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Abstract

People often face environments where multiple models compete to explain the same ob-
servations. This paper examines how people update beliefs in such settings and how pref-
erences over payoff-relevant states shape model selection and belief updating. This paper
first develops a framework where preference-driven bias distorts the perceived model, af-
fecting Bayesian and best-fit updating differently. In a laboratory experiment, most par-
ticipants are classified as Bayesian updaters, who average across models, while a sub-
stantial minority are classified as best-fit updaters, who select the model that best fits the
observed signal. Within-participant comparisons between the symmetric payoff and asym-
metric payoff conditions indicate that asymmetric payoffs shift reported beliefs toward the
preferred state, particularly among participants classified as best-fit updaters. Relative to
symmetric payoffs, asymmetric payoffs increase the reported belief of the preferred state
by about 8 percentage points among best-fit updaters, while the estimated effect among
Bayesian updaters is close to zero. These findings help us better understand model-based
learning and have implications for domains such as political polarization and financial in-
vestment, where competing narratives and strong preferences often coexist.
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1 Introduction

Individuals routinely encounter complex learning problems in which the same information can
be explained in different ways. Voters are exposed to competing stories about election can-
didates and economic policies. Investors receive conflicting evaluations of corporate perfor-
mance. Jurors hear competing narratives about the same evidence. People can draw differ-
ent conclusions from the same information (Hastorf and Cantril 1954, Lord, Ross and Lepper
1979, Gaines et al. 2007), and their preferences or motivations may affect which interpretation
they find convincing (Kunda 1990). These examples illustrate two common features of the
environments people face. First, multiple competing models can explain the same observed
information and imply different inferences about the unobserved state of the world. Second,
people may have intrinsic preferences over unobserved states of the world, such as a favored
candidate being the legitimate election winner or a defendant being guilty.

These features raise a central question: how do individuals use competing models to interpret
the same information? Under Bayesian updating, individuals update the weight assigned to
each model and then average the model-specific posterior probabilities using those posterior
model weights. An alternative is to select a single model according to a decision-relevant cri-
terion, such as how well it fits the observed information (Schwartzstein and Sunderam 2021,
Aina 2025). Motivated reasoning may work differently under these behavioral rules. Individ-
uals who average across competing models may place more weight on a model that supports
their preferred state. Individuals who select a single model may switch to another model, adopt-
ing a different explanation (Angrisani, Samek and Serrano-Padial 2024). The same preferences
therefore may have different effects on posterior beliefs for individuals following different be-
havioral rules.

This paper examines how motivated reasoning affects individuals’ selection among models and
belief updating in a controlled multi-model environment. Here, a model is a data-generating
process that maps unobserved states of the world into distributions over observable signals.1

Specifically, this paper focuses on three interrelated questions: (1) To what extent do individ-
uals’ preferences over states affect model selection and belief updating? (2) What behavioral
rules do individuals follow to select models and update beliefs in such environments? (3) Do
motivated-reasoning effects differ across individuals who follow different behavioral rules?

To answer these questions, I develop a theoretical framework and design a laboratory experi-
ment. In the framework, agents want to learn an unobserved state from information that can
be explained by competing models. They have priors over states and models, and each state
is associated with a payoff. Preference-driven distortion operates through agents’ mental rep-

1 Throughout the paper, “models” denote these data-generating processes. “Narratives” and “stories” refer to
causal interpretations linking observed information to unobserved states.
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resentation of the information structure. States associated with higher payoffs receive greater
weight in this mental representation. The distortion affects both how agents interpret the ob-
served information under each model and how well each model appears to fit that information.
I apply the same distortion under the two behavioral rules. For agents following the Bayesian
behavioral rule (Bayesian agents), it affects model weights and the posteriors implied by each
model. For agents following the Best-fit behavioral rule (Best-fit agents), it affects the poste-
riors implied by each model and may also reverse model selection. An agent may switch to a
model under which the same information implies a higher probability for the preferred state.
Such a switch can generate a large change in posterior beliefs. The framework characterizes
the distortion required for these switches and compares the belief changes across behavioral
rules.

The experiment uses a 2×2×2 belief-updating task: two states, two signals, and two models.
In the classic ball-and-urn setup, participants observe two carts, A and B; two urns in each cart,
X and Y; and purple and orange balls in each urn. The computer selects X or Y according
to the given state prior and independently selects either cart with equal probability. Partici-
pants observe the color of a ball drawn from the selected urn and report their belief that Urn
X was selected. The labels X and Y represent the states, ball colors represent signals, and the
two carts represent models. Each participant completes a symmetric payoff (SP) block and
an asymmetric payoff (AP) block of belief updating tasks in random order. In the symmetric
payoff block, participants receive the same state-dependent payment whether Urn X or Urn Y
is selected. This block provides a benchmark for their updating behavior without a preference
for either state. In the asymmetric payoff block, the payment is higher when Urn X is selected.
Participants therefore have a reason to prefer Urn X, while the priors and information structures
remain unchanged. Each block contains the same nine decision problems, with each problem
repeated three times. The decision problems vary in state priors and model pairs. I use reported
beliefs from the symmetric payoff block to distinguish the behavioral rules participants follow.
I then compare reported beliefs across blocks, controlling for the decision problem and ob-
served signal. This within-subject design allows me to examine how preferences affect belief
updating for participants following different behavioral rules. The experiment also measures
participants’ probabilistic reasoning ability, overconfidence, and risk attitudes, and elicits their
opinions about competing economic narratives. The theoretical framework and experimental
design motivate three hypotheses. First, asymmetric payoffs shift reported beliefs toward the
preferred state. Second, this effect is larger on average among Best-fit participants than among
Bayesian participants. Third, the average effect among Best-fit participants increases as the
objective fit gap, the difference in how well the two models fit the observed signal, narrows.

The laboratory results show that asymmetric payoffs shift beliefs toward the preferred state,
with the largest effects among Best-fit participants. I first apply a finite mixture model to clas-
sify participants using only their reported beliefs in the symmetric payoff block. More than

2



60% of participants are classified as Bayesian, and around 17% are classified as Best-fit. The
remainder are classified as Non-movers. Thus, most participants weight competing models,
while a substantial minority rely on a single model that fits the signal best, which provides
evidence on the Best-fit behavioral rule studied in recent theoretical and experimental work
(Aina 2025, Aina and Schneider 2025). Asymmetric payoffs increase the reported beliefs of
the preferred state by 1.7 percentage points overall. The effect is 8.4 percentage points among
Best-fit participants and 0.5 percentage points among Bayesian participants. Best-fit partici-
pants respond significantly more strongly to asymmetric payoffs than Bayesian participants.
This difference remains robust under alternative sets of behavioral types. It also holds when I
allow different types to have different levels of noise. In that specification, about one-third of
participants are classified as Best-fit, and asymmetric payoffs still have a significantly larger
effect among Best-fit participants than among Bayesian participants.

These results support Hypotheses 1 and 2. The estimates for Hypothesis 3 have the predicted
sign but are not statistically significant. These findings suggest that the behavioral rules in-
dividuals follow matter for motivated reasoning. The same preferences may affect reported
beliefs differently depending on how individuals use competing models to interpret informa-
tion. Best-fit participants also report more extreme beliefs in the symmetric payoff block. This
difference persists in the decision problem where both behavioral rules predict the same be-
liefs. Finally, an unincentivized survey suggests a connection between participants’ updating
behavior in the laboratory and their views about the world. Participants who hold more extreme
views on economic narratives are more likely to be classified as Best-fit.

The remainder of this paper is organized as follows. Section 2 reviews the related literature and
positions this paper’s contributions. Section 3 presents the theoretical framework, characteriz-
ing model selection and belief updating under preference-driven distortion. Section 4 presents
the experimental design and procedures. Section 5 presents the main results and further discus-
sion. Section 6 concludes.

2 Related Literature

Learning often takes place when several models can explain the same observed information.
In such settings, agents need to draw inferences within each model and apply a rule for using
the models. This paper studies how preferences over payoff-relevant states affect both parts
of this problem.2 The framework has three central features. First, the same information can
have opposite implications for the preferred state under different models. Second, a preference-
driven distortion changes model-specific posterior probabilities and how agents perceive each

2 Kunda (1990) and Bénabou and Tirole (2016) provide broad discussions of motivated beliefs. Battigalli and
Dufwenberg (2022) review belief-dependent motivations and psychological games.
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model. Third, the effect of this distortion depends on the behavioral rule agents follow to weight
or select models.

This paper first contributes to the literature on motivated reasoning. The same information may
imply different posterior probabilities under different models, and whether the information
supports the preferred state depends on how agents weight or select the models. Preferences
can therefore affect model-specific posterior probabilities, model weights, or model selection,
which creates an additional channel for motivated reasoning. In most existing studies, infor-
mation is unambiguously good or bad news, which leaves no room to change its valence. The
closest empirical work on motivated reasoning falls into two broad groups. The first group stud-
ies motivated reasoning about self-relevant beliefs.3 Coutts, Gerhards and Murad (2024) show
that aggregate feedback jointly determined by own and teammate performance leads partici-
pants to distort beliefs about both dimensions, which supports self-serving beliefs about their
own ability. Bolte and Fan (2024) find that participants judge identical ego-favorable reports as
more likely to represent independent information than identical ego-unfavorable reports. They
find no significant asymmetry in posterior beliefs about own test performance. Like my ex-
periment, these designs allow participants to interpret the same information in different ways.
However, whether the information is good or bad news remains fixed in these settings.

The second group studies motivated reasoning about uncertain future outcomes or other world
states that are not self-relevant. Mayraz (2011) shows that randomly assigned stakes shift
beliefs toward payoff-favorable outcomes. The shift is larger when subjective uncertainty is
greater. Charness and Dave (2017) also induce preferences over states through payoffs within
a known signal structure. Participants with a preferred state update closer to Bayes overall.
Barron (2021) varies state-contingent payoffs within a known information structure and finds
approximately Bayesian updating on average, without a significant good-news asymmetry.4

Like these studies, I use state-dependent payoffs to create a preferred state and extend this set-
ting to competing models, so preferences can also affect how agents weight or select models.5

Recent work studies motivated reasoning when the source or accuracy of information is uncer-

3 For example, this literature studies intelligence and perceived ability (e.g., Eil and Rao 2011, Möbius et al.
2022), task performance (e.g., Ertac 2011, Coutts 2019, Drobner and Goerg 2024), self-serving fairness (e.g.,
Babcock et al. 1995), persuasion and self-persuasion (e.g., Schwardmann and van der Weele 2019, Schwardmann,
Tripodi and van der Weele 2022), and motivated or biased memory (e.g., Zimmermann 2020, Huffman, Raymond
and Shvets 2022, Conlon 2026).

4 Evidence for asymmetric belief updating is mixed across settings, including self-relevant ones. Some experi-
ments find no asymmetry, stronger responses to bad news, or effects that depend on the setting (Ertac 2011, Coutts
2019, Thaler 2026). Drobner (2022) finds optimistic updating when participants expect no immediate resolution
and neutral updating under immediate resolution. Engelmann et al. (2024) find wishful thinking in the loss domain
but not in the gain domain, and stronger when the evidence is more ambiguous.

5 Related work studies politically motivated beliefs about news, events, or facts (Kimball et al. 2024, Thaler
2024, Barron, Becker and Huck 2025). Another strand studies how motivated beliefs are exchanged or supplied in
social settings (Oprea and Yuksel 2022, Thaler 2021) and how senders react to wishful thinkers (Filiz-Ozbay and
Liu 2026). Other work studies motivated reasoning in asset valuation or project continuation (Wang and Zheng
2026, Qiao 2025).
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tain. Thaler (2024) identifies motivated reasoning through trust in information sources. After
reporting a guess on politicized questions or on their own performance, subjects receive a mes-
sage on whether the correct answer lies above or below that guess. The message may come
from one of two sources, one always correct and one always incorrect. The experiment shows
that subjects overtrust messages that favor their own political party or performance. Avtar and
Ballyk (2026) study how motivated reasoning affects beliefs about the source of ego-relevant
information. Subjects report the probability that a message came from the more informative of
two sources. They find that motivation shifts source beliefs in an ego-favorable direction, espe-
cially when knowing the source matters more for inferring the state. Hu and Papadokonstantaki
(2025) instead study ego-relevant beliefs about the state when feedback accuracy is known,
compound-uncertain with stated probabilities, or ambiguous. They find that asymmetric updat-
ing is strongest with known accuracy and absent under ambiguity. I use state-dependent payoffs
in an abstract learning environment to isolate preferences from self-image. In this learning en-
vironment, competing models provide conflicting inferences about the uncertain states, so the
valence of information depends on how subjects use the models. In addition, even when the
model is held fixed, motivated reasoning may affect the model-specific posteriors. This paper
therefore examines how motivated reasoning affects belief updating through both channels, and
how its effect differs across the behavioral rules subjects follow.

This paper also develops a theoretical framework linking motivated reasoning to model un-
certainty. Kovach (2020) axiomatizes wishful thinking by allowing an agent’s endowed act to
shift beliefs toward states in which that act yields higher utility. Building on this idea, I apply a
preference-driven distortion separately within each competing model. The distortion raises the
perceived likelihood of states that yield higher utility.6 Within each model, it changes model-
specific posterior beliefs and subjective fit. Chambers, Masatlioglu and Raymond (2023) char-
acterize distortions that produce the same posterior whether they are applied before or after
conditioning on a signal. The distortion in the present framework belongs to this class. Liu
(2026) studies two sources of bias within a known information structure. Beliefs shift toward
states that initially appear more likely and toward states that yield higher utility. I focus on the
second effect and study how it changes inference across competing models.7 A complementary
literature gives beliefs or expectations a direct role in utility (Brunnermeier and Parker 2005,
Battigalli and Dufwenberg 2009, Battigalli, Corrao and Dufwenberg 2019). Brunnermeier and
Parker (2005) let subjective expectations of future utility flows enter current felicity. Optimal

6 Ba, Bohren and Imas (2024) develop and test a two-stage model. Agents first form a mental representation
of the information structure by overweighting states most representative of the observed signal. They then process
this representation imprecisely. The present paper also uses a distorted mental representation of the information
structure that overweights the preferred states.

7 Another strand of the literature on non-Bayesian updating studies related distortions that depend on the
agent’s current beliefs over states (e.g., Rabin and Schrag 1999, Fryer Jr, Harms and Jackson 2019; see Benjamin
2019 for a systematic review). In this paper, the distortion depends on the payoff from each state.
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beliefs balance anticipatory gains from optimism against losses caused by distorted decisions.8

In the present framework, utility depends only on the realized state. State-dependent payoffs
determine the preference-driven distortion of model fits and posterior beliefs.

This paper also contributes to the literature on model selection. It develops a common frame-
work in which preference-driven distortion operates under the Bayesian and best-fit behavioral
rules. The framework predicts that the distortion affects agents following these rules differently.
The closest theoretical work studies fit-based model selection.9 Schwartzstein and Sunderam
(2021) study persuasion when a receiver selects the model that makes the observed data most
likely, given the receiver’s prior over states. Aina (2025) builds on this fit-based rule in a setting
where a persuader supplies multiple models before the signal is realized. The author also notes
Bayesian model averaging as an alternative, under which posterior model probabilities weight
model-specific posteriors.10 I adopt the best-fit behavioral rule from this work alongside the
Bayesian rule and connect both rules to motivated reasoning.11

Among experiments with competing models, Aina and Schneider (2025) provide the closest
benchmark in a setting without induced preferences over states: subjects update beliefs when
the signal may come from two conflicting models. Subjects observe both models’ predictions,
which separates model weighting from errors in probabilistic reasoning. They find that the
most frequent updating rule gives full weight to the model that best fits the observed data. I
study a similar updating problem and ask how motivated reasoning affects participants who
follow different behavioral rules. The symmetric payoff (SP) block in my paper provides a
comparable environment, except that participants do not observe these model-specific predic-
tions. Based on beliefs from the SP block, a nontrivial proportion of participants are classified
as Best-fit updaters. However, the most common behavioral rule in the SP block is the Bayesian
rule, which differs from their finding. The asymmetric payoff (AP) block adds the motivated
reasoning component, which is the margin this paper studies.

Related experiments explore how people use other forms of models. Musolff and Zimmermann
(2025) study uncertainty between two models with varying complexity. They find that greater
complexity increases neglect of model uncertainty in participants’ actions, while participants’
elicited beliefs still reflect model uncertainty. Ambuehl and Thysen (2025) focus on how people
choose between conflicting causal models. They find that subjects tend to focus on worst-

8 Battigalli and Dufwenberg (2009) allow utility to depend on updated beliefs and beliefs about other players’
beliefs. Battigalli, Corrao and Dufwenberg (2019) embed belief-dependent motivations into dynamic games.

9 The best-fit, or maximum likelihood, rule is also used in other settings. Gilboa and Schmeidler (1993)
axiomatize the maximum likelihood update rule for multiple priors, in which the agent keeps the priors that make
the observed event most likely. Later work extends the rule (e.g., Epstein and Schneider 2007, Kovach 2024,
Suleymanov 2025). In this paper, the priors over states and models are explicitly given to the participants.

10 Related theory also focuses on criteria other than fit (Yang 2023), strategic supply of models (Jain 2023), and
model sharing (Schwartzstein and Sunderam 2022). Other theory studies belief updating on different grounds,
such as minimal movement from priors (Dominiak, Kovach and Tserenjigmid 2023, 2025).

11 A separate literature studies learning when the true model may be absent from the learner’s set (Bohren and
Hauser 2021, Montiel Olea et al. 2022, Fudenberg and Lanzani 2023, Ba 2026).
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case outcomes and choose cautiously when they cannot identify the correct model. Farina and
Herman (2026) focus on strategic choice of data-generating processes and find that receivers
often neglect how an informed sender’s private type shapes the sender’s unobserved choice
of data-generating process. Other experiments examine different forms of model uncertainty.
Epstein and Halevy (2024) focus on settings where signals have multiple interpretations. They
compare belief updating from noisy signals with updating from ambiguous signals, and find
that ambiguous signals increase deviations from Bayes’ rule. Liang (2025) studies compound
and ambiguous uncertainty about source accuracy. Participants respond less to reports from
uncertain sources than to reports with known accuracy, especially after good news.12 The
present paper introduces an additional component, motivated reasoning, that shapes model
selection and belief updating. It documents that motivated reasoning has substantially different
impacts on people who follow different behavioral rules, and the effects are especially large for
best-fit agents.

More broadly, the paper also connects to research on mental models and narratives.13 Eliaz and
Spiegler (2020) represent a narrative as a causal model that maps actions into consequences.
Agents adopt the narrative that maximizes anticipatory utility among those that correctly predict
the observed consequences. Eliaz and Spiegler (2026) study news media that supply informa-
tion and narratives to maximize consumers’ anticipatory utility. Fan and Fries (2026) show that
constructing or receiving a well-fitting narrative makes beliefs more extreme and volatile than
learning directly from the same data. In the present paper, Bayesian model weights respond
continuously to the distortion. Best-fit selection can switch the chosen model and move pos-
terior beliefs discretely. The distinction between updating rules identifies an individual-level
channel for discrete changes in posterior beliefs. Its implications for extremeness depend on
the model-specific posteriors and the information structure.14

3 Theoretical Framework

This section proposes a framework that links motivated reasoning to belief updating with com-
peting models. A preference-driven distortion changes the perceived information structure and

12 A broader literature studies belief updating under ambiguity and compound uncertainty. For example: Ngan-
goué (2021), Shishkin and Ortoleva (2023) study belief updating under ambiguity, Moreno and Rosokha (2016),
Bland and Rosokha (2021) compare belief updating under compound risk with ambiguity, and Kovach, Martin
and Tserenjigmid (2026) study belief updating with qualitative AI recommendations.

13 Broad discussions and reviews include Shiller (2017), Roos and Reccius (2024), Barron and Fries (2024b).
Related experiments study responses to supplied causal models (Charles and Kendall 2025, Ambuehl and Thysen
2025, He et al. 2026), mental-model formation from data (Esponda, Vespa and Yuksel 2024, Fréchette, Vespa and
Yuksel 2024, Kendall and Oprea 2024, Fan 2024), and narrative construction and persuasion (Barron and Fries
2024a, Andre et al. 2026, Liu and Zhang 2026). Related field evidence documents the adoption of competing
narratives (Angrisani, Samek and Serrano-Padial 2024).

14 Related work also links political values or rationalization to belief divergence (Barron, Becker and Huck
2025, Le Yaouanq, Schwardmann and van der Weele 2025).
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therefore affects posterior beliefs. The impact of this distortion depends on the behavioral rule
people follow. Best-fit agents choose the model that best fits the observed information, whereas
Bayesian agents update model weights across competing models.

3.1 Environment

An agent wants to learn an unknown state ω from the finite set Ω≡{ω1, . . . ,ωN}, where N > 1.
The state prior is µ0 ∈ ∆(Ω), and µ0(ω) denotes the prior probability of state ω .

The finite signal space is S ≡ {s1, . . . ,sK}, where K > 1. A model m maps unobserved states
of the world into distributions over observable signals, which is often called an information
structure in the belief-updating literature. πm(s | ω) denotes the probability of signal s in state
ω under model m. For every m and ω , ∑s∈S πm(s | ω) = 1. Let M denote the set of all such
maps from Ω to ∆(S).

The agent is exposed to a finite set of competing models M ⊆M and has a model prior ρ0 ∈
∆(M). The state and model are independent under the prior: Pr(ω,m) = µ0(ω)ρ0(m).15

Conditional on model m and observed signal s, Bayes’ rule gives the model-specific posterior
µm(ω | s). The objective fit Pm(s) is the likelihood of observing signal s under model m, given
the state prior:

µm(ω | s) =
µ0(ω)πm(s | ω)

∑ω ′∈Ω µ0(ω ′)πm(s | ω ′)
, (1a)

Pm(s) = ∑
ω∈Ω

µ0(ω)πm(s | ω). (1b)

This section focuses on two behavioral rules for updating beliefs with competing models: the
best-fit rule and the Bayesian rule. Best-fit agents select the model with the highest objective fit
and update only under that model (Schwartzstein and Sunderam 2021, Aina 2025). m∗

s denotes
the model with the highest objective fit to signal s, and µF(ω | s) denotes the posterior belief of
a best-fit agent:

m∗
s ∈ argmax

m∈M
Pm(s), µF(ω | s) = µm∗

s (ω | s). (2)

Bayesian agents retain uncertainty over the competing models. After observing s, they update
each model’s weight according to its prior probability and objective fit. ρ(m | s) denotes the
weight assigned to model m after observing signal s:

ρ(m | s) =
ρ0(m)Pm(s)

∑m′∈M ρ0(m′)Pm′(s)
. (3)

15 This assumption makes the state prior common across models, as in Aina (2025).
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Bayesian agents then average the model-specific posterior probabilities using these updated
model weights:

µB(ω | s) = ∑
m∈M

ρ(m | s)µm(ω | s). (4)

Here, µB(ω | s) denotes the posterior belief of a Bayesian agent.

I impose the following regularity conditions. The state and model priors have full support.
Every conditional signal distribution also has full support:

µ0(ω)> 0, ρ0(m)> 0, πm(s | ω)> 0

for every ω ∈ Ω, m ∈ M, and s ∈ S. These conditions ensure that all posterior probabilities are
strictly positive and that the ratios used below are well-defined.

Models in M are distinct, so any two models differ for at least one state-signal pair. A fixed
tie-breaking rule resolves all fit ties and applies uniformly across signals and distortions.

3.2 Preferences over States

To introduce preference-driven distortions, suppose each state is associated with a payoff to the
agent. Let U(ω) denote the agent’s utility from the payoff associated with state ω . Without
loss of generality, I can order the states so that U(ω1)≥U(ω2)≥ ·· · ≥U(ωN).

Motivated reasoning may shift beliefs toward states that give the agent higher utility. Following
Kovach (2020), I use a strictly increasing function f : R → R++ to model preference-driven
distortion. The term f (U(ω)) determines the relative distortion associated with each state.
Because f is strictly increasing, states with higher utility receive greater relative weight. For a
given model m and observed signal s, the distorted model-specific posterior probability of state
ω , µ̂m(ω | s), is given by:

µ̂m(ω | s) =
µ0(ω)πm(s | ω) f (U(ω))

∑ω ′∈Ω µ0(ω ′)πm(s | ω ′) f (U(ω ′))
=

µm(ω | s) f (U(ω))

∑ω ′∈Ω µm(ω ′ | s) f (U(ω ′))
. (5)

3.2.1 Interpretation of the Distortion

I interpret the distortion as modifying the agent’s mental representation of the information
structure. For each model m, the distorted mental representation is defined by:

π̂m(s | ω) = πm(s | ω) f (U(ω)). (6)

Substituting π̂m for πm in Bayes’ rule yields the distorted model-specific posterior in Equa-
tion (5). This posterior is well-defined, although π̂m need not be a conditional probability
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distribution.16 π̂m is a conditional probability distribution only when f (U(ω)) = 1 for every
state.

Preference-driven distortion also changes the agent’s perception of how well each model fits
the observed signal. For model m and signal s, subjective fit, P̂m(s), aggregates the distorted
mental representation across states using the state prior:

P̂m(s) = ∑
ω∈Ω

µ0(ω)π̂m(s | ω)

= ∑
ω∈Ω

µ0(ω)πm(s | ω) f (U(ω))

= Pm(s) ∑
ω∈Ω

µm(ω | s) f (U(ω)).

(7)

Equation (7) shows that subjective fit is the product of objective fit and the posterior expecta-
tion of f (U) under model m. Therefore, preference-driven distortion can favor models under
which the observed signal indicates a higher probability on states the agent prefers. Subjective
fits determine which model best-fit agents select. Together with model priors, they determine
model weights Bayesian agents assign across models.17

3.2.2 Belief Updating under Preference-Driven Distortion

Preference-driven distortion can affect beliefs in two ways. It changes posterior probabilities
within each model and changes how the agent chooses or weights competing models.

Within any model m, Equation (5) implies the following relationship between objective and
distorted posterior odds. For any two states ω,ω ′ ∈ Ω,

µ̂m(ω | s)
µ̂m(ω ′ | s)

=
µm(ω | s)
µm(ω ′ | s)

f (U(ω))

f (U(ω ′))
. (8)

If U(ω)>U(ω ′), then f (U(ω))/ f (U(ω ′))> 1. The distorted posterior odds of ω relative to
ω ′ therefore exceed the posterior odds without distortion. If f (U(ω)) is constant across states,
preference-driven distortion leaves every model-specific posterior unchanged.

Subjective fit, defined in Equation (7), enters the two behavioral rules as follows. A best-fit
agent selects the model with the highest subjective fit and updates her posterior belief under

16 Ba, Bohren and Imas (2024) use the term “pseudo-information structure” for a similar distorted mental
representation. Their model overweights signal likelihoods in states that are more representative of the observed
signal.

17 Alternatively, the preference-driven distortion can be incorporated into the prior over states while leaving
the information structure unchanged. Replacing the prior term µ0(ω) in Bayes’ rule with µ0(ω) f (U(ω)) yields
the same distorted posterior belief as Equation (5). Liu (2024) discusses the equivalence between placing a state-
dependent multiplicative distortion in the prior and in the signal likelihoods. In my setting, the two interpretations
generate the same model selections for Best-fit agents and the same distorted model weights for Bayesian agents.
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that model. m̂∗
s denotes the model with the highest subjective fit to signal s, and µ̂F(ω | s)

denotes the distorted posterior belief of a best-fit agent:

m̂∗
s ∈ argmax

m∈M
P̂m(s), µ̂F(ω | s) = µ̂m̂∗

s (ω | s). (9)

A Bayesian agent uses subjective fits and model priors to update model weights. The agent
then averages the distorted model-specific posteriors using these weights. ρ̂(m | s) denotes
the distorted weight assigned to model m after observing signal s, and µ̂B(ω | s) denotes the
distorted posterior belief of a Bayesian agent:

ρ̂(m | s) =
ρ0(m)P̂m(s)

∑m′∈M ρ0(m′)P̂m′(s)
, µ̂B(ω | s) = ∑

m∈M
ρ̂(m | s)µ̂m(ω | s). (10)

3.3 Competing Models

This section first examines how preference-driven distortion affects model selection and then
examines its effects on posterior beliefs. I begin with a general result that allows any finite
number of states, signals, and models. After that, the full-switch result requires two signals and
two models, while the sensitivity result focuses on the 2×2×2 environment that matches my
experiment. Finally, I derive implications for posterior beliefs.

3.3.1 Definitions

I begin by defining a condition that compares how well two models fit the same signal.

Definition 1 (Relative Representativeness of Two Models). Fix two distinct models m,m′ ∈ M

and a signal s ∈ S. Model m is more representative than m′ for s if

1. πm(s | ω)≥ πm′(s | ω) for every ω ∈ Ω; and

2. πm(s | ω)> πm′(s | ω) for some ω ∈ Ω.

This condition means that, in every state, signal s is at least as likely under model m as under
model m′. As a result, m always has higher objective fit and subjective fit than m′. Proposition 1
formalizes this implication.

The following definition classifies how preference-driven distortion changes the model selected
by a best-fit agent.

Definition 2 (Model Switch). For best-fit agents, preference-driven distortion produces no
switch if m̂∗

s = m∗
s for every s ∈ S. It produces a full switch if m̂∗

s ̸= m∗
s for every s ∈ S. It pro-

duces a partial switch if the selected model changes for some signals and remains unchanged
for others.
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3.3.2 Predictions

I first link relative representativeness to subjective fit in a setting with any finite number of
states, signals, and models.

Proposition 1 (Model Fit). Suppose m is more representative than m′ for signal s. Then the

following statements hold:

1. P̂m(s)> P̂m′(s);

2. ρ̂(m|s)
ρ̂(m′|s) >

ρ0(m)
ρ0(m′) ;

3. m′ /∈ argmaxm′′∈M P̂m′′(s). If M = {m,m′}, m̂∗
s = m.

Proof. See Appendix A.2.1.

For Bayesian agents, part 2 implies that the posterior model odds of m relative to m′ under
preference-driven distortion are greater than the prior model odds. For Best-fit agents, part 3
implies that m′ cannot be selected while m is available. When these are the only two models,
the agent selects m.

I next consider the case with two signals, allowing any finite number of states and models. In
this case, differences in objective and subjective fit between any two models m,m′ ∈ M reverse
across signals:

Pm(s2)−Pm′(s2) =−
[
Pm(s1)−Pm′(s1)

]
, P̂m(s2)− P̂m′(s2) =−

[
P̂m(s1)− P̂m′(s1)

]
. (11)

Appendix A.1 formally derives these results, which lead to the following prediction for two
models and any finite state space.

Prediction 1 (Full Switch). Suppose S = {s1,s2}, M = {m,m′}, and the models have distinct

model fits. For a best-fit agent, preference-driven distortion produces either a full switch or no

switch.

Proof. See Appendix A.2.2.

If the two models have equal model fit, the selected model is determined by the tie-breaking
rule, and a partial switch may occur.

I next characterize the distortion required for a switch in the experimental 2× 2× 2 environ-
ment. Let Ω = {ω1,ω2}, S = {s1,s2}, M = {m,m′}. Suppose U(ω1)>U(ω2), so that ω1 is the
preferred state.
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For signal s1, suppose neither model is more representative than the other. Suppose further that

Pm(s1)> Pm′(s1) and µm(ω1 | s1)< µm′(ω1 | s1).

Thus, model m has higher objective fit for s1, while model m′ yields a higher model-specific
posterior probability on the preferred state.

Define
A = µ0(ω1)

[
πm′(s1 | ω1)−πm(s1 | ω1)

]
,

B = µ0(ω2)
[
πm(s1 | ω2)−πm′(s1 | ω2)

]
.

(12)

The term A captures how much more likely signal s1 is under m′ than under m when ω1 is true,
accounting for the prior probability µ0(ω1). Similarly, B captures how much more likely s1 is
under m than under m′ when ω2 is true, accounting for µ0(ω2). Because Pm(s1)−Pm′(s1) =

B−A, we have B > A > 0.

Define
R =

A
B
∈ (0,1), t =

f (U(ω1))

f (U(ω2))
> 1.

The ratio R compares the two differences in the objective fit calculation. Because R < 1, a
value closer to one means that A and B more nearly offset each other. The ratio t compares the
preference-driven distortion across the two states. A larger t places greater relative weight on
the preferred state.

Proposition 2 (Sensitivity of Model Switch). Given B > A > 0, preference-driven distortion

produces a full switch if and only if

t >
1
R
.

Proof. See Appendix A.2.3.

Preference-driven distortion produces a full switch when tA > B. I call 1/R = B/A the switch-
ing threshold. When R is close to one, A nearly offsets B, so the models have similar objective
fits. A relatively small distortion toward ω1 can then make m′ have higher subjective fit than
m. When R is smaller, A offsets less of B, which implies that a larger distortion is required to
reverse the order of subjective fit.

I next examine how preference-driven distortion affects posterior beliefs. I return to the finite
state, signal, and model spaces defined above and fix a signal s ∈ S. For Bayesian agents,
preference-driven distortion changes both model-specific posterior probabilities and model
weights. Relative model weights shift toward models under which the observed signal supports
states the agent prefers. Appendix A.1 provides the pairwise relationship between posterior
model odds before and after preference-driven distortion.
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For every state ω ∈ Ω, the distorted Bayesian posterior belief satisfies

µ̂B(ω | s) =
µB(ω | s) f (U(ω))

∑ω ′∈Ω µB(ω ′ | s) f (U(ω ′))
. (13)

Equation (13) combines the changes in model-specific posteriors and model weights into a
direct distortion of the Bayesian agent’s posterior.

Consider the experimental 2×2×2 environment. Let Ω= {ω1,ω2}, S= {s1,s2}, M = {m,m′}.
Suppose U(ω1)>U(ω2), so that ω1 is the preferred state.

Proposition 3. For every signal s ∈ S,

µ̂B(ω1 | s)> µB(ω1 | s), µ̂F(ω1 | s)> µF(ω1 | s).

Moreover, the model selected under preference-driven distortion satisfies

µm̂∗
s (ω1 | s)≥ µm∗

s (ω1 | s).

Proof. See Appendix A.2.4.

For Bayesian agents, Equation (13) shows that preference-driven distortion shifts their pos-
terior belief toward the preferred state. For best-fit agents, the distortion raises the posterior
probability on the preferred state within every model, regardless of model switch. If a switch
occurs, the new model yields at least as high a model-specific posterior probability on the pre-
ferred state as the original model. The within-model change and the change in model selection
therefore move the distorted best-fit posterior belief in the same direction. A switch produces
an additional discrete increase in the posterior belief.

I next examine how posterior beliefs change as preference-driven distortion toward the pre-
ferred state becomes stronger. Let Ω = {ω1,ω2} and U(ω1)>U(ω2). Write

t =
f (U(ω1))

f (U(ω2))
> 1.

A larger t places greater relative weight on the preferred state ω1.

Let m̂∗
s (t) denote the model selected by a best-fit agent after signal s when the relative distortion

is t. The term µm̂∗
s (t)(ω1 | s) denotes the model-specific posterior probability on ω1 under that

selected model when there is no distortion. The term µ̂F(ω1 | s) denotes the distorted posterior
belief for best-fit agents.

Proposition 4. For every signal s ∈ S:

1. The distorted Bayesian posterior belief µ̂B(ω1 | s) is continuous and strictly increasing

in t on (1,∞).
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2. The model-specific posterior probability on ω1 under the selected model, µm̂∗
s (t)(ω1 | s),

is non-decreasing in t on (1,∞). It remains constant between switching thresholds.

3. The distorted best-fit posterior belief µ̂F(ω1 | s) is strictly increasing in t on (1,∞). It

is continuous except at finitely many switching thresholds. A switch to a model with a

strictly higher model-specific posterior probability on the preferred state produces an

upward jump.

Proof. See Appendix A.2.5.

For Bayesian agents, Equation (13) shows that a higher t continuously raises the distorted
Bayesian posterior belief on the preferred state. For Best-fit agents, a higher t makes the like-
lihood of s in ω1 more influential in subjective fit. The selected model therefore remains un-
changed or switches to a model with an equal or higher model-specific posterior probability
on ω1. This explains why µm̂∗

s (t)(ω1 | s) is non-decreasing and may remain constant over an
interval.

Even when the selected model remains unchanged, a higher t raises the distorted model-specific
posterior probability on ω1 within that model. The distorted best-fit posterior belief is therefore
strictly increasing. A switch produces an upward jump when the new model has a strictly
higher model-specific posterior probability on the preferred state.

Thus, both µ̂B(ω1 | s) and µ̂F(ω1 | s) strictly increase with t. The distorted Bayesian poste-
rior belief changes continuously. The distorted best-fit posterior belief is continuous between
switching thresholds and may jump upward when the selected model changes.

4 Experimental Design

To answer the research questions, this paper implements a lab experiment based on the clas-
sical ball-and-urn setup to simulate a multi-model learning environment. As formally defined
in Section 3.1, a model is a data-generating process that maps unobserved states of the world
into distributions over observable signals, which is often called an information structure in the
belief-updating literature. Participants are explicitly informed about the priors over states and
over models. This feature provides a clear Bayesian benchmark for belief updating and helps
distinguish heterogeneous behavioral rules for model selection and belief updating in this en-
vironment. The experiment employs a within-subject design with respect to participants’ pref-
erences over states: Each participant completes one block of belief-updating tasks with equal
state-dependent payoffs and another block with unequal state-dependent payoffs. This design
allows the experiment to identify whether, and to what extent, preferences over unobserved
states affect model selection and belief updating.
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The experiment consists of five parts. In Part 1, participants complete two blocks of belief-
updating tasks in random order: the Symmetric Payoff Belief Updating Task (SP) and the Asym-

metric Payoff Belief Updating Task (AP).18 Each block contains 27 belief-updating scenarios.
Earnings are summed across all scenarios. In Part 2, the experiment elicits participants’ risk at-
titudes using the bomb risk task (Crosetto and Filippin 2013). In Part 3, participants complete
eight cognitive tasks related to information processing and statistical reasoning, presented in
random order. Seven of these tasks are adapted from Enke, Graeber and Oprea (2023), while
the eighth task presents two identical carts and measures participants’ Bayesian updating under
the experiment’s environment.19 Each correct response adds $0.40 to participants’ final earn-
ings. After completing these tasks, participants are asked to predict their task score from 0 to
8 and whether it exceeds the session average score. Each correct prediction earns an additional
$0.40. In Part 4, participants are presented with six pairs of conflicting economic narratives
and report their views on each pair using an unincentivized 11-point Likert scale. Finally, Part
5 collects demographic information. Appendix D shows the instructions and the main screens
participants saw.

4.1 Belief Updating Task

Blocks SP and AP each consist of 27 scenarios. I use the direct method to elicit posterior
beliefs. In each scenario, participants observe one randomly drawn signal. They then report
their posterior belief using the displayed priors, the two competing information structures, and
the observed signal. Signals are drawn independently across scenarios. A decision problem
represents a unique combination of the prior over states and the information structures provided
by the pair of competing models. The same nine decision problems appear in both blocks, and
participants face each decision problem 3 times within a block.20 The order of the 27 scenarios
within each block is randomized separately for each participant.

In each scenario, participants see 2 carts (Cart A and Cart B) and 4 urns (two urns per cart), as
Figure 1 shows.21 Each cart contains two urns: one labeled X and the other labeled Y. Each urn
contains 20 balls, consisting of a mixture of purple and orange balls. Participants are informed

18 The order of the SP and AP blocks was randomized at the individual level. The instructions inform partic-
ipants that Part 1 consists of two blocks of 27 scenarios each. The details for Block 2 are not disclosed before
participants complete Block 1.

19 The seven tasks from Enke, Graeber and Oprea (2023) include base-rate neglect, correlation neglect, balls-
and-urns updating, gambler’s fallacy, sample-size neglect, regression to the mean, and the acquiring-company
problem. Cason, Hudja and Rosokha (2025) also use a separate urn task to measure participants’ ability to update
beliefs in an environment similar to the main experiment.

20 For each decision problem, three repetitions allow me to observe most participants’ beliefs under both signal
realizations within a block.

21 The two information structures are randomly assigned to the cart labels and corresponding display positions,
with equal probability. For example, the cart shown as Cart A in Figure 1 can instead be labeled Cart B and
displayed at the bottom.
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Figure 1: Ball Composition from One Scenario

that the computer randomly selects one urn using a two-step process. (1) The computer rolls a
fair 10-sided die numbered 1 to 10 to determine whether Urn X or Urn Y is selected. The die
ranges selecting Urns X and Y vary across decision problems and are displayed on the screen.
For a prior probability of 0.50 on Urn X, rolls 1–5 select Urn X and rolls 6–10 select Urn
Y. (2) Independently of the die roll, the computer flips a fair coin to determine which cart is
selected. Heads selects Cart A, and tails selects Cart B, each with probability 0.50. Participants
do not observe which urn is selected. One ball is randomly drawn from the selected urn, and
participants observe only its color (purple or orange). After seeing the ball’s color, participants
report a probability from 0 to 100 using a slider. This number represents their guess of the
probability, expressed as a percentage, that the computer selected Urn X from either cart.

In Part 1 of the experiment, participants are paid based on their decisions from all 54 scenarios
across both blocks. Participants’ earnings in each scenario come from two sources: the urn
payment and the guess prize. The urn payment depends on the urn selected by the computer. In
the SP block, participants receive 5 tokens regardless of which urn is selected. In the AP block,
participants receive 25 tokens if Urn X is selected and 5 tokens if Urn Y is selected. Tokens are
converted to dollars at a rate of 150 tokens per dollar. For the guess prize, I use the binarized
scoring rule (Savage 1971, Hossain and Okui 2013) to elicit participants’ beliefs. Participants’
guesses determine the probability of winning the guess prize of 80 tokens in the corresponding
scenario.22 After each scenario, participants receive no feedback about the true state, their urn

22 Following the discussion of belief elicitation methods by Danz, Vesterlund and Wilson (2022, 2024), Healy
and Leo (2025), I do not directly provide participants with the details of the binarized scoring rule on the interface.
However, they can access the rule and a calculator by clicking the corresponding buttons on the interface. The
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payment, or whether they won the guess prize. After completing the experiment, they can view
a summary table covering all 54 scenarios.

In this environment, the selected urn’s label (X or Y) corresponds to the true state of the world,
while the selected cart corresponds to the true model (signal-generating process). The observed
ball’s color corresponds to the observed data. The urn payment induces participants’ prefer-
ences over the two states. It depends only on the selected urn, regardless of the selected cart
or observed ball color. The urn payment changes payoffs across states without changing the
objective information structure. Under Bayesian updating, it does not affect posterior beliefs.
Under risk neutrality, it also does not affect the optimal report under the binarized scoring
rule.23 This experimental design allows me to examine whether these induced preferences
affect participants’ model selection and belief updating processes.

4.2 Treatment Overview

The primary objective in designing the experiment is to create a paradigm that allows obser-
vation of participants’ posterior beliefs in a multi-model environment and to manipulate par-
ticipants’ preferences over states within that environment. In order to identify the behavioral
rules participants follow in the experiment, certain parameters are varied across scenarios. The
treatment structure is as follows.

Within-subject design. Participants complete 27 scenarios in each of two blocks; block order
and scenario order within each block are randomized. The tasks vary across scenarios and
blocks along the following dimensions:

• Participants’ preference over payoff-relevant states: In the SP block, participants are
indifferent between Urns X and Y; in the AP block, participants prefer Urn X over Urn
Y.

• Prior belief over states: This parameter may vary across scenarios, allowing observation
of different updating behaviors.

• Pair of models provided: Model pairs vary across decision problems. In 8 out of 9 de-
cision problems, participants are presented with competing models that offer conflicting
interpretations of the same observed signal.

rule description follows Wilson and Vespa (2018), while the interface of the belief-updating task is adapted from
Bland and Rosokha (2024).

23 With a concave utility function, the state-dependent payment may create hedging incentives. In the AP block,
a risk-averse participant may report a lower belief in Urn X than they hold. A lower report raises the chance of
winning the guess prize when Urn Y is selected, which offsets the lower urn payment in that case. This would
move reported beliefs away from the preferred state, which is the opposite direction of motivated reasoning, so it
would tend to make the estimated effects of motivated reasoning smaller. I elicit participants’ risk attitudes and
control for them in regression analysis to further address this concern.
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Table 1: Decision Problems

No. State prior µ0(X)
Model A Model B Objective Fit for sp Best-fit Agents

πA(sp | X) πA(sp | Y ) πB(sp | X) πB(sp | Y ) PA(sp) PB(sp) µF(X | sp) µF(X | so)

1 0.50 0.70 0.25 0.35 0.85 0.475 0.600 0.292 0.286

2 0.50 0.70 0.25 0.40 0.95 0.475 0.675 0.296 0.286

3 0.50 0.65 0.15 0.40 0.95 0.400 0.675 0.296 0.292

4 0.50 0.85 0.35 0.25 0.70 0.600 0.475 0.708 0.714

5 0.50 0.75 0.20 0.75 0.20 0.475 0.475 0.789 0.238

6 0.30 0.80 0.35 0.30 0.75 0.485 0.615 0.146 0.117

7 0.30 0.75 0.25 0.35 0.85 0.400 0.700 0.150 0.125

8 0.70 0.60 0.15 0.40 0.85 0.465 0.535 0.523 0.523

9 0.70 0.55 0.05 0.45 0.95 0.400 0.600 0.525 0.525

Notes: Urns X and Y are the two states, and sp and so denote a purple and an orange ball. πm(sp | ω) is the
probability of drawing a purple ball from Urn ω under Model m, so πm(so | ω) = 1−πm(sp | ω). Pm(sp) is the
objective fit of Model m after a purple ball, defined in Equation (1b). After an orange ball, Pm(so) = 1−Pm(sp).
µF(X | s) is the Best-fit benchmark, the posterior probability of Urn X under the model with the higher objective
fit, defined in Equation (2). In Decision Problem 5, the two models are identical.

The same decision problem can generate different signal realizations in different scenarios.
Table 1 provides a summary of the 9 decision problems. Let sp and so denote the purple and
orange signals, respectively.

In Decision Problem 4, after either signal, the objectively best-fit model also produces the larger
posterior probability on Urn X. In Decision Problem 5, Cart A and Cart B have the exact same
ball composition, reducing the problem to a classical single-model belief-updating task. This
decision problem provides a single-model benchmark within the experiment.

4.3 Hypotheses

The experiment allows me to examine the behavioral rules participants follow and how asym-
metric payoffs affect belief updating.

The Bayesian and best-fit rules in Section 3.1 generate benchmark posterior beliefs for each
decision problem and signal realization. I use participants’ 27 reported beliefs from the SP

block to classify them into types based on the behavioral rule they are likely to follow. I then
compare reported beliefs between the SP and AP blocks, controlling for the decision problem
and signal realization. I test the following hypotheses using these within-subject comparisons,
with participant types determined from SP block behavior.

Proposition 3 predicts that preference-driven distortion raises the posterior probability of the
preferred state under both behavioral rules. In the AP block, the urn payment makes Urn X the
preferred state. This yields the first hypothesis:
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Hypothesis 1 (General Motivated Reasoning Effect). For identical decision problems, partici-

pants will report higher posterior beliefs that Urn X was selected in the AP block compared to

the SP block, conditional on the same signal realization.

As described in Section 3.1, Bayesian agents average model-specific posterior probabilities
using updated model weights. Best-fit agents select a single model and update their beliefs
using that model. Preference-driven distortion changes model-specific posterior beliefs under
both rules. Proposition 4 shows that the beliefs of Bayesian agents change continuously with
the strength of the distortion. The beliefs of best-fit agents change continuously when they do
not switch models and can increase discretely when they switch models.

Prediction 1 and Proposition 2 show that sufficiently strong preference-driven distortion can
produce a full switch in Decision Problems 1–3 and 6–9. Without distortion, best-fit agents
select the model with the lower posterior probability of Urn X after either signal, as Table 1
shows. Following a full switch, they select the model with the higher posterior probability
after each signal. The beliefs of Bayesian agents lie between the two model-specific posterior
probabilities, both before and after distortion. For the same degree of distortion, a full switch
therefore produces a larger increase in the beliefs of best-fit agents than in those of Bayesian
agents.24 This comparison motivates the following hypothesis about average motivated reason-
ing effects across agent types:

Hypothesis 2 (Heterogeneity in Motivated Reasoning Effect). Asymmetric payoffs have a larger

average effect on reported beliefs among participants classified as best-fit agents than among

those classified as Bayesian agents.

Proposition 2 characterizes the distortion required for a full switch. Define the objective fit
gap as |PA(s)−PB(s)|, the difference between the objective fits of the two models after signal
s (Equation (1b)). A full switch is possible in Decision Problems 1–3 and 6–9. Among these
problems, those with the same state prior (Decision Problems 1–3, 6–7, and 8–9) have lower
switching thresholds when their objective fit gaps are smaller.25 For a given distribution of
preference-driven distortion, lower thresholds can increase the fraction of best-fit agents who
switch models. These switches move agents toward the model that implies a higher poste-
rior probability of selecting Urn X. More frequent switches can therefore amplify the average
upward shift in reported beliefs. This switching channel motivates the following empirical
hypothesis about average belief effects across decision problems:

Hypothesis 3 (Sensitivity in Motivated Reasoning). For participants classified as best-fit agents,

24 When there is no model switch, best-fit agents are affected by preference-driven distortion in a moderate and
continuous way, as the distortion affects the model-specific posterior probabilities. However, in that case, the sizes
of the belief changes for best-fit agents and Bayesian agents are not obvious.

25 The switching threshold is B/A = 1+(B−A)/A, with A and B defined in Equation (12). Its value depends
on both the objective fit gap and A.
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the average effect of motivated reasoning on reported beliefs increases as the objective fit gap

narrows.

4.4 Experimental Procedure

I collected experimental data from 193 student participants at the Vernon Smith Experimental
Economics Laboratory (VSEEL) at Purdue University in March 2025. The experiment was
pre-registered at the AEA RCT Registry in January 2025 (https://doi.org/10.1257/rct.15136).26

I drew participants from the VSEEL subject pool (administered using ORSEE; Greiner 2015).
The sample is balanced by gender, with 49.7% female participants. The experiment was pro-
grammed in oTree (Chen, Schonger and Wickens 2016). Upon arrival, participants were as-
signed random participant IDs, and they electronically provided consent to participate. I pro-
vided the instructions to each participant on the computer screen, together with printed in-
structions. The experimenter read the instructions aloud at the front of the room. After that,
participants completed ten incentivized quiz questions and earned $0.50 for each question an-
swered correctly. Participants received immediate feedback to clarify any misunderstandings
they might have had, regardless of whether they answered the questions correctly.

Figure 2: Screenshot of an Example Scenario

After the comprehension quiz, the main part of the experiment began. Each participant com-

26 I pre-registered a target sample of 200 participants. The data were collected across 7 in-person sessions on
March 5, March 6, and March 13, 2025. Due to fluctuations in the show-up rate, I eventually collected data from
193 participants.
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pleted two blocks of belief-updating tasks and made one decision for each scenario. Figure 2
presents a screenshot of an example scenario.27 The experiment lasted approximately 70 min-
utes, with an average total payment of $22.15. Table B-1 in Appendix B.1 provides a summary
of the demographic statistics.

The experiment also measures participants’ risk attitude, probabilistic reasoning, overconfi-
dence, and opinions on economic narratives in Parts 2–4. In Part 2, I use the bomb risk task
from Crosetto and Filippin (2013). Participants see 100 boxes, and one box is collected every
second after they press Start. Each collected box is worth 15 tokens, but one randomly located
box contains a bomb that destroys all earnings from the task. Participants decide when to stop
collecting, and I use the number of boxes collected to measure risk attitude. A risk-neutral par-
ticipant collects 50 boxes, and collecting more boxes indicates greater risk tolerance. In Part 3,
I measure participants’ probabilistic reasoning with eight cognitive tasks (see footnote 19 for
the list of tasks). Participants have 10 minutes to complete this part. The cognitive score is the
number of correct responses across the eight tasks. After these tasks, participants predict how
many of the eight tasks they answered correctly. Overconfidence is an indicator equal to one
if this predicted score exceeds the actual score. In Part 4, participants rate each of six pairs of
conflicting economic narratives on a scale from zero to ten. Narrative extremeness is the mean
absolute distance of the six ratings from the midpoint of five. It ranges from zero to five, and
higher values indicate more extreme stated opinions.

5 Results

This section first describes participants’ reported beliefs and classifies them using their deci-
sions from the Symmetric Payoff (SP) block. It then examines the effect of motivated reasoning
on reported beliefs.

5.1 Description of Behavioral Patterns

Each participant reports beliefs in 27 scenarios in the SP block. For each scenario, I derive
benchmark beliefs under the Bayesian and Best-fit behavioral rules from the decision problem
and signal realization. Table 2 shows the shares of reported beliefs within two or five per-
centage points of these benchmarks. Nearly 29% of symmetric payoff reports lie within two
percentage points of the Bayesian benchmark, compared with 5.5% for the Best-fit benchmark.
With a five-percentage-point window, these shares rise to 47.7% and 12.2%, respectively.28

27 Figures D-8 – D-12 in Appendix D show the full sequence of screens in a scenario.
28 A reported belief can lie within five percentage points of both benchmarks when they are sufficiently close.

In Decision Problem 5, for example, both behavioral rules yield the same benchmark.
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See Appendix C for details on the follow-up study supplying model-specific posteriors and its
comparison with the main study.

Table 2: Classification of Round-level Beliefs in the SP Block

Type of Guess
Within 2 p.p. Within 5 p.p.

% 95%-CI % 95%-CI

Bayesian 28.98 [25.29, 32.67] 47.75 [43.21, 52.28]
Best-fit 5.51 [4.47, 6.54] 12.15 [10.35, 13.94]

Notes: The table reports the percentage of beliefs within the indicated dis-
tance of each benchmark. The sample contains 5,211 reports from 193 par-
ticipants in the SP block. The 95% confidence intervals are based on standard
errors calculated from participant-level shares.

Notes: The histograms pool all 10,422 scenarios from 193 participants. The horizontal axis shows the
reported beliefs of Urn X. Blue bars represent the SP block and red bars represent the AP block.

Figure 3: Distribution of Reported Beliefs Across All Scenarios

Figure 3 displays the distribution of reported beliefs in the SP and AP blocks. Reported beliefs
concentrate around the state priors of 0.3, 0.5, and 0.7 listed in Table 1. A nontrivial share of
beliefs also occurs at 0 and 1. The distributions overlap a lot, with the AP distribution shifted
slightly to the right.

Figure 4 plots participants’ reported beliefs in Decision Problem 1. Each point represents a
participant’s vector of beliefs following the two signal realizations.29 The yellow diamond rep-
resents the vector of Bayesian benchmark beliefs, and the green diamond represents the vector

29 Participants face this decision problem three times in each block. The figure includes only participants who
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of Best-fit benchmark beliefs. Following Aina (2025), a vector of posterior beliefs is Bayes-
consistent if the state prior is a strict convex combination of the posteriors across signals.30

The shaded areas mark the region of vectors of beliefs that are not Bayes-consistent. The left
panel plots each participant’s vector of beliefs in the SP block. Many points cluster near the
Bayesian benchmark, while a smaller group clusters near the Best-fit benchmark in the shaded
area. Similar to Aina and Schneider (2025), about half of the vectors are Bayes-inconsistent.

Notes: Both panels use Decision Problem 1 and include only participants who observe both signal
realizations in both blocks. Each belief is the participant’s first reported belief after the given signal
realization within a block. The horizontal axis shows beliefs after observing a purple ball, and the
vertical axis shows beliefs after observing an orange ball. The left panel plots each participant’s pair of
beliefs in the SP block. The right panel includes the participants whose SP pair lies within a Euclidean
distance of 0.05

√
2 of the Best-fit benchmark, shown by the dashed circle. For each of these partici-

pants, a hollow circle marks the SP pair, a triangle marks the AP pair, and an arrow connects the two.
The yellow and green diamonds represent the Bayesian and Best-fit benchmarks. The grey diamond
represents the benchmark of using the model that implies a higher probability of Urn X. Shaded areas
mark the Bayes-inconsistent region.

Figure 4: Vector of Reported Beliefs in Decision Problem 1

The right panel of Figure 4 provides a simple illustration of how participants near the Best-fit
benchmark respond to asymmetric payoffs. It plots the seven participants whose SP beliefs in
Decision Problem 1 lie inside the dashed circle around the Best-fit benchmark. In the AP block,
six of them exhibit a large, discrete jump in their belief vectors, and their vectors are close to
the grey diamond, which represents the beliefs implied by using the model with the higher
posterior probability of Urn X after each signal realization. None of the seven moves to the
Bayesian benchmark. This descriptive pattern is consistent with the full switch in Prediction 1,
in which a best-fit agent changes the selected model after both signal realizations. Section 5.3

observe both signal realizations from Decision Problem 1 in both blocks (N = 120). For the signal realization
observed twice within a block, the figure uses the first of the participant’s two reported beliefs.

30 With a state prior of 0.5, this requires one posterior probability of Urn X to lie above 0.5 and the other to lie
below 0.5, or both to equal 0.5.
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estimates the effects of asymmetric payoffs by behavioral type.

5.2 Structural Classification of Agent Types

To better understand these descriptive patterns and formally test the theoretical hypotheses, I
use a finite mixture model to classify participants by their behavioral rules. This classification
allows me to examine how asymmetric payoffs affect beliefs across behavioral types.

Classifying participants into distinct behavioral types presents several challenges. First, the
behavioral rules participants follow are not directly observed. Second, different rules can yield
similar or identical predictions in some decision problems. Third, computational and reporting
errors can cause observed beliefs to deviate from a rule’s predictions, even when a participant
intends to follow that rule (Alós-Ferrer and Garagnani 2023).

The structural classification therefore models errors explicitly. Without errors, each rule pre-
dicts a single posterior belief in each scenario. Reported beliefs rarely match these predictions
exactly. Only 47.7% of reports in the SP block lie within five percentage points of the Bayesian
benchmark, and 12.1% lie within five percentage points of the Best-fit benchmark (Table 2).
A classification without errors would therefore leave many participants inconsistent with every
behavioral rule. As in El-Gamal and Grether (1995), allowing for errors gives each behavioral
rule a positive likelihood for every observed behavior. For example, a Best-fit updater may
misidentify the best-fitting model because of a mistake in calculating model fit. This mistake
matters most when the two models fit the observed signal similarly, because a small error in
fit calculation can switch the selected model and move the reported belief to the other model’s
posterior. Participants may also report beliefs that differ from their intended responses.31 Al-
lowing for these errors means that the same reported belief can be produced by multiple behav-
ioral rules, with different likelihoods. The model evaluates each participant’s beliefs across all
27 scenarios in the SP block to help distinguish behavioral rules from pure errors. As a result, a
single report that deviates from a type’s prediction carries limited weight in the classification.32

In the finite mixture model, each participant belongs to one of three latent types specified ex

ante: Bayesian, Best-fit, and Non-mover.33 Bayesian agents average model-specific posteriors
using their model weights; Best-fit agents select the model with the highest fit; and Non-movers
retain the state prior. Following El-Gamal and Grether (1995), the model assumes that each

31 When participants see the same decision problem and signal more than once in the SP block, their reports
differ by 9.3 percentage points on average, and only 14% of repeated reports match exactly (Appendix B.6.2).

32 The classification excludes all reports from the AP block, because deriving benchmark beliefs for this block
would require additional assumptions about participants’ preference distortion term f (U(ω)).

33 The Bayesian and Best-fit types are directly informed by the theory. The main specification includes a
separate Non-mover type because Bayesian benchmarks lie close to the state prior in some decision problems.
This type helps distinguish Bayesian updating from non-moving behaviors. See Appendix B.5 for details on the
estimation of the alternative two-, four-, and five-type classifications.
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participant follows the same underlying rule across scenarios.

The model allows two layers of mean-zero normal errors, with standard deviations shared
across types. The first layer is an error in calculating model fit. In the SP block, a partici-
pant perceives the objective fit of each model, defined in Equation (1b), with a normal error.
Bayesian agents weight the model-specific posteriors using these perceived fits, and Best-fit
agents select the model with the higher perceived fit. The second layer is a reporting error. It
is added to the belief implied by the participant’s rule, so the reported belief can deviate from
that belief.34 Non-movers have only reporting errors, as they only focus on the state prior.

For example, consider a purple signal in Decision Problem 1 (see Table 1). The objective fits of
Models A and B are 0.475 and 0.600, and their model-specific posterior probabilities of Urn X
are 0.737 and 0.292. Without errors, a Best-fit agent selects Model B and reports 0.292, and a
Bayesian agent reports 0.488. A fit-calculation error can reverse the order of the two perceived
fits. A Best-fit agent then selects Model A, and the belief implied by the rule becomes 0.737.
Such a reversal is more likely when the two objective fits are close. A reporting error can move
the reported belief away from the belief implied by the rule, for example from 0.292 to 0.302.

I estimate population shares and the two error standard deviations, one for each layer, by maxi-
mum likelihood, using all 5,211 reports from the SP block. Population shares are the estimated
fractions of each type in the population. Table 3 presents the estimates, and Appendix B.2
describes the likelihood and classification procedure.

Table 3: Three-Type Parameter Estimates

Parameter Estimate Bootstrap SE
Population shares
p1 (Bayesian) 0.683 0.037
p2 (Best-fit) 0.174 0.026
p3 (Non-mover) 0.144 0.029

First-layer (fit-calculation) error SD
σ1 (Bayesian and Best-fit) 0.143 0.011
σ1,Non-mover —

Second-layer (reporting) error SD
σ2 (all types) 0.132 0.006

Notes: The table reports maximum likelihood estimates of population shares and
error standard deviations shared across types. The sample contains 5,211 beliefs
from 193 participants in the SP block, with 27 beliefs per participant. Population
shares are the estimated fractions of each type in the population. Standard errors
are calculated from 500 bootstrap samples. See Appendix B.2 for details.

34 With the reporting error, the belief implied by the rule and the error can fall below zero or above one, but
participants can only report beliefs between zero and one. Therefore, the likelihood uses normal densities for
reports strictly between zero and one. For reports at zero and one, it uses the normal probabilities below zero and
above one, respectively.
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Using Decision Problem 1 again as an example, the objective fits of the two models differ by
0.125 after either signal. At the estimated σ1 of 0.143, the model implies that a Best-fit agent
selects the model with the lower objective fit after about 27% of signals, and that a Bayesian
agent places a higher weight on the model with the lower objective fit after about 27% of signals
in this problem.

For each participant, I use the estimated population shares as prior probabilities of belonging to
each behavioral type. I then update these priors using the likelihood of the participant’s 27 re-
ports in the SP block under each type. This likelihood measures how well the type’s predictions
and estimated error standard deviations account for the participant’s beliefs in the SP block. A
higher likelihood increases a type’s posterior probability relative to other types, holding the
prior probabilities fixed. Appendix B.2 explains how these likelihoods are calculated. I assign
each participant to the type with the highest posterior probability and report the classification
in Table 4. Of 193 participants, 132 are classified as Bayesian, 33 are classified as Best-fit, and
28 are classified as Non-movers.35

Table 4: Participant Classification

Type Assigned Above 50% Above 70% Above 90%

Bayesian 132 132 129 118
Best-fit 33 32 32 31
Non-mover 28 28 25 18
Unclassified - 1 7 26

Notes: The table reports the number of participants classified as each behavioral
type. The sample contains 193 participants. The Assigned column classifies each
participant as the type with the highest posterior probability. The Above 50%,
Above 70%, and Above 90% columns count only participants whose highest pos-
terior probability exceeds 50%, 70%, and 90%, respectively.

Result 1. Approximately two-thirds of participants are classified as Bayesian, while approxi-

mately one-sixth are classified as Best-fit.

The structural classification suggests that most participants weight information from competing
models, while about one-sixth of participants rely on a single model when updating beliefs.
This proportion relies on the assumption that all types share the same error standard deviations.
This assumption is strong, because participants who follow different rules may also differ in
how precisely they calculate model fits and report beliefs. I therefore also estimate a version
that allows type-specific error standard deviations. This version classifies 63 participants (33%)
as Best-fit (see Appendix B.4 for details). All 33 participants classified as Best-fit in the main

35 For 167 of the 193 participants, the assigned type has a posterior probability above 90%. For 192 of the 193
participants, the assigned type has a posterior probability above 50%. For one participant, the assigned type has a
posterior probability of 0.42. Among the 167 participants whose assigned type has a posterior probability above
90%, 31 (19%) are classified as Best-fit and 118 (71%) as Bayesian.
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specification remain Best-fit, and 26 of the 30 additional Best-fit participants are classified as
Bayesian in the main specification.

More participants are classified as Best-fit because, when error standard deviations differ across
types, the Best-fit type can fit noisy reports with larger errors. The estimated Best-fit type has a
much larger fit-calculation error than the Bayesian type (Table B-7 in Appendix B.4), so it often
selects the model with the lower objective fit, whose posterior is closer to the Bayesian bench-
mark than to the Best-fit benchmark. It can therefore fit participants whose reports are more
dispersed around the Bayesian benchmark. With shared error standard deviations, the classi-
fication relies less on how dispersed a participant’s reports are, so I use shared error standard
deviations in the main specification and report the type-specific version in Appendix B.4.

Notes: The figure shows the cumulative distributions of implied weights on the higher model-specific
posterior, separately for participants classified as Bayesian and Best-fit. The sample includes reports
from Decision Problems 1–4 and 6–9 in the SP block.

Figure 5: Report-level Implied Weights in the SP Block

Figure 5 provides descriptive evidence on the classification results by showing how partici-
pants’ beliefs relate to the two model-specific posteriors. For each report, I derive the implied
weight on the higher model-specific posterior, which expresses the report as a weighted aver-
age of the two model-specific posteriors. In the example of Decision Problem 1 above, the two
model-specific posteriors after a purple signal are 0.737 and 0.292. A reported belief of 0.5
is therefore a weighted average with a weight of (0.5−0.292)/(0.737−0.292)≈ 0.47 on the
higher posterior.36 Decision Problem 5 is excluded because the two model-specific posteriors

36 For beliefs below the lower model-specific posterior, the implied weight is set to zero. For beliefs above the
higher model-specific posterior, it is set to one. In the SP block, 17.3% of reports in Decision Problems 1–4 and
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coincide. The figure shows that implied weights for participants classified as Bayesian concen-
trate at intermediate values, while implied weights for Best-fit participants have larger masses
at zero and one. These patterns are broadly consistent with the distinction between the two
behavioral rules. See Appendix B.6.3 for report-level implied weights in the AP block.

5.3 Effects of Motivated Reasoning

This section compares beliefs between the SP and AP blocks to test the hypotheses about mo-
tivated reasoning. In the AP block, participants receive a higher urn payment when Urn X is
selected. Hypothesis 1 predicts higher beliefs of Urn X in the AP block than in the SP block.
Hypothesis 2 predicts a larger average effect of motivated reasoning on reported beliefs among
Best-fit participants than among Bayesian participants.

I first estimate the following specification:

Beliefit = α +β11Asym,it +β2Xi +λdit +ηsit + τt + εit . (14)

Here, Beliefit ∈ [0,1] is participant i’s reported belief of Urn X in round t. The indicator 1Asym,it

equals one in the AP block. The participant covariates Xi include gender, race, cognitive score,
risk attitude, overconfidence, and narrative extremeness, defined in Section 4.4. I also include
fixed effects for decision problem, signal color, and round. Standard errors are clustered by
participant.37

Figure 6 reports the estimated coefficient on the AP block indicator for the pooled sample
and separately for each behavioral type. Conditional on the specified participant covariates
and fixed effects, this coefficient measures how asymmetric payoffs affect posterior beliefs of
Urn X, and I refer to this coefficient as the effect of motivated reasoning. Consistent with
Hypothesis 1, asymmetric payoffs increase the reported belief of Urn X by 1.7 percentage
points overall (p < 0.001). The estimated effect is 0.5 percentage points among Bayesian
participants (p = 0.245) and 8.4 percentage points among Best-fit participants (p = 0.001).
In addition, the estimated effect is significantly larger among Best-fit participants than among
Bayesian participants (p < 0.001), consistent with Hypothesis 2.38

6–9 lie outside the range of the two model-specific posteriors. In a related experiment, Aina and Schneider (2025)
find that 12.1% of guesses lie outside the range of the two model predictions.

37 The results are robust to participant fixed effects. See Appendix B.3 for details on these estimates and the
first-block comparison.

38 One may be concerned that participants who complete the AP block first carry its effects into the SP block,
which would affect both their classification and the estimated effect of motivated reasoning. The order of the
two blocks was randomized, and 91 participants completed the SP block first. For these participants, types are
classified only from beliefs reported before they faced asymmetric payoffs. Among them, the effect of mo-
tivated reasoning is 6.5 percentage points larger among Best-fit participants than among Bayesian participants
(p = 0.014).
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Notes: The figure reports estimated coefficients on 1Asym in Equation (14) for the pooled sample and
separately for each behavioral type. The pooled, Bayesian, Best-fit, and Non-mover samples contain
193, 132, 33, and 28 participants, and each participant contributes 54 beliefs. Regressions control
for gender, race, cognitive score, risk attitude, overconfidence, and narrative extremeness, and include
fixed effects for signal color, round, and decision problem. Bars indicate 95% confidence intervals
based on standard errors clustered at the participant level. The red bracket reports the significance of
the difference between the Best-fit and Bayesian coefficients. ∗p < 0.10, ∗∗p < 0.05, ∗∗∗p < 0.01.

Figure 6: Motivated Reasoning Effect by Type

Result 2. Asymmetric payoffs have a significantly larger effect on Best-fit participants’ re-

ported beliefs than on Bayesian participants’ reported beliefs.

I next examine how the effect of motivated reasoning varies with posterior type probabilities.
I interact 1Asym with each participant’s posterior probabilities of being the Best-fit and Non-
mover types, using the Bayesian type as the reference group. These probabilities are estimated
from each participant’s 27 reports in the SP block. Table 5 reports a positive coefficient of 0.082
on the interaction between 1Asym and the Best-fit probability (p < 0.001). Thus, the estimated
effect of motivated reasoning increases with the Best-fit probability, which is consistent with
the separate estimates in Figure 6.39

39 See Appendix B.3 for details on effects of motivated reasoning and closeness to Best-fit versus Bayesian
predictions measured using reports from other decision problems.
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Table 5: Motivated Reasoning Effect by Likelihood of Type

DV: Reported Belief (1)

1Asym 0.004
(0.004)

1Asym × Likelihood of Best-fit Type 0.082∗∗∗

(0.023)
1Asym × Likelihood of Non-mover Type -0.007

(0.011)
Likelihood of Best-fit Type -0.069∗∗∗

(0.018)
Likelihood of Non-mover Type 0.004

(0.008)

Observations 10422
Participants 193
Mean of DV 0.506
R2 0.343

Notes: The table reports OLS estimates of how the effect of motivated
reasoning varies with posterior type probabilities. The dependent vari-
able is reported belief. Unreported controls include gender, race indi-
cators, cognitive score, risk attitude, overconfidence, and narrative ex-
tremeness. The specification includes fixed effects for signal color,
round, and decision problem. Standard errors clustered at the participant
level appear in parentheses. ∗p < 0.10, ∗∗p < 0.05, ∗∗∗p < 0.01.

The main results on motivated reasoning are robust to alternative two-, four-, and five-type clas-
sifications. Asymmetric payoffs have a significantly larger effect among Best-fit participants
than among Bayesian participants under all four specifications. See Appendix B.5 for details
on the corresponding estimated effects of motivated reasoning and regressions using posterior
type probabilities.

As described in Section 5.2, the main specification assumes that the error standard deviations
are shared across types. When I relax this assumption and allow type-specific error standard
deviations, asymmetric payoffs still have a significantly larger effect among Best-fit participants
than among Bayesian participants. The estimated effects are 4.9 and 0.1 percentage points,
respectively, compared with 8.4 and 0.5 percentage points in Figure 6, and their difference is
statistically significant (p < 0.001). See Appendix B.4 for details on this specification.

5.4 Tests of the Model-Switch Predictions

I next examine how the effect of motivated reasoning varies across decision problems. In
Decision Problems 1–3 and 6–9, the objectively best-fitting model assigns a lower posterior
probability to Urn X than the other model after either signal. A sufficiently strong preference-
driven distortion may therefore lead Best-fit agents to select the model with the higher posterior

31



probability. Prediction 1 and Proposition 2 establish the conditions for this switch. In Decision
Problem 4, the objectively best-fitting model already assigns the higher posterior probability to
Urn X. In Decision Problem 5, participants see two identical models, so the two model-specific
posteriors coincide. Neither problem therefore allows a switch from a model with a lower pos-
terior probability to one with a higher posterior probability. Preference-driven distortion may
still affect Best-fit agents’ beliefs through changes in model-specific posterior probabilities.40

Notes: The figure reports estimated effects of motivated reasoning on the reported beliefs of Urn X for
each decision problem (left axis). Navy diamonds represent estimates for the pooled sample, and green
squares represent estimates for participants classified as Best-fit. Decision problems are ordered by the
switching threshold, shown by the grey bars (right axis). Decision Problem 4 appears last because no
switch is possible. Decision Problem 5 is excluded because participants see identical models. The
regressions include participant, decision-problem-by-signal, and round fixed effects. Bars indicate
95% confidence intervals based on standard errors clustered at the participant level.

Figure 7: Motivated Reasoning Effects Across Decision Problems

Figure 7 reports the estimated effects of motivated reasoning in each decision problem sep-
arately. The decision problems are ordered by their switching threshold, 1/R, discussed in
Proposition 2. The switching threshold is the smallest preference-driven distortion toward Urn
X that leads a Best-fit agent to select the model with the higher posterior probability of Urn
X. A lower threshold means that a weaker preference is enough to switch models. In Deci-
sion Problem 4, the best-fitting model already implies the higher posterior probability of Urn
X, so no switch is possible. Several Best-fit estimates are significantly positive, but they are
imprecise and do not decline steadily as the threshold rises.41

40 Decision Problems 1 and 4 have the same state prior, objective fit gap, and gap between model-specific
posteriors. The best-fitting model implies the lower posterior probability of Urn X in Decision Problem 1 and the
higher posterior probability in Decision Problem 4. Appendix B.3 compares their estimated effects to examine the
role of model switching.

41 State priors may affect how easily participants assess model fit. Decision Problems 1–3 share a state prior
of 0.5, under which participants can determine each model’s fit by counting the balls of the observed color in the
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I next test Hypothesis 3 with regressions. Hypothesis 3 implies that the effect among Best-
fit participants should be larger in problems with lower thresholds. I use two measures of
how much preference-driven distortion is needed to switch models: the objective fit gap,
|PA(s)−PB(s)|, and the switching threshold, 1/R, discussed in Proposition 2 and used in Hy-
pothesis 3. Using Decision Problems 1–3 and 6–9, I interact 1Asym with each measure in a sep-
arate regression. The regressions include participant, decision-problem-by-signal, and round
fixed effects.42 They also interact 1Asym with state-prior indicators, which allows the effect of
motivated reasoning to vary across state priors.

Table 6: Motivated Reasoning, Model Fit, and Switching Thresholds

DV: Reported Belief (1) (2) (3) (4)

1Asym 0.035∗∗ 0.177∗∗∗ 0.034∗∗ 0.157∗∗

(0.015) (0.063) (0.015) (0.064)
1Asym × objective fit gap -0.054 -0.269

(0.044) (0.168)
1Asym × switching threshold -0.004 -0.014

(0.004) (0.014)

Sample All Best-fit All Best-fit
Observations 8106 1386 8106 1386
Participants 193 33 193 33
Mean of DV 0.505 0.465 0.505 0.465
R2 0.513 0.380 0.513 0.379

Notes: The table reports OLS estimates of how the effect of motivated reasoning varies with
the objective fit gap and switching threshold. The dependent variable is reported belief. The
sample includes Decision Problems 1–3 and 6–9. Columns (1) and (3) use all participants,
while columns (2) and (4) use participants classified as Best-fit. The objective fit gap is
|PA(s)−PB(s)|, and the switching threshold is 1/R, discussed in Proposition 2. All specifica-
tions include interactions between 1Asym and state-prior indicators, together with participant,
decision-problem-by-signal, and round fixed effects. Standard errors clustered at the partici-
pant level appear in parentheses. ∗p < 0.10, ∗∗p < 0.05, ∗∗∗p < 0.01.

Table 6 reports negative interaction coefficients for both measures. The estimates are consis-
tent with Hypothesis 3 directionally, although none of the interaction coefficients is statistically
significant. With 33 Best-fit participants and seven decision problems, the design has limited
power to detect how the effect of motivated reasoning varies across decision problems. An-
other possible reason is that preference-driven distortion differs across participants. A Best-fit
participant with a strong distortion switches models in every decision problem, and one with
a weak distortion never switches. Only participants with an intermediate distortion switch in
decision problems with low thresholds but not in those with high thresholds. Differences in
the average effect across decision problems therefore come only from this intermediate group,

cart. Among these three problems, the Best-fit estimate is largest in Decision Problem 1, which has the lowest
threshold.

42 Decision Problems 4–5 are excluded as no switch is possible.
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which may be quite small.

5.5 Belief Extremeness and Individual Characteristics

This section examines the extremeness of reported beliefs, measured by their absolute distance
from 0.5 (Fan and Fries 2026). A reported belief of 0.1 or 0.9 has an extremeness of 0.4, while
a reported belief of 0.5 has an extremeness of zero. In Decision Problems 1–4 and 6–7, the
state priors are 0.5 and 0.3, and the Best-fit benchmark is further from 0.5 than the Bayesian
benchmark. In Decision Problems 8–9, where the state prior is 0.7, the Best-fit benchmark
instead predicts less extreme beliefs than the Bayesian benchmark. The Bayesian and Best-
fit benchmarks coincide in Decision Problem 5. Across all nine decision problems in the SP

block, mean belief extremeness is 0.292 among participants classified as Best-fit and 0.162
among those classified as Bayesian (p < 0.001). In Decision Problems 1–4, the corresponding
means are 0.263 and 0.079 (p < 0.001).

Figure 8 shows the cumulative distributions of report-level extremeness from Decision Prob-
lems 1–5 in the SP block. In Decision Problems 1–4, the Best-fit rule generates more extreme
benchmark beliefs than the Bayesian rule. In Decision Problem 5, both rules produce the same
benchmark. Best-fit participants report higher extremeness levels in both Decision Problems
1–4 (p < 0.001) and Decision Problem 5 (p = 0.038), while the difference in mean belief ex-
tremeness between Best-fit and Bayesian participants is significantly larger in Decision Prob-
lems 1–4 than in Decision Problem 5 (p < 0.001). One may be concerned that the difference
in belief extremeness is driven entirely by the parameters of the decision problems. The larger
gap in Decision Problems 1–4 suggests that differences between the rules’ predictions help ex-
plain why Best-fit participants report more extreme beliefs. However, Best-fit participants also
report more extreme beliefs on average in Decision Problem 5, where both rules predict the
same beliefs. This finding suggests that the difference in belief extremeness is not solely driven
by benchmark predictions.

I also explore which individual characteristics are associated with behavioral type classifica-
tion. Table 7 reports average marginal effects from separate logit regressions for Bayesian and
Best-fit types. The regressions include gender, race indicators, cognitive score, risk attitude,
overconfidence, narrative extremeness, quiz score, and previous experimental participation.
Narrative extremeness, defined in Section 4.4, comes from the unincentivized narrative survey
at the end of the experiment.

The regression results show that narrative extremeness is positively associated with being clas-
sified as the Best-fit type in the belief updating tasks in this experiment. The corresponding
association with Bayesian classification is negative, and both associations are statistically sig-
nificant at the 5% level. Risk attitude is positively associated with Bayesian classification
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DP 1–4 DP 5

Notes: The curves show the cumulative distributions of belief extremeness, |Beliefit −0.5|, in the SP block
for participants classified as Bayesian and Best-fit. The left panel uses Decision Problems 1–4, and the right
panel uses Decision Problem 5.

Figure 8: Belief Extremeness by Type in the Symmetric Payoff Block

Table 7: Individual Characteristics and Type Classification

DV: Type Classification
Bayesian Best-fit

(1) (2)

Female 0.032 -0.004
(0.066) (0.054)

Quiz Score 0.056 0.025
(0.040) (0.037)

Cognitive Score 0.010 -0.008
(0.028) (0.023)

Risk Attitude 0.005∗∗∗ -0.001
(0.002) (0.001)

Overconfidence -0.075 -0.034
(0.080) (0.064)

Narrative Extremeness -0.094∗∗ 0.067∗∗

(0.037) (0.029)

Observations 193 193
Mean of DV 0.684 0.171
Pseudo R2 0.109 0.121

Notes: The table reports average marginal effects from bi-
nary logit regressions. The dependent variables are binary
indicators for Bayesian and Best-fit types in columns (1) and
(2). Each regression uses all 193 participants. All displayed
characteristics enter both regressions. The regressions in-
clude gender, race indicators, cognitive score, risk attitude,
overconfidence, narrative extremeness, quiz score, and previ-
ous experimental participation. Delta-method standard errors
appear in parentheses. ∗p < 0.10, ∗∗p < 0.05, ∗∗∗p < 0.01.
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(p < 0.01).43 The estimated coefficients of quiz score, cognitive score, and overconfidence are
not statistically significant for either type.

This finding suggests that the behavioral rules participants use in the laboratory may sometimes
reflect tendencies that extend beyond the abstract belief-updating tasks. Participants classified
as Best-fit also tend to express stronger views on economic narratives. However, narrative
extremeness is measured through an unincentivized survey. This association therefore provides
weak evidence of a broader connection. See Appendix B.6.1 for details on type-assignment
regressions including Non-movers and associations between narrative extremeness and belief
updating.

5.6 Further Discussion

The results connect differences in belief updating and model selection to differences in re-
sponses to asymmetric payoffs. Asymmetric payoffs increase reported beliefs in the preferred
state, which supports Hypothesis 1. This effect is significantly larger among participants clas-
sified as Best-fit than among those classified as Bayesian, which supports Hypothesis 2.

The results do not provide clear support for Hypothesis 3. Among Best-fit participants, the
point estimates suggest a larger effect of motivated reasoning when the objective fit gap is
smaller or the switching threshold is lower, but these estimates are imprecise and never statisti-
cally significant. The objective fit gap may not be the only determinant of Best-fit participants’
model-switching behavior. Salience, complexity, or model-specific posteriors might also affect
this process. In addition, Hypothesis 3 tests a further link between model switching and the
effect of motivated reasoning. Preference-driven distortion affects Best-fit agents through two
channels: model selection and model-specific posterior beliefs. The second channel still oper-
ates when model switching is less frequent. Together, these issues limit how clearly I can test
this hypothesis.

I also explore the extremeness of reported beliefs across behavioral rules and find that Best-fit
participants report more extreme beliefs on average. I further explore the potential connection
between behavior in this belief updating task and behavior in broader settings. The results
suggest that participants classified as Best-fit tend to hold stronger opinions on economic policy
narratives.

43 This association is economically modest. A one-standard-deviation increase in the number of boxes collected
in the bomb risk task (about 21 boxes) raises the probability of Bayesian classification by about 10 percentage
points. Hedging against the urn payment is also unlikely to explain this association. The classification uses only
beliefs from the SP block, where the urn payment is the same for both urns, so participants have little reason
to hedge. In the AP block, hedging could lower reported beliefs of Urn X, especially among more risk-averse
participants. Participants classified as Best-fit are more risk-averse on average, so hedging would, if anything,
reduce their estimated effect of motivated reasoning relative to Bayesian participants.
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6 Conclusion

This paper examines how preferences over payoff-relevant states affect model selection and
belief updating when multiple competing models can explain the same information. I develop
a theoretical framework in which preference-driven distortion affects how individuals perceive
the information structure. The same distortion applies to Bayesian and Best-fit behavioral rules,
and it distorts Bayesian agents’ model weights and may switch Best-fit agents’ model selection.
In the experimental setting with two states, two signals, and two models, stronger bias shifts
beliefs toward the preferred state under both rules. Bayesian beliefs change continuously as
the distortion increases. Best-fit beliefs can also jump when individuals switch to a model that
assigns a higher probability to the preferred state. This theoretical framework characterizes
when these model switches occur and their dependence on the information structure.

The experiment shows that asymmetric payoffs have a larger effect on participants classified
as best-fit updaters than on those classified as Bayesian updaters. Behavior in the symmetric
payoff block therefore helps predict whose beliefs are more affected by preferences. This find-
ing suggests that differences in model selection and belief updating matter for understanding
motivated reasoning. Even when individuals face the same information and competing expla-
nations, their responses to preferences can differ substantially.

The framework offers one explanation for this difference. Preferences can change how well a
model appears to explain the data, making a model that favors the preferred state more likely
to be selected. Individuals may therefore arrive at a preferred belief while following what they
perceive as the best explanation of the evidence. The experimental results are consistent with
this explanation, although the variation across decision problems predicted by Hypothesis 3 is
not statistically significant. However, the experiment elicits only beliefs, so I cannot directly
measure how much of the effect of motivated reasoning comes from model switches. Eliciting
model choices alongside beliefs would help separate model switches from changes in model-
specific posteriors within the selected model.

These results have implications for efforts to reduce biased beliefs by presenting competing
explanations. Both models are available in the experiment, and individuals differ in whether
they weight them or select one model to update beliefs. The effectiveness of providing alter-
native explanations may therefore depend on how individuals use them when updating beliefs.
A useful next step is to examine whether encouraging individuals to weight multiple models
could reduce the effect of motivated reasoning.

A further question is when individuals adopt different updating rules. The experiment uses
simple models that participants can compare directly. In many settings, individuals face several
complex models whose assumptions and predictions are difficult to assess. Comparing and
evaluating these models may require considerable time and effort. As a result, individuals
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may then rely on a single model, and their preferences may influence which model they select.
Future experiments could vary the number of models or the complexity of the model. This
would help us understand whether individuals change their updating rules across settings and
whether these changes affect the magnitude of motivated reasoning.

The supply of competing models also deserves further attention. In this experiment, the models
are given by the experimenter, and their availability does not depend on participants’ prefer-
ences. In political and financial settings, interested parties often choose which explanations to
present. A sender who knows the receiver’s preferences may offer a model that supports the
receiver’s preferred state while fitting the observed data. The optimal sending strategy may
also depend on whether the receiver weights competing models or selects one. Future research
could allow senders to choose models and explore how senders respond to differences in re-
ceivers’ preferences and updating behavior, and whether their choices strengthen the effect of
motivated reasoning.
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Engelmann, Jan B, Maël Lebreton, Nahuel A Salem-Garcia, Peter Schwardmann, and Joël J
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A Further Theoretical Analysis

This appendix derives several identities used in Section 3 and proves each proposition and
prediction. The assumptions specified in Sections 3.1 and 3.2 apply throughout.

A.1 Model Fit

For every model, objective and subjective fits satisfy

∑
s∈S

Pm(s) = 1, ∑
s∈S

P̂m(s) = ∑
ω∈Ω

µ0(ω) f (U(ω)). (A-1)

Both equalities follow by exchanging the state and signal sums and using ∑s∈S πm(s | ω) = 1.
Their right-hand sides are independent of the model.

Suppose S = {s1,s2}. Subtracting Equation (A-1) for models m and m′ gives Equation (11).
This derivation allows any finite number of states.

Taking the ratio of the weights assigned to m and m′, before and after preference-driven distor-
tion, and using Equation (7) gives

ρ̂(m | s)
ρ̂(m′ | s)

=
ρ(m | s)
ρ(m′ | s)

∑ω∈Ω µm(ω | s) f (U(ω))

∑ω∈Ω µm′(ω | s) f (U(ω))
.

Preference-driven distortion increases the weight on m relative to m′ exactly when the posterior
expectation of f (U) is larger under m.

A related observation holds with any finite signal space. Suppose M = {m,m′} and πm(s | ω) =

πm′(s | ω) for every s ∈ S and ω ̸= ω̄ . Define δ (s) = πm(s | ω̄)−πm′(s | ω̄). Then

Pm(s)−Pm′(s) = µ0(ω̄)δ (s), P̂m(s)− P̂m′(s) = f (U(ω̄))
[
Pm(s)−Pm′(s)

]
.

The objective and subjective fit differences therefore have the same sign after every signal.
Preference-driven distortion cannot change the model selected by a best-fit agent.
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A.2 Proofs

A.2.1 Proof of Proposition 1

Proof. Suppose m is more representative than m′ for s. The subjective fit difference is

P̂m(s)− P̂m′(s) = ∑
ω∈Ω

µ0(ω) f (U(ω))
[
πm(s | ω)−πm′(s | ω)

]
.

Every term is nonnegative. At least one is positive because µ0(ω)> 0, f (U(ω))> 0, and one
likelihood inequality is strict. Hence, P̂m(s)> P̂m′(s), which proves part 1.

The common denominator in Equation (10) cancels from the ratio of model weights. Therefore,

ρ̂(m | s)
ρ̂(m′ | s)

=
ρ0(m)

ρ0(m′)

P̂m(s)
P̂m′(s)

>
ρ0(m)

ρ0(m′)
.

This proves part 2. Part 1 also implies that m′ cannot maximize subjective fit, which proves
part 3.

A.2.2 Proof of Prediction 1

Proof. By assumption, the objective and subjective fit differences between m and m′ are both
nonzero. Equation (11) implies that each difference changes sign across the two signals.

Suppose the selections based on objective and subjective fit differ after s1. Both fit rankings
reverse for s2, so the selections also differ after s2. The switch is therefore full.

If the selections agree after s1, both ranking reversals make them agree after s2. The selected
model is then unchanged after both signals.

A.2.3 Proof of Proposition 2

Proof. Because S has two signals and the models are distinct, their likelihoods of s1 differ in at
least one state. If they were equal in the other state, one model would be more representative.
Thus, the likelihood differences are nonzero and have opposite signs.

To determine their signs, suppose that

πm(s1 | ω1)> πm′(s1 | ω1), πm(s1 | ω2)< πm′(s1 | ω2).

Bayes’ rule would imply
µm(ω1 | s1)

µm(ω2 | s1)
>

µm′(ω1 | s1)

µm′(ω2 | s1)
.
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With two states, the posterior odds of ω1 relative to ω2 are strictly increasing in the posterior
probability of ω1. The displayed inequality contradicts µm(ω1 | s1)< µm′(ω1 | s1). Hence,

πm(s1 | ω1)< πm′(s1 | ω1), πm(s1 | ω2)> πm′(s1 | ω2).

Equation (12) therefore gives A > 0 and B > 0.

The objective fit difference is

Pm(s1)−Pm′(s1) = B−A > 0.

Thus, B > A > 0 and R = A/B ∈ (0,1).

The subjective fit difference equals

P̂m(s1)− P̂m′(s1) = f (U(ω2))B− f (U(ω1))A = f (U(ω2))(B− tA).

It is negative exactly when

t >
B
A
=

1
R
.

This condition reverses the selected model after s1. Prediction 1 then implies a full switch.
Below the threshold, the selections agree after s1, so no switch occurs.

At equality, subjective fits tie after both signals. The fixed tie-breaking rule selects the same
model after both signals. Objective selections differ across signals, so the switch is partial.

A.2.4 Proof of Proposition 3

Proof. Fix s ∈ S. I first derive Equation (13). Let

D(s) = ∑
m∈M

ρ0(m)Pm(s), D̂(s) = ∑
m∈M

ρ0(m)P̂m(s).

Equations (3), (4), and (1a) give

µB(ω | s) =
µ0(ω)∑m∈M ρ0(m)πm(s | ω)

D(s)
.

Likewise, Equations (5) and (10) give

µ̂B(ω | s) =
µ0(ω) f (U(ω))∑m∈M ρ0(m)πm(s | ω)

D̂(s)
.
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Using the definition of D̂(s) and rearranging the sums gives

D̂(s) = ∑
ω ′∈Ω

µ0(ω
′) f (U(ω ′)) ∑

m∈M
ρ0(m)πm(s | ω

′)

= D(s) ∑
ω ′∈Ω

µB(ω
′ | s) f (U(ω ′)).

Substituting this equality into the expression for µ̂B gives Equation (13).

Now write xm = µm(ω1 | s) and t = f (U(ω1))/ f (U(ω2))> 1. Full support implies xm ∈ (0,1)
and µB(ω1 | s) ∈ (0,1). Equation (13) gives

µ̂B(ω1 | s) = h(t,µB(ω1 | s)), h(t,x) =
tx

tx+(1− x)
.

For t > 1 and x ∈ (0,1),

h(t,x)− x =
(t −1)x(1− x)

1+(t −1)x
> 0.

Therefore, µ̂B(ω1 | s)> µB(ω1 | s).

Let j = m∗
s and k = m̂∗

s . Equation (7) becomes

P̂m(s) = Pm(s) f (U(ω2))
[
1+(t −1)xm

]
.

Optimality gives Pj(s)≥ Pk(s) and P̂k(s)≥ P̂j(s). If xk < x j, then

P̂k(s) = Pk(s) f (U(ω2))
[
1+(t −1)xk

]
≤ Pj(s) f (U(ω2))

[
1+(t −1)xk

]
< Pj(s) f (U(ω2))

[
1+(t −1)x j

]
= P̂j(s).

This contradicts the selection of k, so xk ≥ x j. Hence,

µm̂∗
s (ω1 | s)≥ µm∗

s (ω1 | s).

Finally,
µ̂F(ω1 | s) = h(t,xk)> xk ≥ x j = µF(ω1 | s).

This proves both claims for best-fit agents.

A.2.5 Proof of Proposition 4

Proof. Fix s ∈ S. Multiplying all values of f (U(ω)) by the same positive constant leaves
posterior beliefs, model weights, and model selection unchanged. Set f (U(ω2)) = 1 and
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f (U(ω1)) = t.

The function
h(t,x) =

tx
tx+(1− x)

is continuous. For t > 0 and x ∈ (0,1),

∂h
∂ t

=
x(1− x)

[tx+(1− x)]2
> 0,

∂h
∂x

=
t

[tx+(1− x)]2
> 0.

Equation (13) gives
µ̂B(ω1 | s) = h(t,µB(ω1 | s)).

Full support places µB(ω1 | s) in (0,1). This proves part 1.

For the best-fit rule, define xm = µm(ω1 | s) and

qm(t) = Pm(s)
[
1+(t −1)xm

]
.

Equation (7) gives P̂m(s) = qm(t), so the selected model maximizes qm(t). Fix 1 < t1 < t2, and
let models a and b be selected at these values.

Optimality gives qa(t1)≥ qb(t1) and qb(t2)≥ qa(t2). Combining these inequalities gives

1+(t2 −1)xb

1+(t1 −1)xb
≥ 1+(t2 −1)xa

1+(t1 −1)xa
.

For fixed t1 and t2, the ratio on each side is strictly increasing in x, with derivative

t2 − t1
[1+(t1 −1)x]2

> 0.

Therefore, xb ≥ xa.

The model-specific posterior probability on ω1 under the selected model is therefore non-
decreasing in t. It remains constant whenever the selected model does not change. This proves
part 2.

The distorted best-fit posterior belief at t1 is h(t1,xa), while the belief at t2 is h(t2,xb). Because
xb ≥ xa,

h(t2,xb)≥ h(t2,xa)> h(t1,xa).

The strict inequality follows because xa ∈ (0,1). Thus, the distorted best-fit posterior belief is
strictly increasing in t.

Each qm(t) is affine in t, and two distinct affine functions intersect at most once. Since M is
finite, only finitely many switching thresholds exist. Identical functions do not create switches
because the fixed tie-breaking rule selects the same model for every t.
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Between switching thresholds, the selected model is fixed. The distorted best-fit posterior
belief is therefore continuous on each such interval. A switch to a model with a strictly higher
model-specific posterior probability on ω1 produces an upward jump. This proves part 3.
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B Further Empirical Analysis

B.1 Sample Characteristics

Table B-1 summarizes the characteristics of the 193 participants.

count mean sd min max

Female 193 0.497 0.501 0 1
Asian 193 0.415 0.494 0 1
White 193 0.472 0.500 0 1
Cognitive Score 193 2.751 1.283 0 6
Prior Experiments 193 3.710 3.072 0 17
Quiz Score 193 9.508 0.758 7 10

Notes: The table reports summary statistics for the 193 partici-
pants. Means of indicator variables represent participant propor-
tions. Quiz scores measure comprehension of the experimental
instructions.

Table B-1: Sample Characteristics
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B.2 Structural Classification

This subsection presents the error structure and estimation procedure for the classification in
Section 5.2. The sample contains 5,211 reported beliefs from 193 participants, with 27 beliefs
per participant in the SP block. Each participant follows one behavioral rule across these sce-
narios. Let k ∈ T = {Bayesian,Best-fit,Non-mover} index behavioral types, and let t index
rounds.

First layer: errors in model-fit calculations. For each decision problem, the objective fit of
model m after signal s is

Pm(s) = ∑
ω∈Ω

µ0(ω)πm(s | ω). (B-2)

Participant i of type k assesses this fit with a mean-zero normal error:

P̂mit(s) = Pm(s)+ ε
1
mit , ε

1
mit ∼ N(0,σ2

1,k). (B-3)

The errors are independent across models, participants, and rounds. Their standard deviation is
common to the Bayesian and Best-fit types, σ1,k = σ1. The model prior assigns equal probabil-
ities to carts A and B. Bayesian agents therefore weight the model-specific posteriors by their
relative subjective fits. For positive perceived fits, the weight on model A is44

ρit(A | s) =
ρ0(A)P̂Ait(s)

ρ0(A)P̂Ait(s)+ρ0(B)P̂Bit(s)
, ρit(B | s) = 1−ρit(A | s). (B-4)

In the experiment, ρ0(A) = ρ0(B) = 1/2, so the model-prior terms cancel. Bounding the weight
between zero and one keeps the weighted belief between the two model-specific posteriors
when fit errors are large. Best-fit agents select model A when P̂Ait(s) > P̂Bit(s) and model B
otherwise. Let m̂∗

it denote this selected model. Non-movers retain the state prior and do not use
model-fit calculations.

Second layer: reporting errors. Let ω1 denote selection of Urn X and ω2 selection of Urn
Y. The internal belief about Urn X for a participant of type k is µk,it(ω1 | s). The three rules
imply

µBayesian,it(ω1 | s) = ∑
m∈{A,B}

ρit(m | s)µm(ω1 | s), (B-5)

µBest-fit,it(ω1 | s) = µm̂∗
it
(ω1 | s), (B-6)

µNon-mover,it(ω1 | s) = µ0(ω1). (B-7)

44 In structural estimation, subjective fits below 10−10 are set to 10−10, and model weights are therefore re-
stricted to [0,1]. The main results are robust when I modify the lower bound.
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A second layer of mean-zero normal error is added to the internal belief before censoring at
zero and one:

Beliefit = µk,it(ω1 | s)+ ε
2
it , ε

2
it ∼ N(0,σ2

2,k). (B-8)

Reporting errors are independent across participants and rounds and independent of the first-
layer errors. The reporting-error standard deviation is common to all three types, σ2,k = σ2.
The Non-mover type has no fit-calculation error.

Likelihood and estimation. Let φ denote the standard normal density. Conditional on the
first-layer errors, the density of a reported belief b ∈ (0,1) is

1
σ2,k

φ

Å
b−µk,it(ω1 | s)

σ2,k

ã
. (B-9)

Reported beliefs at zero and one contribute the corresponding lower and upper normal tail
probabilities to the likelihood. For Bayesian and Best-fit types, I integrate the conditional like-
lihood contribution over the two first-layer errors. For Non-movers, I evaluate the same like-
lihood contribution with µk,it(ω1 | s) = µ0(ω1) and reporting-error standard deviation σ2. Let
ℓit(k;σk) denote the resulting report likelihood.45 Conditional on a participant’s type, I assume
that reported beliefs are independent across rounds. The participant likelihood is therefore the
product of the report likelihoods:

Li(k;σk) = ∏
t∈T SP

i

ℓit(k;σk), (B-10)

where T SP
i contains participant i’s 27 rounds in the SP block. With population shares pk ≥ 0

and ∑k pk = 1, the sample likelihood is

L(θ) = ∏
i∈I

∑
k∈T

pkLi(k;σk). (B-11)

The parameter vector contains two independent population shares and two error standard devi-
ations. Standard errors are calculated from 500 bootstrap samples drawn by resampling partic-
ipants. Table 3 in Section 5.2 reports the parameter estimates and standard errors.

Participant classification. Using estimated population shares as prior type probabilities, par-
ticipant i’s posterior probability of type k is

Pr(k | {Beliefit}t∈T SP
i
) =

p̂kLi(k; σ̂k)

∑ j∈T p̂ jLi( j; σ̂ j)
. (B-12)

45 In structural estimation and participant classification, for numerical stability, report likelihoods below 10−10

are set to 10−10 before taking logarithms. The main results are robust to modifying this lower bound.
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I assign each participant to the type with the highest posterior probability. This procedure
classifies 132 participants as Bayesian, 33 as Best-fit, and 28 as Non-movers. Table 4 in Sec-
tion 5.2 reports how many participants remain classified when the highest posterior probability
must exceed 50%, 70%, or 90%.
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B.3 Effects of Motivated Reasoning: Robustness Checks

This subsection reports additional estimates of the effect of motivated reasoning. The regres-
sions follow Equation (14) unless stated otherwise, and standard errors are clustered by partic-
ipant. Regressions with participant fixed effects also include decision-problem-by-signal and
round fixed effects.

Table B-2 reports the pooled effect of asymmetric payoffs under three specifications. Column
(1) repeats the pooled estimate in Figure 6. Column (2) replaces the participant covariates and
decision-problem fixed effects with participant and decision-problem-by-signal fixed effects.
Column (3) uses only beliefs from each participant’s first block, so each participant contributes
beliefs under only one payoff condition, and participant fixed effects cannot be included. The
estimated effects are 1.7, 1.6, and 1.3 percentage points, respectively. The first-block estimate
is less precise and not statistically significant, but it is similar in size.

DV: Reported Belief (1) (2) (3)

1Asym 0.017∗∗∗ 0.016∗∗∗ 0.013
(0.005) (0.005) (0.009)

Observations 10422 10422 5211
Participants 193 193 193
Mean of DV 0.506 0.506 0.503
SP comparison mean 0.498 0.498 0.496
R2 0.336 0.511 0.424
Participant FE No Yes No
DP × signal FE No Yes Yes
DP FE Yes No No
Sample All reports All reports First block
Participant covariates Yes No No

Notes: The table reports OLS estimates. The dependent variable is re-
ported belief. Columns (1) and (2) use all beliefs; column (3) uses be-
liefs from the first block. Unreported controls in column (1) include
signal color, gender, race, cognitive score, risk attitude, overconfi-
dence, and narrative extremeness. Column (1) also includes unreported
round and decision-problem fixed effects. Column (2) includes unre-
ported participant, decision-problem-by-signal, and round fixed effects.
Column (3) includes unreported decision-problem-by-signal and round
fixed effects. The SP comparison mean uses beliefs in the SP block in
the same estimation sample. Standard errors clustered at the participant
level appear in parentheses. ∗p < 0.10, ∗∗p < 0.05, ∗∗∗p < 0.01.

Table B-2: Overall Effects and First-Block Comparison
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Table B-3 repeats the estimates by type in Figure 6, replacing the participant covariates with
participant fixed effects. As in Figure 6, types are assigned as in Section 5.2. The estimated
effect is 7.9 percentage points among Best-fit participants (p < 0.01), compared with 0.5 per-
centage points among Bayesian participants and −0.2 percentage points among Non-movers.
These estimates are close to those in Figure 6.

DV: Reported Belief (1) (2) (3) (4)

1Asym 0.016∗∗∗ 0.005 0.079∗∗∗ -0.002
(0.005) (0.003) (0.023) (0.009)

Observations 10422 7128 1782 1512
Participants 193 132 33 28
Mean of DV 0.506 0.513 0.476 0.511
R2 0.511 0.627 0.372 0.579
Sample All participants Bayesian Best-fit Non-mover

Notes: The table reports OLS estimates. The dependent variable is reported belief.
Columns (1)–(4) use all participants, Bayesian participants, Best-fit participants, and
Non-movers, respectively. The specification includes participant, decision-problem-
by-signal, and round fixed effects. The Non-mover regression contains 28 participants.
Standard errors clustered at the participant level appear in parentheses. ∗p < 0.10,
∗∗p < 0.05, ∗∗∗p < 0.01.

Table B-3: Motivated Reasoning Effects with Participant Fixed Effects

Appendix B, p. 12



Table B-4 extends Table 5, which interacts 1Asym with each participant’s posterior type prob-
abilities. Column (2) repeats the specification in Table 5. Column (1) omits the participant
covariates, and column (3) adds participant fixed effects, which absorb the posterior type prob-
abilities. The coefficient on the interaction between 1Asym and the Best-fit probability ranges
from 0.077 to 0.082 across the three columns (p < 0.01 in each).

DV: Reported Belief (1) (2) (3)

1Asym 0.004 0.004 0.004
(0.004) (0.004) (0.003)

1Asym × Likelihood of Best-fit Type 0.082∗∗∗ 0.082∗∗∗ 0.077∗∗∗

(0.022) (0.023) (0.023)
1Asym × Likelihood of Non-mover Type -0.007 -0.007 -0.014

(0.011) (0.011) (0.011)
Likelihood of Best-fit Type -0.076∗∗∗ -0.069∗∗∗

(0.019) (0.018)
Likelihood of Non-mover Type -0.001 0.004

(0.007) (0.008)

Observations 10422 10422 10422
Participants 193 193 193
Mean of DV 0.506 0.506 0.506
R2 0.340 0.343 0.515
Participant FE No No Yes
DP × signal FE No No Yes
DP FE Yes Yes No
Participant covariates No Yes Absorbed
Narrative extremeness No Yes Absorbed

Notes: The table reports OLS estimates of how the effect of motivated reasoning varies
with posterior type probabilities. The dependent variable is reported belief. Each col-
umn uses 10,422 beliefs from 193 participants. Posterior type probabilities are esti-
mated from the 27 beliefs per participant in the SP block. The Bayesian type is the refer-
ence category. Each regression includes 1Asym, the other types’ posterior probabilities,
and their interactions with 1Asym. Columns (1) and (2) include fixed effects for signal
color, round, and decision problem. Column (2) also controls for gender, race indicators,
cognitive score, risk attitude, overconfidence, and narrative extremeness. Column (3)
includes participant, decision-problem-by-signal, and round fixed effects. Participant
fixed effects absorb the posterior type probabilities in column (3). Standard errors clus-
tered at the participant level appear in parentheses. ∗p < 0.10, ∗∗p < 0.05, ∗∗∗p < 0.01.

Table B-4: Posterior-Probability Interactions: Three Types
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The estimates above rely on the classification from the finite mixture model. As a robustness
check that does not use this model, I construct a simple measure of how close each participant’s
reports are to Best-fit predictions. For each report in the SP block, I calculate its absolute
distance from the Bayesian benchmark minus its absolute distance from the Best-fit benchmark.
For each participant and decision problem, the closeness to Best-fit predictions is the average of
this difference over the participant’s SP reports in the other eight decision problems. Excluding
the current decision problem ensures that the measure does not use reports from the decision
problem in which the effect is estimated. Higher values mean that a participant’s reports are
closer to Best-fit predictions relative to Bayesian predictions. Most participants have negative
values, and the median participant average is −0.11.

Table B-5 adds this measure and its interaction with 1Asym to Equation (14). The interaction
coefficient is 0.544 (p < 0.01). At the lower and upper quartiles of participant averages, −0.15
and −0.06, the implied effect of asymmetric payoffs is −1.3 and 3.5 percentage points, re-
spectively. Participants whose reports are closer to Best-fit predictions therefore respond more
strongly to asymmetric payoffs, consistent with the estimates by type.

DV: Reported Belief (1)

1Asym 0.068∗∗∗

(0.011)
Closeness to Best-fit predictions -0.406∗∗∗

(0.067)
1Asym × Closeness 0.544∗∗∗

(0.090)

Observations 10422
Participants 193
Mean of DV 0.506
R2 0.345

Notes: The table reports OLS estimates. The
dependent variable is reported belief. The sam-
ple contains 10,422 beliefs from 193 participants.
Closeness to Best-fit predictions averages absolute
Bayesian error minus absolute Best-fit error across
beliefs in the SP block outside the current decision
problem. The regression includes 1Asym, closeness
to Best-fit predictions, and their interaction. Unre-
ported controls include gender, race indicators, cog-
nitive score, risk attitude, overconfidence, and nar-
rative extremeness. The specification includes fixed
effects for signal color, round, and decision prob-
lem. Standard errors clustered at the participant
level appear in parentheses. ∗p < 0.10, ∗∗p < 0.05,
∗∗∗p < 0.01.

Table B-5: Motivated Reasoning Effects and Closeness to Best-fit Predictions
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Decision Problems 1 and 4. Decision Problem 4 reproduces Decision Problem 1 after ex-
changing the state labels and model labels. The two problems therefore share the state prior, ob-
jective fit gap, and separation between model-specific posteriors. Their objectively best-fitting
models favor Urn Y and Urn X, respectively. Figure B-1 displays the effects in each problem
and their difference. For Best-fit participants, the estimated effect of motivated reasoning is
approximately 13.2 percentage points in Decision Problem 1 and 2.7 percentage points in De-
cision Problem 4. Their difference is 10.5 percentage points, with a two-sided p-value of 0.101.
The pooled difference is 2.1 percentage points and has p = 0.126.

Notes: The figure reports estimated effects of motivated reasoning using beliefs from Decision Prob-
lems 1 and 4. Navy diamonds show pooled estimates and green squares show Best-fit estimates.
The samples contain 2,316 beliefs from 193 participants and 396 beliefs from 33 participants, re-
spectively. Regressions include participant, decision-problem-by-signal, and round fixed effects and
interact 1Asym with an indicator for Decision Problem 1. The first two positions show the implied
effects of motivated reasoning; the third shows their directly estimated difference. Bars indicate 95%
confidence intervals based on standard errors clustered at the participant level.

Figure B-1: Motivated Reasoning Effects in Decision Problems 1 and 4
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Table B-6 reports the estimates plotted in Figure B-1. For Best-fit participants, the difference
between Decision Problems 1 and 4 is 10.5 percentage points with a standard error of 6.2
percentage points. The estimates have the predicted sign, but the difference is imprecisely
estimated.

DV: Reported Belief (1) (2)

1Asym (DP4) 0.006 0.027
(0.010) (0.047)

DP1 minus DP4 effect 0.021 0.105
(0.014) (0.062)

Observations 2316 396
Participants 193 33
Mean of DV 0.518 0.525
R2 0.228 0.378
Sample All participants Best-fit

Notes: The table reports OLS estimates. The dependent
variable is reported belief. The sample contains only Deci-
sion Problems 1 and 4. Columns (1) and (2) use all partic-
ipants and Best-fit participants, respectively. The first row
reports the effect of motivated reasoning in Decision Prob-
lem 4. The second reports the difference between Deci-
sion Problems 1 and 4. The specification includes partici-
pant, decision-problem-by-signal, and round fixed effects.
Standard errors clustered at the participant level appear in
parentheses. ∗p < 0.10, ∗∗p < 0.05, ∗∗∗p < 0.01.

Table B-6: Motivated Reasoning Effects in Decision Problems 1 and 4: Regression Estimates
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B.4 Type-Specific Error Standard Deviations

This subsection reports the three-type classification when the error standard deviations in Equa-
tions (B-3) and (B-8) differ across types. The fit-calculation standard deviation σ1,k is estimated
separately for the Bayesian and Best-fit types, and the reporting standard deviation σ2,k is es-
timated separately for each of the three types. The parameter vector therefore contains two
independent population shares and five error standard deviations. The behavioral rules, partici-
pant likelihood, and posterior assignment otherwise follow Appendix B.2.46 Table B-7 reports
the estimates.

This specification classifies 123 participants as Bayesian, 63 as Best-fit, and seven as Non-
movers, compared with 132, 33, and 28 in the main specification (Table 4). Table B-8 compares
these assignments with the main classification. All 33 participants classified as Best-fit in the
main specification remain Best-fit. The other 30 Best-fit participants are classified as Bayesian
(26) or Non-movers (4) in the main specification. Figure B-2 reports the effects of motivated
reasoning by type. With participant covariates, the estimated effect is 4.9 percentage points
among Best-fit participants (p < 0.001) and 0.1 percentage points among Bayesian participants
(p = 0.693), compared with 8.4 and 0.5 percentage points in the main specification (Figure 6).

Parameter Estimate Bootstrap SE
Population Shares
p1 (Bayesian) 0.641 0.059
p2 (Best-fit) 0.322 0.059
p3 (Non-mover) 0.036 0.013

First-layer (fit-calculation) error SD
σ1,Bayes 0.004 0.001
σ1,Best-fit 0.278 0.067
σ1,Non-mover —

Second-layer (reporting) error SD
σ2,Bayes 0.103 0.010
σ2,Best-fit 0.185 0.008
σ2,Non-mover 0.001 0.000

Notes: The table reports maximum likelihood estimates of population
shares and type-specific error standard deviations. The sample contains
5,211 beliefs from 193 participants in the SP block, with 27 beliefs per
participant. Population shares are the estimated fractions of each type
in the population from which participants are drawn. Standard errors are
calculated from 500 bootstrap samples drawn by resampling participants.

Table B-7: Type-Specific Errors: Three-Type Parameter Estimates

46 With the reporting error, the belief implied by the rule and the error can fall below zero or above one, but
participants can only report beliefs between zero and one. Therefore, the likelihood uses normal densities for
reports strictly between zero and one. For reports at zero and one, it uses the normal probabilities below zero and
above one, respectively.
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Bayesian Best-fit Non-mover Total

Bayesian 106 26 0 132
Best-fit 0 33 0 33
Non-mover 17 4 7 28
Total 123 63 7 193

Notes: The table compares participant classifications under the
main three-type specification and the three-type specification
with type-specific error standard deviations. Rows report the
main classification, and columns report the alternative classifi-
cation. Each entry gives the number of participants. Both speci-
fications assign each of the 193 participants to the type with the
highest posterior probability, using beliefs from the SP block.

Table B-8: Type-Specific Errors and Main Three-Type Assignments

DV: Reported Belief (1) (2) (3) (4)

1Asym 0.017∗∗∗ 0.001 0.049∗∗∗ 0.002
(0.005) (0.004) (0.014) (0.001)

Observations 10422 6642 3402 378
Participants 193 123 63 7
Mean of DV 0.506 0.506 0.507 0.502
R2 0.336 0.458 0.261 0.978
Sample All participants Bayesian Best-fit Non-mover

Notes: The table reports OLS estimates. The dependent variable is reported belief.
Columns (1)–(4) use the pooled sample, Bayesian participants, Best-fit participants,
and Non-movers, respectively. Each participant contributes 54 beliefs. Unreported
controls include gender, race indicators, cognitive score, risk attitude, overconfidence,
and narrative extremeness. The specification includes fixed effects for signal color,
round, and decision problem. Standard errors clustered at the participant level appear
in parentheses. ∗p < 0.10, ∗∗p < 0.05, ∗∗∗p < 0.01.

Table B-9: Type-Specific Errors: Motivated Reasoning Regressions, Participant Covariates

With participant covariates, the effect of motivated reasoning is 4.8 percentage points larger
among Best-fit participants than among Bayesian participants (p < 0.001). A test that the
effect of motivated reasoning is equal across all types gives p = 0.003. Both tests come from a
single regression that interacts each control and fixed effect with type.
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DV: Reported Belief (1) (2) (3)

1Asym 0.001 0.001 0.001
(0.004) (0.004) (0.003)

1Asym × Likelihood of Best-fit Type 0.050∗∗∗ 0.050∗∗∗ 0.045∗∗∗

(0.015) (0.015) (0.014)
1Asym × Likelihood of Non-mover Type 0.005 0.005 0.001

(0.005) (0.005) (0.010)
Likelihood of Best-fit Type -0.026∗∗ -0.024∗∗

(0.013) (0.012)
Likelihood of Non-mover Type -0.008∗∗ -0.006

(0.004) (0.008)

Observations 10422 10422 10422
Participants 193 193 193
Mean of DV 0.506 0.506 0.506
R2 0.335 0.339 0.513
Participant FE No No Yes
DP × signal FE No No Yes
DP FE Yes Yes No
Participant covariates No Yes Absorbed
Narrative extremeness No Yes Absorbed

Notes: The table reports OLS estimates of how the effect of motivated reasoning
varies with posterior type probabilities. The dependent variable is reported belief.
Each column uses 10,422 beliefs from 193 participants. Posterior type probabili-
ties are estimated from the 27 beliefs per participant in the SP block. The Bayesian
type is the reference category. Each regression includes 1Asym, the other types’ pos-
terior probabilities, and their interactions with 1Asym. Columns (1) and (2) include
fixed effects for signal color, round, and decision problem. Column (2) also controls
for gender, race indicators, cognitive score, risk attitude, overconfidence, and narra-
tive extremeness. Column (3) includes participant, decision-problem-by-signal, and
round fixed effects. Participant fixed effects absorb the posterior type probabilities in
column (3). Standard errors clustered at the participant level appear in parentheses.
∗p < 0.10, ∗∗p < 0.05, ∗∗∗p < 0.01.

Table B-10: Type-Specific Errors: Posterior-Probability Interactions
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Notes: The figure reports estimated coefficients on 1Asym in Equation (14) for the pooled sample
and separately for each behavioral type, using the classification with type-specific error standard
deviations. The pooled, Bayesian, Best-fit, and Non-mover samples contain 193, 123, 63, and 7
participants, respectively. Each participant contributes 54 beliefs. Regressions control for gender,
race, cognitive score, risk attitude, overconfidence, and narrative extremeness. All specifications
include fixed effects for signal color, round, and decision problem. Bars indicate 95% confidence
intervals based on standard errors clustered at the participant level. The red bracket reports the
significance of the difference between the Best-fit and Bayesian coefficients. ∗p < 0.10, ∗∗p < 0.05,
∗∗∗p < 0.01.

Figure B-2: Type-Specific Errors: Motivated Reasoning Effects, All Types
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B.5 Alternative Mixture Specifications

This subsection examines how the results change under alternative sets of behavioral types.
Each specification estimates population shares, the two error standard deviations shared across
types, and the parameters of any Grether components using the 27 beliefs per participant in the
SP block. The Gaussian error structure, participant likelihood, and posterior assignment follow
Appendix B.2. Each additional Grether component has two parameters, β1,k and β2,k, common
to participants in that component, and shares the two error standard deviations with the other
types.

Grether components. Following Grether (1980), I allow prior odds and likelihood ratios to
receive different weights when updating beliefs within each model. The following equations
define the Grether components. For each model, the transformation applies to its Bayesian
posterior µm(ω1 | s):

µ
G
m,k(ω1 | s) =

µ0(ω1)
β1,k µm(ω1 | s)β2,k

µ0(ω1)
β1,k µm(ω1 | s)β2,k +µ0(ω2)

β1,k µm(ω2 | s)β2,k
. (B-13)

Here, β1,k weights the state prior, and β2,k weights the model-specific posterior, which already
incorporates the signal and prior. In log odds, this transformation is equivalent to

log
µG

m,k(ω1 | s)

µG
m,k(ω2 | s)

= (β1,k +β2,k) log
µ0(ω1)

µ0(ω2)
+β2,k log

πm(s | ω1)

πm(s | ω2)
. (B-14)

Thus, the effective coefficient on prior log odds is β1,k +β2,k.

The Grether-Bayesian component applies the same transformation to posterior model proba-
bilities. Let P̂+

mit(s) denote the positive perceived fit used to evaluate this transformation.47

Posterior model probabilities are proportional to ρ0(m)P̂+
mit(s). The transformation multiplies

their β2,k powers by the model prior raised to β1,k. Its weight on model A is therefore

ρ
G
kit(A | s) =

ρ0(A)β1,k+β2,k [P̂+
Ait(s)]

β2,k

ρ0(A)β1,k+β2,k [P̂+
Ait(s)]

β2,k +ρ0(B)β1,k+β2,k [P̂+
Bit(s)]

β2,k
. (B-15)

The weight on model B is 1−ρG
kit(A | s). Here, ρ0(m) is the prior probability of model m.

The Grether-Bayesian internal belief is the weighted average of the transformed model-specific
posteriors:

µk,it(ω1 | s) = ρ
G
kit(A | s)µG

A,k(ω1 | s)+ [1−ρ
G
kit(A | s)]µG

B,k(ω1 | s). (B-16)

47 For numerical stability, P̂+
mit(s) = max{P̂mit(s),10−10}.
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The Grether-Best-fit component selects the model with the larger transformed model probabil-
ity. It selects model A when

ρ0(A)β1,k+β2,k [P̂+
Ait(s)]

β2,k > ρ0(B)β1,k+β2,k [P̂+
Bit(s)]

β2,k , (B-17)

and model B otherwise.

In the experiment, ρ0(A) = ρ0(B) = 1/2. The model-prior terms therefore cancel from both
the model weights and the selection comparison. Because β2,k > 0, the selection comparison
reduces to P̂+

Ait(s) > P̂+
Bit(s). Thus, the Grether-Best-fit component selects the model with the

larger positive perceived fit.

Its internal belief is the selected model’s transformed posterior from Equation (B-13). Both
components add the shared normal reporting error and integrate over the first-layer errors when
evaluating report likelihoods. Under this parameterization, β1,k = 0 and β2,k = 1 recover the
Bayesian rule in the absence of errors.

With equal model priors, these parameter values also recover the Best-fit rule in the absence of
errors. Setting both parameters to one gives an effective prior coefficient of two and a signal-
likelihood coefficient of one.

Alternative sets of types. The two-type specification contains Bayesian and Best-fit com-
ponents, allowing participants classified as Non-movers in the main specification to be reas-
signed. The four-type specification adds one Grether-Bayesian component to the main three-
type model. Five-type specification I adds both Grether-Bayesian and Grether-Best-fit compo-
nents to the main three-type model. Five-type specification II adds two Grether-Bayesian com-
ponents, A and B, with separately estimated parameters. Component A imposes β1,A > β2,A,
while component B imposes β2,B > β1,B. These restrictions distinguish the two components
within the implemented transformation.

The additional components change which participants receive the Bayesian and Best-fit clas-
sifications. The comparisons below therefore assess sensitivity to the set of behavioral types
and the resulting participant assignments. Five-type specification II assigns 11 participants to
Grether-Bayesian A. The four-type specification and five-type specifications I and II classify
29, 28, and 24 participants as Non-movers, respectively, compared with 28 in the main specifi-
cation.

Each specification reports an assignment table, a figure of motivated reasoning effects, and
two regression tables. The regression tables use participant covariates and interactions with
posterior type probabilities, respectively. Participant covariates include gender, race, cognitive
score, risk attitude, overconfidence, and narrative extremeness. These regressions also include
fixed effects for signal color, round, and decision problem. Standard errors are clustered at the
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participant level.

B.5.1 Two-Type Specification

Bayesian Best-fit Total

Bayesian 132 0 132
Best-fit 1 32 33
Non-mover 28 0 28
Total 161 32 193

Notes: The table compares participant classifi-
cations under the main three-type specification
and the alternative specification. Rows report
the main classification, and columns report the
alternative classification. Each entry gives the
number of participants. Both specifications as-
sign each of the 193 participants to the type with
the highest posterior probability, using beliefs
from the SP block.

Table B-11: Two-Type and Main Three-Type Assignments

DV: Reported Belief (1) (2) (3)

1Asym 0.017∗∗∗ 0.004 0.089∗∗∗

(0.005) (0.004) (0.024)

Observations 10422 8694 1728
Participants 193 161 32
Mean of DV 0.506 0.512 0.476
R2 0.336 0.414 0.230
Sample All participants Bayesian Best-fit

Notes: The table reports OLS estimates. The dependent variable is re-
ported belief. Columns (1)–(3) use the pooled sample, Bayesian par-
ticipants, and Best-fit participants, respectively. Each participant con-
tributes 54 beliefs. Unreported controls include gender, race indicators,
cognitive score, risk attitude, overconfidence, and narrative extreme-
ness. The specification includes fixed effects for signal color, round,
and decision problem. Standard errors clustered at the participant level
appear in parentheses. ∗p < 0.10, ∗∗p < 0.05, ∗∗∗p < 0.01.

Table B-12: Two-Type Motivated Reasoning Regressions: Participant Covariates

With participant covariates, the effect of motivated reasoning is 8.5 percentage points larger
among Best-fit participants than among Bayesian participants (p < 0.001). A test that the
effect of motivated reasoning is equal across all types gives p < 0.001. Both tests come from a
single regression that interacts each control and fixed effect with type.
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DV: Reported Belief (1) (2) (3)

1Asym 0.003 0.003 0.002
(0.004) (0.004) (0.003)

1Asym × Likelihood of Best-fit Type 0.086∗∗∗ 0.086∗∗∗ 0.082∗∗∗

(0.023) (0.023) (0.023)
Likelihood of Best-fit Type -0.078∗∗∗ -0.072∗∗∗

(0.019) (0.019)

Observations 10422 10422 10422
Participants 193 193 193
Mean of DV 0.506 0.506 0.506
R2 0.341 0.343 0.515
Participant FE No No Yes
DP × signal FE No No Yes
DP FE Yes Yes No
Participant covariates No Yes Absorbed
Narrative extremeness No Yes Absorbed

Notes: The table reports OLS estimates of how the effect of motivated reasoning
varies with posterior type probabilities. The dependent variable is reported belief.
Each column uses 10,422 beliefs from 193 participants. Posterior type probabili-
ties are estimated from the 27 beliefs per participant in the SP block. The Bayesian
type is the reference category. Each regression includes 1Asym, the other types’
posterior probabilities, and their interactions with 1Asym. Columns (1) and (2) in-
clude fixed effects for signal color, round, and decision problem. Column (2) also
controls for gender, race indicators, cognitive score, risk attitude, overconfidence,
and narrative extremeness. Column (3) includes participant, decision-problem-by-
signal, and round fixed effects. Participant fixed effects absorb the posterior type
probabilities in column (3). Standard errors clustered at the participant level appear
in parentheses. ∗p < 0.10, ∗∗p < 0.05, ∗∗∗p < 0.01.

Table B-13: Two-Type Posterior-Probability Interactions
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Notes: The figure reports estimated coefficients on 1Asym in Equation (14) for the pooled sample
and separately for each behavioral type. The pooled, Bayesian, and Best-fit samples contain 193,
161, and 32 participants, respectively. Each participant contributes 54 beliefs. Regressions con-
trol for gender, race, cognitive score, risk attitude, overconfidence, and narrative extremeness. All
specifications include fixed effects for signal color, round, and decision problem. Bars indicate 95%
confidence intervals based on standard errors clustered at the participant level. The red bracket re-
ports the significance of the difference between the Best-fit and Bayesian coefficients. ∗p < 0.10,
∗∗p < 0.05, ∗∗∗p < 0.01.

Figure B-3: Two-Type Motivated Reasoning Effects: All Types

B.5.2 Four-Type Specification

Bayesian Best-fit Non-mover Grether-Bayesian Total

Bayesian 128 3 1 0 132
Best-fit 1 19 0 13 33
Non-mover 0 0 28 0 28
Total 129 22 29 13 193

Notes: The table compares participant classifications under the main three-type spec-
ification and the alternative specification. Rows report the main classification, and
columns report the alternative classification. Each entry gives the number of partici-
pants. Both specifications assign each of the 193 participants to the type with the high-
est posterior probability, using beliefs from the SP block.

Table B-14: Four-Type and Main Three-Type Assignments

With participant covariates, the effect of motivated reasoning is 11.5 percentage points larger
among Best-fit participants than among Bayesian participants (p< 0.001). A test that the effect
of motivated reasoning is equal across all types gives p < 0.001. Both tests come from a single
regression that interacts each control and fixed effect with type.
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Notes: The figure reports estimated coefficients on 1Asym in Equation (14) for the pooled sample and
separately for each behavioral type. The pooled sample contains 193 participants. The Bayesian,
Best-fit, Non-mover, and Grether-Bayesian samples contain 129, 22, 29, and 13 participants, respec-
tively. Each participant contributes 54 beliefs. Regressions control for gender, race, cognitive score,
risk attitude, overconfidence, and narrative extremeness. All specifications include fixed effects for
signal color, round, and decision problem. Bars indicate 95% confidence intervals based on standard
errors clustered at the participant level. The red bracket reports the significance of the difference
between the Best-fit and Bayesian coefficients. ∗p < 0.10, ∗∗p < 0.05, ∗∗∗p < 0.01.

Figure B-4: Four-Type Motivated Reasoning Effects: All Types

DV: Reported Belief (1) (2) (3) (4) (5)

1Asym 0.017∗∗∗ 0.005 0.120∗∗∗ -0.002 0.015
(0.005) (0.004) (0.023) (0.010) (0.042)

Observations 10422 6966 1188 1566 702
Participants 193 129 22 29 13
Mean of DV 0.506 0.511 0.472 0.510 0.511
R2 0.336 0.417 0.262 0.519 0.403
Sample All participants Bayesian Best-fit Non-mover Grether-Bayesian

Notes: The table reports OLS estimates. The dependent variable is reported belief. Columns (1)–(4) use the
pooled sample, Bayesian participants, Best-fit participants, and Non-movers, respectively. Column (5) uses
Grether-Bayesian participants. Each participant contributes 54 beliefs. Unreported controls include gender,
race indicators, cognitive score, risk attitude, overconfidence, and narrative extremeness. The specification
includes fixed effects for signal color, round, and decision problem. Standard errors clustered at the partici-
pant level appear in parentheses. ∗p < 0.10, ∗∗p < 0.05, ∗∗∗p < 0.01.

Table B-15: Four-Type Motivated Reasoning Regressions: Participant Covariates
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DV: Reported Belief (1) (2) (3)

1Asym 0.004 0.004 0.004
(0.004) (0.004) (0.003)

1Asym × Likelihood of Best-fit Type 0.117∗∗∗ 0.117∗∗∗ 0.114∗∗∗

(0.023) (0.023) (0.022)
1Asym × Likelihood of Non-mover Type -0.007 -0.007 -0.013

(0.011) (0.011) (0.010)
1Asym × Likelihood of Grether-Bayesian Type 0.009 0.009 0.003

(0.036) (0.036) (0.036)
Likelihood of Best-fit Type -0.102∗∗∗ -0.097∗∗∗

(0.022) (0.021)
Likelihood of Non-mover Type 0.001 0.006

(0.007) (0.007)
Likelihood of Grether-Bayesian Type -0.003 0.002

(0.024) (0.024)

Observations 10422 10422 10422
Participants 193 193 193
Mean of DV 0.506 0.506 0.506
R2 0.343 0.346 0.518
Participant FE No No Yes
DP × signal FE No No Yes
DP FE Yes Yes No
Participant covariates No Yes Absorbed
Narrative extremeness No Yes Absorbed

Notes: The table reports OLS estimates of how the effect of motivated reasoning varies with
posterior type probabilities. The dependent variable is reported belief. Each column uses
10,422 beliefs from 193 participants. Posterior type probabilities are estimated from the 27 be-
liefs per participant in the SP block. The Bayesian type is the reference category. Each regres-
sion includes 1Asym, the other types’ posterior probabilities, and their interactions with 1Asym.
Columns (1) and (2) include fixed effects for signal color, round, and decision problem. Col-
umn (2) also controls for gender, race indicators, cognitive score, risk attitude, overconfidence,
and narrative extremeness. Column (3) includes participant, decision-problem-by-signal, and
round fixed effects. Participant fixed effects absorb the posterior type probabilities in col-
umn (3). Standard errors clustered at the participant level appear in parentheses. ∗p < 0.10,
∗∗p < 0.05, ∗∗∗p < 0.01.

Table B-16: Four-Type Posterior-Probability Interactions
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B.5.3 Five-Type I Specification

Bayesian Best-fit Non-mover Grether-Bayesian Grether-Best-fit Total

Bayesian 117 2 1 12 0 132
Best-fit 1 21 0 6 5 33
Non-mover 0 0 27 1 0 28
Total 118 23 28 19 5 193

Notes: The table compares participant classifications under the main three-type specification and the alter-
native specification. Rows report the main classification, and columns report the alternative classification.
Each entry gives the number of participants. Both specifications assign each of the 193 participants to the
type with the highest posterior probability, using beliefs from the SP block.

Table B-17: Five-Type I and Main Three-Type Assignments

Notes: The figure reports estimated coefficients on 1Asym in Equation (14) for the pooled sample and
separately for each behavioral type. The pooled sample contains 193 participants. The Bayesian,
Best-fit, and Non-mover samples contain 118, 23, and 28 participants, respectively. The Grether-
Bayesian and Grether-Best-fit samples contain 19 and 5 participants, respectively. Each participant
contributes 54 beliefs. Regressions control for gender, race, cognitive score, risk attitude, overcon-
fidence, and narrative extremeness. All specifications include fixed effects for signal color, round,
and decision problem. Bars indicate 95% confidence intervals based on standard errors clustered at
the participant level. The red bracket reports the significance of the difference between the Best-fit
and Bayesian coefficients. ∗p < 0.10, ∗∗p < 0.05, ∗∗∗p < 0.01.

Figure B-5: Five-Type I Motivated Reasoning Effects: All Types

With participant covariates, the effect of motivated reasoning is 10.9 percentage points larger
among Best-fit participants than among Bayesian participants (p< 0.001). A test that the effect
of motivated reasoning is equal across all types gives p < 0.001. Both tests come from a single
regression that interacts each control and fixed effect with type.

Appendix B, p. 28



DV: Reported Belief (1) (2) (3) (4) (5) (6)

1Asym 0.017∗∗∗ 0.004 0.113∗∗∗ -0.002 0.019 0.048
(0.005) (0.004) (0.024) (0.010) (0.014) (0.111)

Observations 10422 6372 1242 1512 1026 270
Participants 193 118 23 28 19 5
Mean of DV 0.506 0.508 0.477 0.509 0.533 0.493
R2 0.336 0.422 0.243 0.530 0.498 0.560
Sample All participants Bayesian Best-fit Non-mover Grether-Bayesian Grether-Best-fit

Notes: The table reports OLS estimates. The dependent variable is reported belief. Columns (1)–(4) use the
pooled sample, Bayesian participants, Best-fit participants, and Non-movers, respectively. Columns (5) and
(6) use Grether-Bayesian and Grether-Best-fit participants, respectively. Each participant contributes 54 be-
liefs. Unreported controls include gender, race indicators, cognitive score, risk attitude, overconfidence, and
narrative extremeness. The specification includes fixed effects for signal color, round, and decision problem.
Standard errors clustered at the participant level appear in parentheses. ∗p < 0.10, ∗∗p < 0.05, ∗∗∗p < 0.01.

Table B-18: Five-Type I Motivated Reasoning Regressions: Participant Covariates
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DV: Reported Belief (1) (2) (3)

1Asym 0.003 0.003 0.004
(0.004) (0.004) (0.003)

1Asym × Likelihood of Best-fit Type 0.108∗∗∗ 0.108∗∗∗ 0.105∗∗∗

(0.024) (0.024) (0.024)
1Asym × Likelihood of Non-mover Type -0.006 -0.006 -0.012

(0.011) (0.011) (0.010)
1Asym × Likelihood of Grether-Bayesian Type 0.007 0.007 0.004

(0.015) (0.015) (0.014)
1Asym × Likelihood of Grether-Best-fit Type 0.034 0.034 0.016

(0.074) (0.074) (0.077)
Likelihood of Best-fit Type -0.089∗∗∗ -0.083∗∗∗

(0.024) (0.023)
Likelihood of Non-mover Type 0.002 0.008

(0.007) (0.007)
Likelihood of Grether-Bayesian Type 0.019∗ 0.019∗

(0.011) (0.011)
Likelihood of Grether-Best-fit Type -0.031 -0.027

(0.042) (0.044)

Observations 10422 10422 10422
Participants 193 193 193
Mean of DV 0.506 0.506 0.506
R2 0.342 0.345 0.517
Participant FE No No Yes
DP × signal FE No No Yes
DP FE Yes Yes No
Participant covariates No Yes Absorbed
Narrative extremeness No Yes Absorbed

Notes: The table reports OLS estimates of how the effect of motivated reasoning varies with
posterior type probabilities. The dependent variable is reported belief. Each column uses
10,422 beliefs from 193 participants. Posterior type probabilities are estimated from the 27 be-
liefs per participant in the SP block. The Bayesian type is the reference category. Each regres-
sion includes 1Asym, the other types’ posterior probabilities, and their interactions with 1Asym.
Columns (1) and (2) include fixed effects for signal color, round, and decision problem. Col-
umn (2) also controls for gender, race indicators, cognitive score, risk attitude, overconfidence,
and narrative extremeness. Column (3) includes participant, decision-problem-by-signal, and
round fixed effects. Participant fixed effects absorb the posterior type probabilities in col-
umn (3). Standard errors clustered at the participant level appear in parentheses. ∗p < 0.10,
∗∗p < 0.05, ∗∗∗p < 0.01.

Table B-19: Five-Type I Posterior-Probability Interactions
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B.5.4 Five-Type II Specification

Bayesian Best-fit Non-mover Grether-Bayesian A Grether-Bayesian B Total

Bayesian 121 3 1 7 0 132
Best-fit 1 19 0 0 13 33
Non-mover 1 0 23 4 0 28
Total 123 22 24 11 13 193

Notes: The table compares participant classifications under the main three-type specification and the alterna-
tive specification. Rows report the main classification, and columns report the alternative classification. Each
entry gives the number of participants. Both specifications assign each of the 193 participants to the type with
the highest posterior probability, using beliefs from the SP block.

Table B-20: Five-Type II and Main Three-Type Assignments

Notes: The figure reports estimated coefficients on 1Asym in Equation (14) for the pooled sample and
separately for each behavioral type. The pooled sample contains 193 participants. The Bayesian,
Best-fit, and Non-mover samples contain 123, 22, and 24 participants, respectively. The Grether-
Bayesian A and B samples contain 11 and 13 participants, respectively. Each participant contributes
54 beliefs. Regressions control for gender, race, cognitive score, risk attitude, overconfidence, and
narrative extremeness. All specifications include fixed effects for signal color, round, and decision
problem. Bars indicate 95% confidence intervals based on standard errors clustered at the participant
level. The red bracket reports the significance of the difference between the Best-fit and Bayesian
coefficients. ∗p < 0.10, ∗∗p < 0.05, ∗∗∗p < 0.01.

Figure B-6: Five-Type II Motivated Reasoning Effects: All Types

With participant covariates, the effect of motivated reasoning is 11.6 percentage points larger
among Best-fit participants than among Bayesian participants (p< 0.001). A test that the effect
of motivated reasoning is equal across all types gives p < 0.001. Both tests come from a single
regression that interacts each control and fixed effect with type.
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DV: Reported Belief (1) (2) (3) (4) (5) (6)

1Asym 0.017∗∗∗ 0.004 0.120∗∗∗ -0.001 -0.009 0.015
(0.005) (0.004) (0.023) (0.007) (0.023) (0.042)

Observations 10422 6642 1188 1296 594 702
Participants 193 123 22 24 11 13
Mean of DV 0.506 0.512 0.472 0.509 0.505 0.511
R2 0.336 0.441 0.262 0.680 0.287 0.403
Sample All participants Bayesian Best-fit Non-mover Grether-Bayesian A Grether-Bayesian B

Notes: The table reports OLS estimates. The dependent variable is reported belief. Columns (1)–(4) use the
pooled sample, Bayesian participants, Best-fit participants, and Non-movers, respectively. Columns (5) and
(6) use Grether-Bayesian A and Grether-Bayesian B participants, respectively. Each participant contributes 54
beliefs. Unreported controls include gender, race indicators, cognitive score, risk attitude, overconfidence, and
narrative extremeness. The specification includes fixed effects for signal color, round, and decision problem.
Standard errors clustered at the participant level appear in parentheses. ∗p < 0.10, ∗∗p < 0.05, ∗∗∗p < 0.01.

Table B-21: Five-Type II Motivated Reasoning Regressions: Participant Covariates
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DV: Reported Belief (1) (2) (3)

1Asym 0.003 0.003 0.003
(0.004) (0.004) (0.003)

1Asym × Likelihood of Best-fit Type 0.117∗∗∗ 0.117∗∗∗ 0.114∗∗∗

(0.023) (0.023) (0.022)
1Asym × Likelihood of Non-mover Type -0.001 -0.001 -0.008

(0.008) (0.008) (0.008)
1Asym × Likelihood of Grether-Bayesian A Type -0.001 -0.001 -0.004

(0.022) (0.022) (0.021)
1Asym × Likelihood of Grether-Bayesian B Type 0.010 0.010 0.004

(0.035) (0.035) (0.036)
Likelihood of Best-fit Type -0.101∗∗∗ -0.096∗∗∗

(0.022) (0.021)
Likelihood of Non-mover Type -0.004 0.002

(0.006) (0.007)
Likelihood of Grether-Bayesian A Type -0.006 -0.004

(0.013) (0.012)
Likelihood of Grether-Bayesian B Type -0.004 0.001

(0.024) (0.024)

Observations 10422 10422 10422
Participants 193 193 193
Mean of DV 0.506 0.506 0.506
R2 0.343 0.345 0.518
Participant FE No No Yes
DP × signal FE No No Yes
DP FE Yes Yes No
Participant covariates No Yes Absorbed
Narrative extremeness No Yes Absorbed

Notes: The table reports OLS estimates of how the effect of motivated reasoning varies with
posterior type probabilities. The dependent variable is reported belief. Each column uses 10,422
beliefs from 193 participants. Posterior type probabilities are estimated from the 27 beliefs per
participant in the SP block. The Bayesian type is the reference category. Each regression in-
cludes 1Asym, the other types’ posterior probabilities, and their interactions with 1Asym. Columns
(1) and (2) include fixed effects for signal color, round, and decision problem. Column (2) also
controls for gender, race indicators, cognitive score, risk attitude, overconfidence, and narrative
extremeness. Column (3) includes participant, decision-problem-by-signal, and round fixed ef-
fects. Participant fixed effects absorb the posterior type probabilities in column (3). Standard er-
rors clustered at the participant level appear in parentheses. ∗p < 0.10, ∗∗p < 0.05, ∗∗∗p < 0.01.

Table B-22: Five-Type II Posterior-Probability Interactions
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B.6 Individual Characteristics, Narrative Opinions, and Other Behav-
ioral Measures

B.6.1 Type Associations and Narrative Opinions

The type regressions describe associations between participant characteristics and modal type
assignment. Narrative opinions are collected after the laboratory tasks and provide an observa-
tional comparison across domains. Their extremeness is the mean absolute distance from five
across six responses on the eleven-point scale.

DV: Type Classification (1) (2) (3)

Female 0.032 -0.004 -0.033
(0.066) (0.054) (0.051)

Asian 0.248∗∗ -0.165∗∗ -0.026
(0.101) (0.069) (0.083)

White 0.238∗∗ -0.234∗∗∗ 0.058
(0.101) (0.070) (0.082)

Quiz Score 0.056 0.025 -0.074∗∗∗

(0.040) (0.037) (0.028)
Cognitive Score 0.010 -0.008 -0.003

(0.028) (0.023) (0.022)
Risk Attitude 0.005∗∗∗ -0.001 -0.004∗∗∗

(0.002) (0.001) (0.001)
Overconfidence -0.075 -0.034 0.112

(0.080) (0.064) (0.069)
Narrative Extremeness -0.094∗∗ 0.067∗∗ 0.024

(0.037) (0.029) (0.029)
Prior Experiments 0.014 -0.016 0.002

(0.011) (0.010) (0.009)

Observations 193 193 193
Pseudo R2 0.109 0.121 0.099
Mean of DV 0.684 0.171 0.145
Type Bayesian Best-fit Non-mover

Notes: The table reports average marginal effects from binary logit
regressions. The dependent variables indicate Bayesian, Best-fit, and
Non-mover classification in columns (1)–(3), respectively. Each re-
gression uses all 193 participants, with types assigned from their 27
beliefs in the SP block. All displayed characteristics enter each regres-
sion. Narrative extremeness is the mean absolute distance from five
across six zero-to-ten survey responses. Standard errors calculated us-
ing the delta method appear in parentheses. The dependent-variable
mean gives the corresponding type’s participant share. Pseudo R2 refers
to the underlying logit. ∗p < 0.10, ∗∗p < 0.05, ∗∗∗p < 0.01.

Table B-23: Participant Characteristics and Type Assignment
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Spearman rho p-value Observations

Laboratory and Narrative Extremeness 0.136 0.060 193

Notes: The table reports the Spearman rank correlation between laboratory belief extreme-
ness and narrative extremeness. Belief extremeness averages absolute distance from one
half across all 27 beliefs in the SP block. Narrative extremeness averages absolute distance
from five across all six zero-to-ten survey responses. The calculation uses 193 participants
and includes no controls.

Table B-24: Rank Association between Laboratory and Narrative Extremeness

DV: Narrative Extremeness (1) (2) (3) (4)

Best-fit 0.409∗∗

(0.184)
Non-mover 0.170

(0.163)
SP Relative Benchmark Distance 2.775∗∗ 2.780∗∗

(1.074) (1.084)
Quiz Score 0.073 0.082

(0.071) (0.073)
Other Seven Cognitive Tasks 0.013 0.006

(0.051) (0.052)
Female 0.056 0.037

(0.127) (0.130)
SP Absolute Bayesian Error 1.399∗

(0.721)
Constant 2.217∗∗∗ 2.573∗∗∗ 1.813∗∗ 1.348∗

(0.069) (0.126) (0.704) (0.740)

Observations 193 193 193 193
Mean of DV 2.312 2.312 2.312 2.312
R2 0.034 0.058 0.063 0.025
Participant covariates No No Yes Yes

Notes: The table reports OLS estimates. The dependent variable is narrative extreme-
ness, the mean absolute distance from five across six zero-to-ten responses. Each par-
ticipant contributes one observation. Bayesian participants are the reference group in
column (1). Relative benchmark distance equals mean absolute Bayesian error mi-
nus mean absolute Best-fit error over the 27 beliefs in the SP block. Columns (2) and
(3) use relative benchmark distance; column (4) uses mean absolute Bayesian error.
Columns (3) and (4) add quiz score, performance on the other seven cognitive tasks,
and gender. All covariates and constants are displayed. Robust standard errors appear
in parentheses. ∗p < 0.10, ∗∗p < 0.05, ∗∗∗p < 0.01.

Table B-25: Narrative Opinions, Type Assignment, and Updating Performance
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B.6.2 Repeated Reports

Repeated-report differences measure consistency within identical observed information and
preference conditions.

Notes: The curves show cumulative distributions of participant-average absolute differences between
beliefs reported under identical information in the same block. Repeated information conditions
receive equal weight within each participant. The SP and AP curves each contain 193 participants,
with equal weight per participant.

Figure B-7: Distribution of Repeated-Report Differences

B.6.3 Implied Model Weights

An implied weight expresses a report as a linear combination of the lower and higher model-
specific posterior probabilities. The weight on the higher posterior equals the report’s distance
above the lower posterior divided by the gap between the two posteriors. The single-model
problem is excluded because its two posterior predictions coincide. The report-level distribu-
tions retain every eligible report and cap weights below zero at zero and above one at one.
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Notes: The curves show cumulative distributions of weights on the higher model-specific posterior
using beliefs from Decision Problems 1–4 and 6–9 in the AP block. The Bayesian and Best-fit sam-
ples contain 3,168 beliefs from 132 participants and 792 beliefs from 33 participants, respectively.
Weights below zero are set to zero, and weights above one are set to one. Each belief receives equal
weight. The masses at zero and one include beliefs outside the interval between the two model-
specific posteriors.

Figure B-8: Report-level Implied Weights in the Asymmetric Payoff Block
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C Follow-up Study

The follow-up study was conducted at Purdue University in October 2025 with 85 participants.
It is separately registered in the AEA RCT Registry (RCT 16882). Participants completed
the symmetric payoff block and supplementary tasks in a session lasting approximately 35
minutes. The belief-updating interface additionally displayed the correct posterior implied by
each individual model in every scenario (Aina and Schneider 2025). This change reduces
the computational demands of within-model updating while retaining the comparison between
Bayesian averaging and Best-fit selection.

Table C-1 compares the shares of reports near each benchmark in the main and follow-up
studies. Beliefs continue to cluster around both benchmarks when individual-model posteriors
are supplied. The follow-up share near the Bayesian benchmark is lower, while the share near
the Best-fit benchmark is higher. More reports fall within each window around the Bayesian
benchmark than around the Best-fit benchmark. Because the studies involve different cohorts,
these comparisons describe the persistence of the behavioral patterns across studies.

Study Type of Guess
Within 2 p.p. Within 5 p.p.

% 95%-CI % 95%-CI

Main Study
Bayesian 28.98 [25.29, 32.67] 47.75 [43.21, 52.28]
Best-fit 5.51 [4.47, 6.54] 12.15 [10.35, 13.94]

Follow-up Study
Bayesian 20.65 [16.75, 24.56] 36.17 [30.88, 41.45]
Best-fit 10.54 [7.29, 13.80] 17.25 [13.00, 21.51]

Notes: The table reports the percentage of beliefs within the indicated distance of each benchmark
in the main and follow-up studies. The samples contain 5,211 beliefs from 193 main-study partici-
pants and 2,295 beliefs from 85 follow-up participants, all from the SP block. The 95% confidence
intervals are based on standard errors calculated from participant-level shares. The follow-up inter-
face displays the posterior under each individual model.

Table C-1: Classification of Round-level Beliefs Across Studies
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D Experimental Instructions and Interface

Figure D-1: Experiment Overview

Appendix D, p. 39



Figure D-2: Part 1 Instruction P1
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Figure D-3: Part 1 Instruction P2
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Figure D-4: Part 1 Instruction P3
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Figure D-5: Part 1 Instruction P4
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Figure D-6: Part 1 Instruction P5
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Figure D-7: Part 1 Block 1 Overview

Notes: Overview screen at the start of Block 1. The page initially has no Next button. Once all participants have arrived, the experimenter
advances the session. The Next button then appears, and participants proceed to the first task.
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Figure D-8: Part 1 Example Task
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Figure D-9: Part 1 Example Task
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Figure D-10: Part 1 Example Task
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Figure D-11: Part 1 Example Task
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Figure D-12: Part 1 Example Task
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Figure D-13: Part 1 Block 2 Overview

Notes: Overview screen at the start of Block 2. The page initially has no Next button. Once all participants have arrived, the experimenter
advances the session. The Next button then appears, and participants proceed to the first task.
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Figure D-14: BRET Task Instructions
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Figure D-15: BRET Task Interface
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Figure D-16: Cognitive Test 1
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Figure D-17: Cognitive Test 2

Appendix D, p. 55



Figure D-18: Cognitive Test 3
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Figure D-19: Cognitive Test 4
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Figure D-20: Cognitive Test 5
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Figure D-21: Cognitive Test 6
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Figure D-22: Cognitive Test 7
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Figure D-23: Cognitive Test 8
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