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Note: This figure shows coefficient plots of regressing normalized measures of beliefs and actions on party, without

weighting observations. Positive values indicate less concern about COVID-19 or social distancing. Demographic controls

are age, race, income, education, number of children, ZIP code logged population density, state, county-level deaths

and cases. 2 percent of observations are set to the mean due to an invalid ZIP code. Incentivized includes controls and

restricts sample to subjects given accuracy incentives. Predicted U.S. cases are predictions about the number of new

COVID-19 cases in the U.S. in April; self-reported social distancing is the percent reduction in contact with others over

one month; effectiveness of distancing is the estimated likelihood of catching COVID-19 in one month without social

distancing; importance of distancing vs. economy is subjects’ perception of whether it is more important to go out

and stimulate the economy versus staying in and preventing the spread of COVID-19. Error bars represent 95 percent

confidence intervals.
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Figure C.7: Effect of Incentives on Beliefs
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Note: This plot shows coefficient plots of regressing beliefs on party, with and without incentives for getting close to the

correct answer. Trump disapproval is a low-stakes question that is susceptible to partisan cheerleading (Bullock et al.

2015; Prior et al. 2015). These results show that predicting COVID-19 cases does not appear susceptible to the same be-

havior. Observations weighted to mimic a representative sample as described in the text. Error bars represent 95 percent

confidence intervals.
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Figure C.8: Partisan Differences in Beliefs and Actions: County Fixed Effects
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Note: This figure shows coefficient plots of regressing normalized measures of beliefs and actions on party. Positive values

indicate less concern about COVID-19 or social distancing. Demographic controls are age, race, income, education, num-

ber of children, ZIP code logged population density, county. 21.5 percent of observations are dropped due to an invalid

ZIP code or unique county. Observations weighted to mimic a representative sample as described in the text. Incen-

tivized includes controls and restricts sample to subjects given accuracy incentives. Predicted U.S. cases are predictions

about the number of new COVID-19 cases in the U.S. in April; self-reported social distancing is the percent reduction

in contact with others over one month; effectiveness of distancing is the estimated likelihood of catching COVID-19 in

one month without social distancing; importance of distancing vs. economy is subjects’ perception of whether it is more

important to go out and stimulate the economy versus staying in and preventing the spread of COVID-19. Error bars

represent 95 percent confidence intervals.
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Figure C.9: Partisan Differences in Social Distancing with Controls for Beliefs and News
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Note: This plot shows coefficient plots of regressing self-reported social distancing on party, with and without controls

for beliefs and news. Self-reported social distancing is the percent reduction in contact with others over one month. The

first row includes only demographic control variables; the second additionally controls for subjects’ normalized beliefs

about the estimated likelihood of catching COVID-19 in one month without social distancing; the third controls for the

partisanship in subjects’ news habits; and the fourth controls for both. News habits average the partisanship of news

consumption about politics and current events, news consumption about the coronavirus, trust in news about politics

and current events, and trust in news about the coronavirus. 2 percent of observations are set to the mean due to an

invalid ZIP code. Observations weighted to mimic a representative sample as described in the text. Error bars represent

95 percent confidence intervals.
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C.2 Additional Details

C.2.1 Data Details

County-Level Data Build (POI and Visits)

To construct the county-level POI dataset used in the analysis, we proceeded as follows:

1. We use county data on 2016 Presidential votes shares (MIT Election Data and Science

Lab 2018). We define the Republican vote share to be the share of votes received by the

Republican candidate over the sum of votes across all candidates. We exclude Alaska,

and merge with the 2010 TIGER county shapefile.1 Two counties in the shapefile do not

have valid vote data (FIPS: 15005, 51515).

2. We then use the latitude and longitude in the the April 2020 Core POI dataset from

SafeGraph to match POIs to counties. We successfully assign more than 99.9 percent of

the POIs to a county.

3. We merge the output from (2) with the Patterns dataset from SafeGraph using the

safegraph-place-id variable. We sum visits by county for a given day or week, aggregat-

ing across POI. We drop all county observations with invalid vote shares at this stage.

4. We use the Open Census data from SafeGraph to construct a county-level dataset of

demographic information. We do this by aggregating up the data given at the census

block group level to the county level. We then merge the county demographic informa-

tion with the output from (3).

5. We then merge The New York Times COVID-19 tracking data onto our output from

(4). We assume zero cases and deaths for the observations not observed in The New

York Times data. We drop the five counties associated with New York City and the

four counties which overlap with Kansas City (MO), because The New York Times lists
1Downloaded from https://www.census.gov/geo/maps-data/data/cbf/cbf_counties.html on July 24,

2018.

200

https://www.census.gov/geo/maps-data/data/cbf/cbf_counties.html


these as geographic exceptions where it either does not assign cases to these counties or

excludes cases occurring within the city.

County-Level Data Build (Social Distancing)

To construct the county-level social distancing dataset used in this analysis, we proceeded as

follows:

1. We use the Daily Social Distancing SafeGraph data with observations at the census

block group-day level for January 26 through April 4. We drop duplicate observations

and exclude Alaska. We restrict our sample to census block groups with active devices

throughout the entire time period. We also drop one census block group with anoma-

lous behavior as notified by SafeGraph (FIPS: 190570010001).

2. We then aggregate to the county level. For the ‘device count’ and ‘completely home

device count’ variables, we take the sum. For the ‘median home dwell time’ variable we

take the mean weighted by ‘the device count’ in the census block group.

3. We then follow steps (4) and (5) described in Section C.2.1.

4. Lastly, we merge on 2016 Presidential vote shares, only keeping observations with valid

vote shares.

Precinct-Level Data Build (POI and Visits)

1. We use 2016 precinct-level shapefiles and presidential election votes (Voting and Elec-

tion Science Team 2018). We define the Republican vote share as in Section C.2.1 step

(1). This data covers the following 38 states: AK, AR, AZ, CA, CO, DE, FL, GA, HI,

IA, IL, KS, LA, MA, MD, ME, MI, MN, MO, MT, NC, ND, NE, NH, NM, NV, OK,

OR, RI, SC, TN, TX, UT, VA, VT, WA, WI, WY

2. Using the set of POIs matched to county in Section C.2.1 step (2), we then use the lat-

itude and longitude of these POIs and the precinct shapefiles from (1) to identify the
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precinct containing a given POI. We are able to match 100 percent of the POIs from

Section C.2.1 step (2). 55 of these POIs (0.001%) are matched to two precincts.

3. As in Section C.2.1 step (3), we merge the output from (2) with the Patterns dataset

from SafeGraph using the safegraph-place-id variable. We sum visits by precinct, aggre-

gating across POIs.

4. We use the Open Census data from SafeGraph to construct a precinct-level dataset of

demographic information. We do this by first constructing the geographic intersections

formed by our precinct shapefiles and 2019 Tiger census block group shapefiles.2 Let ap,

ab, and acp denote the area of precinct p, census block group b, and of their intersection

respectively. For a given count variable xb given at the block group level in SafeGraph’s

Open Census data, we construct a precinct-level estimate as: x̂p :=
∑

b
abp
ab
xb. This

estimate is exactly correct if a given demographic xb is evenly distributed across a cen-

sus block group’s area. We then form ratios (e.g., population density or share hispanic)

using these summed precinct-level estimates. We merge the precinct demographic infor-

mation with the output from (3).

5. As in Section C.2.1 step (5), we then merge the New York Times COVID-19 tracking

data onto our output from (4).

C.2.2 Survey Details

Data

We clean the survey data from Qualtrics as follows:

1. We match participant IDs from Qualtrics with a list of emailled IDs from CloudResearch

and drop observations that do not match to remove test subjects. There is one excep-

tion, where the ID on Qualtrics did not correctly generate. We find exactly one remain-

ing participant with the same demographics in the CloudResearch, so we keep this par-

ticipant.
2Downloaded from ftp://ftp2.census.gov/geo/tiger/TIGER2019/BG/ on April 1, 2020.
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2. We change one miscoded age from .23 to 23 and one miscoded ZIP code from ,43011 to

43011.

3. We merge ZIP code data with 2010 U.S. Census data and match ZIP codes to states

and get population density.

4. We match ZIP codes to counties and use the week of March 29-April 4 and get county-

level COVID cases and deaths via the New York Times. All ZIP codes in New York

City are matched to the city-level cases and deaths since county-level data is unavail-

able from the New York Times. For analyses, we control for log(county cases + 1) and

log(county deaths + 1).

5. We weight observations across age category, gender, race/ethnicity, and party affiliation

using the stata ebalance command. Weights are prespecified in the pre-analysis plan.

6. News sources are numbered in the data in the following order: (1) Network news; (2)

Breitbart; (3) CNN; (4) Facebook; (5) Fox News; (6) MSNBC; (7) New York Times; (8)

Wall Street Journal; (9) Twitter; (10) Wikipedia; (11) CDC; (12) WHO. For analyses,

we average consumption of news about politics and current events, trust in news about

politics and current events, consumption of news about the coronavirus, and trust in

news about the coronavirus.

We have the following demographic groups prior to weighting:

• Age: 45.7% 18-39, 33.8% 40-59, 20.5% 60+

• Gender: 51.9% Female, 47.75% Male, 0.35% Other / Non-binary

• Race: 66.6% White (Not Hispanic or Latinx), 15.25% Hispanic or Latinx, 11.2% Black

or African American (Not Hispanic or Latinx), 4.95% Asian or Pacific Islander, 2.0%

Other.

• Party: 34.65% Democratic, 31.25% Republican, 32.8% Independent, 1.3% Other
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C.2.3 Survey Questions

Screening

• What is your gender? [Male; Female; Other / Non-binary]

• What race/ethnicity best describes you? [American Indian or Alaska Native; Asian or

Pacific Islander; Black or African American (Not Hispanic or Latinx); Hispanic or Lat-

inx; White (Not Hispanic or Latinx); Other]

• Do you consider yourself a Republican, a Democrat, or an Independent? [Democrat

(Strongly Democratic); Democrat (Weakly Democratic); Independent (Lean toward the

Democratic Party); Independent (Do not lean towards either party); Independent (Lean

toward the Republican Party); Republican (Weakly Republican); Republican (Strongly

Republican); Other / prefer not to say]

• What is your age?

• Do you currently live in the United States? [Yes; No]

Consent

[Page seen if age > 18, United States = Yes, and not screened out due to demographic quo-

tas.]

Congratulations! You are eligible to participate. Please read the consent form

below:

DESCRIPTION: You are invited to participate in an online research study on your views

about the news and predictions of what will happen in the future. This is a research project

being conducted by researchers at Harvard University and New York University.

TIME INVOLVEMENT: Your participation will take approximately 20 minutes, and

the entire study will take place online.

RISKS AND BENEFITS: We will ensure that your individual responses are strictly

confidential, and research results will only be presented in the aggregate. Your responses
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will not be shared with government officials or any 3rd party. We hope that the knowledge

gained from this study will benefit society in general. We cannot and do not guarantee

or promise that you will receive any direct benefits from this study.

PAYMENTS: If you are eligible for the study, and once you complete the study, you will

receive a participation fee. You may also earn a bonus payment of up to $100 via an Amazon

gift card. All payments will be through your research provider.

PARTICIPANT’S RIGHTS: If you have read this form and have decided to partici-

pate in this project, please understand your participation is voluntary and you have the

right to withdraw your consent or discontinue participation at any time without

penalty or loss of benefits to which you are otherwise entitled. The alternative is

not to participate. You have the right to refuse to answer particular questions. The results

of this research study may be presented at scientific or professional meetings or published in

scientific journals.

CONTACT INFORMATION:

Questions: If you have any questions, concerns or complaints about this research, its pro-

cedures, risks and benefits, contact the researchers at rb4337@nyu.edu.

Independent Contact: If you are not satisfied with how this study is being conducted, or

if you have any concerns, complaints, or general questions about the research or your rights as

a participant, please contact the Harvard University Area Institutional Review Board (IRB)

to speak to someone independent of the research team at cuhs@harvard.edu, (617)-496-2847.

You can also write to the Committee on the Use of Human Subjects, Harvard University, 44-R

Brattle Street, Suite 200, Cambridge, MA 02138.

Please retain a copy of this form for your records.

If you wish to participate in this study, please click “I consent” to proceed. This serves as

an electronic signature indicating your consent to participate in the study.

[I consent; I do not consent]

[Only consenting subjects proceed]
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Demographics

• How many children under the age of 18 do you have? [0; 1; 2; 3; 4; 5 or more]

• What is the highest degree or level of schooling that you have completed? [Less than a

high school diploma; High school diploma or equivalent (for example: GED); Some col-

lege but no degree; Associate’s degree; Bachelor’s degree; Graduate degree (for example:

MA, MBA, JD, PhD)]

• What was your total income in 2019? Please include only employment income (wages,

salary, bonuses, tips, and any income from your own businesses). [I did not earn income

in 2019; $1 to $9,999; ...; $50,000 to $59,999; $60,000 to $74,999; $75,000 to $99,999;

$100,000 to $124,999; $125,000 to $149,999; $150,000 or more] [Coded as midpoint of

range in thousands of dollars except for top bracket, who is coded at 200. Log(income +

1) is used as the control.]

• In what ZIP Code do you currently live? Please enter your 5-digit ZIP Code.

• In general, how would you rate your OVERALL health? [Excellent / Very good / Good

/ Fair / Poor]

• Has a doctor ever told you that you had the following conditions? [Yes / No]

– Diabetes or high blood sugar

– Lung disease such as chronic bronchitis or emphysema

– A heart attack, coronary heart disease, angina, congestive heart failure, or other

heart problems

• Please answer the following yes/no questions:

– In the past week, have you had to go to a work environment in which you were

within six feet of others?

– Have you smoked at least 100 cigarettes in your entire life?

– Have you smoked at least 10 cigarettes in the past week?
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Information sources

• All of the following questions were asked about the following 12 news sources: Network

news (ABC, CBS, NBC); Breitbart; CNN; Facebook; Fox News; MSNBC; The New

York Times; The Wall Street Journal, Twitter, Wikipedia, The Centers for Disease Con-

trol (CDC); The World Health Organization (WHO).

– Last year, how much trust and confidence did you have in each of the follow-

ing sources when it comes to reporting about politics and current events

fully, accurately, and fairly? [A great deal / A fair amount / Not very much /

None at all / Not familiar with this outlet]

– Last year, how frequently did you get news and information from each of

the following sources about politics and current events through any medium

(including reading online, watching on TV, etc.)? [Often / Sometimes / Rarely /

Never / Not familiar with this outlet]

– How much trust and confidence do you have in each of the following sources

when it comes to reporting about the coronavirus fully, accurately, and

fairly? [A great deal / A fair amount / Not very much / None at all / Not famil-

iar with this outlet]

– How frequently are you getting news and information from each of the fol-

lowing sources about the coronavirus through any medium (including reading

online, watching on TV, etc.)? [Often / Sometimes / Rarely / Never / Not famil-

iar with this outlet]

Changes in behavior and effects of social distancing

• Think about the ways you may have changed your daily routine in the past two weeks

specifically because of the coronavirus. For example, you may be washing your hands

more, avoiding restaurants and other public places, and/or reducing interactions with

friends and family.
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• By what percent have you reduced your overall contact with other people as a result of

the coronavirus outbreak? Please enter a percentage from 0 to 100.

• Think back to two weeks ago.

• As of two weeks ago, by what percent had you reduced your overall contact with other

people as a result of the coronavirus outbreak? Please enter a percentage from 0 to 100.

• Imagine that starting today and for the rest of the month, you went back to your nor-

mal daily routine from before the coronavirus. What do you think is the prob-

ability that you would catch the coronavirus in the next month? Please enter a per-

centage from 0 to 100. [Subjects who answer 0 for the percent reduction question see

“continued with” instead of “went back to.”]

• Imagine that starting today and for the next month, you cut off all in-person con-

tact with people outside your household. What do you think is the probability

that you would catch the coronavirus in the next month? Please enter a percentage

from 0 to 100.

• We’d like to quantify the overall costs (in terms of time, money, and inconvenience)

that social distancing imposes on you. Consider a hypothetical situation in a normal

month in the future, after the coronavirus outbreak is completely over.

Imagine you had a choice between:

(A) following your normal routine for one month,

OR

(B) cutting off all in-person contact with people outside your household for one month, AND

receiving $X cash.

Presumably if you were offered a large amount of cash ($X is large), you’d be willing to

cut off all social contact. If you weren’t offered any cash ($X is 0), you’d prefer to stick with

your normal routine. What value of X would make you equally happy with these two options?

Please answer in dollars.
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Economic trade-offs

• When there was no “stay-at-home” order for your area, what did you think was the best

way to help the country in this time of crisis? [7-point scale from “Go out more to help

the economy” to “Go out less to avoid spreading the coronavirus”]

Predictions

[If unincentivized:]

• You will now be asked to make a few predictions.

[If incentivized:]

• You will now be asked to make a few predictions. Think carefully! We’ll randomly se-

lect 10 participants for an accuracy reward. If you’re selected, we’ll pay you up to $100

depending on how accurate your prediction was. For example:

– If your answer is exactly right, we’ll give you $100

– If your answer is 1% off, we’ll give you $99

– If your answer is 2% off, we’ll give you $98

– ...

– If your answer is 50% off, we’ll give you $50

– etc.

All subjects see:

• We want to know how well you think the U.S. will limit the spread of the coronavirus

in the next month. There had been 177,226 known cases of coronavirus in the U.S. by

March 31. How many additional known cases will there be in the U.S. in the month of

April?
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• RealClearPolitics reports polling data on public approval of President Trump’s handling

of the coronavirus outbreak. What percent of people will say they approve of Trump’s

handling of the coronavirus outbreak on the latest poll that ends before April 30?
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