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Abstract

This paper investigates how ideological bias and classification errors vary across

AI-mediated information environments. We conduct an incentivized laboratory exper-

iment in which participants classify news items as true or false across three within-

subject phases: a human-written baseline, an AI-generated misinformation phase in

which the role of AI is not made explicit, and an AI-detection phase in which partici-

pants receive an explicit AI probability signal.

Average classification accuracy does not differ significantly across phases. The cen-

tral result is instead that errors are strongly structured by ideological congruence:

participants are more likely to accept congruent false news as true and to reject incon-

gruent true news as false. The AI-detection phase suggests greater skepticism toward

information, reflected in a higher false-negative rate. This skepticism seems to be se-

lectively applied: the relation between congruence and classification errors becomes

stronger when AI is introduced explicitly. The analysis of detector responsiveness

points to non-selective partial mistrust of AI signals. Overall, AI-based verification

does not mechanically correct ideologically structured classification errors.

Keywords: Misinformation; Artificial Intelligence; Ideological Bias; Political Polarization;

Experimental Economics
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1 Introduction

Artificial intelligence is transforming the information environment by simultaneously en-

abling content creation and automated verification. Generative models have reduced the

cost of producing fluent and plausible false content, potentially increasing the scale and per-

suasiveness of misinformation. At the same time, AI systems are increasingly used to assess

the credibility of claims, flag misleading content, and provide evaluations of news veracity

(Pilati and Venturini, 2025). AI therefore enters the information environment through two

distinct margins: as a generator and as a detector of misinformation.

This paper examines how information processing changes across different information

environments in which artificial intelligence plays distinct roles. We conduct an incentivized

laboratory experiment in which participants classify true and false news items across three

within-subject phases that vary the role of AI: a human-written baseline, an environment

with AI-generated misinformation, and an environment with explicit AI detection signals.

We ask three main questions. First, how do classification errors and their composition

vary across these environments? Second, does ideological congruence shape classification

errors, and does this relationship vary with the role of AI? Third, how do individuals interpret

and respond to explicit AI credibility signals?

A large literature documents that individuals are more likely to accept information con-

sistent with their attitudes and to discount or reject information that conflicts with them

(Taber and Lodge, 2006; Kahan, 2013). In the present setting, this generates two comple-

mentary forms of congruence-related error: the acceptance of ideologically congruent false

news and the rejection of ideologically incongruent true news. Such patterns are often in-

terpreted through motivated reasoning, but they need not uniquely reflect a motivation to

defend preferred beliefs. They may also arise from prior-dependent interpretation of am-

biguous evidence, confirmatory misperception, asymmetric attention, or differential scrutiny

(Pennycook and Rand, 2019).

These patterns can be understood through models of belief-dependent interpretation of

2



information. Individuals may interpret ambiguous evidence in ways consistent with their

prior beliefs, effectively updating as if they had received a different signal than the one

observed (Rabin and Schrag, 1999; Fryer et al., 2019). We build on this mechanism to model

how participants form veracity beliefs both from news content and from AI detection signals.

These classification patterns may also represent a first stage of political polarization.

If individuals with different ideological priors assign different levels of credibility to the

same information, common exposure need not produce convergence. Existing evidence on

selective exposure and partisan information processing supports this possibility (Stroud,

2010; Gentzkow and Shapiro, 2011; Iyengar et al., 2012). This paper focuses on the first

stage of this mechanism.

This article relates to four strands of literature. The first examines the production, dif-

fusion, and political consequences of misinformation (Allcott and Gentzkow, 2017; Grinberg

et al., 2019) and individual heterogeneity in truth discernment (Pennycook and Rand, 2019;

Nyhan, 2021). The second investigates how prior beliefs shape information processing and

formalizes these patterns in models of belief-dependent interpretation of ambiguous evidence

(Taber and Lodge, 2006; Kahan, 2013; Rabin and Schrag, 1999; Fryer et al., 2019). The third

studies the effectiveness of corrective interventions such as fact-checking (Nyhan and Reifler,

2010a; Wood and Porter, 2019). The fourth, more recent strand examines the implications

of generative artificial intelligence for misinformation production, verification tools, and re-

sponsiveness to algorithmic advice (Park, 2025; Kuznetsova et al., 2025; Dietvorst et al.,

2015; Greevink et al., 2024).

These literatures have largely examined misinformation production, politically structured

information processing, and corrective interventions separately. Less is known about how

ideological classification errors evolve when AI operates on both sides of the information

environment — first as a producer of misinformation and then as an explicit source of

verification — and how individuals respond to AI signals under different degrees of trust or

mistrust.
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These questions are addressed through an incentivized laboratory experiment with 76

participants each completing 30 classification decisions across three within-subject phases: a

human baseline, an AI-generated misinformation phase, and an explicit AI-detection phase.

Prior to the task, we elicited participants’ positions on four policy domains and coded each

news item by its ideological leaning, allowing us to construct a continuous congruence-bias

index.

Three main results emerge. First, average classification accuracy remains broadly stable

across environments, but the composition of errors shifts in the AI-detection phase, with an

increase in false negatives consistent with greater skepticism. Second, classification errors are

strongly predicted by ideological congruence, and this relationship becomes stronger when

AI is introduced explicitly. Third, participants do not incorporate the AI detector uniformly.

The evidence is most consistent with non-selective partial mistrust: weak detector signals

are disregarded, independently from their congruence with participant beliefs.

This paper makes three contributions. First, it studies artificial intelligence as a struc-

tural feature of the information environment by distinguishing its effects as a generator of

misinformation from its effects as a provider of verification signals within the same design.

Second, it provides experimental evidence on how ideological congruence shapes classification

errors and shows that this relationship varies with the role of AI. Third, it develops and tests

a theoretical framework that distinguishes different regimes of trust and mistrust toward AI

signals, linking observed behavior to models of belief-dependent information processing.

The remainder of the paper proceeds as follows. Section 2 describes the experimental

design. Section 3 defines the main variables and empirical strategy. Section 4 develops the

theoretical framework. Section 5 presents the results. Section 6 discusses the implications

and limitations.
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2 Experimental Design

2.1 Experimental Structure and Classification Task

The experiment is designed to study how individuals classify information as true or false

across environments in which both the production of misinformation and the availability of

AI-based verification vary. Participants complete an incentivized classification task in which

they evaluate a sequence of short news items. Each item consists of a headline and a brief

description, and participants classify it as either true or false.

The experiment follows a within-subject design with three consecutive phases. In Phase

1, participants evaluate human-written news items, including both true and false content.

This phase provides a baseline information environment in which artificial intelligence plays

no explicit role. In Phase 2, false items are generated using artificial intelligence, but par-

ticipants are not informed about their origin. The interface and the decision task remain

identical to Phase 1. In Phase 3, AI becomes an explicit feature of the information environ-

ment: each news item is accompanied by an AI-generated probability that the item is true,

after which participants make the same binary classification decision.

All participants complete the phases in the same order. This sequence preserves the non-

salience of AI in Phase 2. Introducing the detector before the AI-generation phase would

have made participants aware of the presence of AI in the experiment and could have altered

how they evaluated subsequent news content.

In each phase, participants classify exactly 10 news items. Each phase draws from a

fixed pool of 16 news items, with a balanced ideological composition, consisting of 10 true

and 6 false items. For each participant and phase, the program randomly selects without

replacement 7 true items and 3 false items. This design ensures that every participant faces

the same truth-state composition (7 true and 3 false items) while the specific items and their

presentation order vary across participants. After submitting a choice, they proceed to the

following item without receiving feedback about the accuracy of their classification.
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Panels (a) and (b) of Figure 1 compare the classification interface used before and after

the explicit introduction of AI verification.

(a) Interface without AI verification (b) Interface with AI verification

Notes: Panel (a): Phases 1–2. Panel (b): Phase 3 with AI probability signal.

2.2 Political-Belief Elicitation and Ideological Direction

Participants report their general political orientation and their positions on four policy do-

mains. Each response is elicited on an 11-point scale ranging from 0 to 10. The general

political-orientation question ranges from “Extreme left” to “Extreme right.” The issue-

specific questions concern foreign policy and EU–NATO involvement, immigration, economic

policy, and LGBT rights and gender-identity policy.

Table 1 reports the substantive endpoints presented in the experimental questionnaire.

The issue-specific measures, rather than the general left–right scale, are used to match each

participant’s political position to the corresponding topic of each news item.

Let Rik ∈ {0, . . . , 10} denote participant i’s response in policy domain k. The response

is normalized as

Bik =
Rik − 5

5
, (1)

where Bik ∈ [−1, 1]. Negative values represent positions closer to the left or progressive

endpoint of the relevant scale, whereas positive values represent positions closer to the right

or conservative endpoint.

Each news item is assigned to one of the four policy domains and coded according to the
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Table 1: Political-belief scales

Political domain Endpoint 0 Endpoint 10

General political ori-
entation

Extreme left Extreme right

Foreign policy / EU–
NATO

Strongly favorable to EU/NATO
involvement

Strongly opposed to EU/NATO
involvement

Immigration policy Immigration policy should be more
open

Immigration should be much more
restricted

Economic policy Greater state intervention and re-
distribution

More market-oriented policy with
less state intervention

LGBT rights /
gender-identity pol-
icy

More progressive policies More conservative policies

Notes: Participants select an integer from 0 to 10. The endpoint descriptions reproduce the substantive
alternatives presented in the experimental questionnaire.

position of the scale that would be supported if the claim were true. In the original dataset,

NewsSidej =


1, if item j supports beliefs associated with lower values in the corresponding topic belief scale,

0, if item j supports beliefs associated with higher values in the corresponding topic belief scale.

(2)

For the congruence analysis, this indicator is transformed into

Lj = 1− 2NewsSidej, (3)

so that Lj = −1 for items supporting the left/progressive endpoint and Lj = +1 for

items supporting the right/conservative endpoint. This coding aligns the direction of the

news with the normalization of participants’ political positions.

The coding concerns the political implication of believing the claim, rather than the

positive or negative tone of its wording. For example, the news item in Figure 1a highlights

excessive migration pressures and therefore provides support for more restrictive immigration

policies. This supports the conservative endpoint of the immigration scale and is coded as
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Lj = +1. Likewise, the (false) news item in Figure 1b criticizes U.S. and NATO involvement

in Europe. This narrative supports opposition to EU–NATO involvement and is therefore

coded as Lj = +1 on the foreign policy scale.

The resulting participant-item match is used to construct ideological congruence and the

congruence-bias index. Their formal definitions are provided in Section 3.

2.3 News Dataset

The experimental news dataset covers four politically salient domains: foreign policy and

EU-NATO involvement, immigration, economic policy, and LGBT rights and gender-identity

policy. Each news item consists of a headline and a brief description and is classified according

to its objective veracity, policy topic, ideological direction, and production method.

The true items are based on verifiable factual claims and are accompanied in the news

dataset by links to the corresponding sources. Human-written false items consist of claims

that had circulated publicly and were subsequently debunked; the dataset similarly reports

links documenting their circulation and falsity. This procedure distinguishes false content

that had appeared in the real information environment from false items generated specifically

for the experiment using artificial intelligence.

All items are presented in a standardized headline-plus-description format. Source names,

hyperlinks, logos, and other visual indicators of origin are not displayed during the classifi-

cation task. Participants therefore base their decisions on the textual content and, in Phase

3, on the additional AI-verification signal.

The complete item-level dataset is made available together with the experimental data. It

reports the headline and description of every news item, the relevant source or debunking link,

objective veracity, policy topic, directional coding, AI-generation status, phase assignment,

and Phase 3 detector probability.
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2.4 AI-Generated Misinformation and AI-Based Verification Sig-

nal

In Phases 2 and 3, false content is generated using ChatGPT from the OpenAI GPT-4

family. The generation procedure begins by providing the model with the definitions of

the four issue-specific political scales and the two substantive endpoints associated with

each domain. The model is also instructed to follow the standardized structure used in the

experiment, consisting of a headline and a brief description.

For each AI-generated item, the prompt asks the model to create a false news item

concerning a specified policy domain and supporting one of the two endpoints of the corre-

sponding political scale. The general structure of the request is:

Create a false news item on [policy domain], consisting of a headline and a brief

description, whose content supports [specified endpoint of the issue-specific scale].

The prompt therefore determines the topic and intended political direction of the item

while allowing the model to generate its specific content and wording. The resulting news

items are incorporated into the experimental pools using the same headline-plus-description

format as the human-sourced items. Participants are not informed that false items are

AI-generated and receive no source information that would reveal their production method.

Phase 3 additionally introduces an AI-based verification signal generated using Grok,

developed by xAI. Grok is deployed on the X platform as an AI assistant with access to

publicly available online information and web-search functions, and it is increasingly used

in social-media interactions to evaluate contested factual claims (Mei et al., 2026). Using

different systems for generation and verification separates the two technological margins and

avoids having the same model evaluate its own output.

For each Phase 3 item, the detector provides a numerical assessment of the probability

that the news is true. Let
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Aj ∈ [0, 100] (4)

denote the probability assigned by the detector to item j. The interface displays the

following information:

The AI evaluated this news item as true with a probability of Aj percent.

The probability concerns the veracity of the news item, not the probability that it was

AI-generated. Participants are informed only that the assessment is provided by an AI

system. They are not told that the underlying system is Grok and receive no information

about its expected accuracy, technical characteristics, or relationship to the model used to

generate false content.

The detector value is fixed at the item level, so all participants who evaluate the same

item observe the same probability. The realized detector outputs range from 5 to 95 percent.

The empirical analysis transforms these raw probabilities into a measure of confidence in the

objectively correct state and into indicators identifying intermediate or weak outputs. These

variables are formally defined in Section 3.

2.5 Procedures, Incentives, and Ethical Approval

The experiment was programmed and administered using oTree. Participants were recruited

through ORSEE from the subject pool of the CESARE Laboratory at LUISS Guido Carli

University, and the study was conducted at the CESARE Lab in Rome.

The final sample contains 76 participants. Each participant could provide up to 30

classification decisions, corresponding to 10 items in each phase. Three Phase 3 observations

are missing because the participants concerned did not submit a classification for those items.

The final dataset therefore contains 2,277 participant-item-phase decisions: 760 in Phase 1,

760 in Phase 2, and 757 in Phase 3.
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Participants receive a fixed participation payment of EUR 3 and a performance-based

bonus. At the end of the experiment, one decision is randomly selected from each phase.

Participants receive EUR 5 for each selected news item that they classified correctly and zero

otherwise. Total earnings can therefore range from EUR 3 to EUR 18. Average payment in

the experiment was EUR 15.20.

The complete experimental instructions are reported in the Appendix. The experimental

data, news corpus and replication materials are publicly available in the data repository

linked in the Data Availability Section.

The experimental protocol received ethical approval from the LUISS Research Commit-

tee. Participation was voluntary and based on informed consent. Participants were informed

about compensation, data processing, and their right to withdraw without penalty. Re-

sponses were anonymized and used exclusively for research purposes. A debriefing at the

end of the experiment clarified the presence of misinformation and the purpose of the study.

3 Methodology

The empirical analysis is organized into three blocks. First, we compare classification per-

formance across the three information environments, considering both average accuracy and

the composition of classification errors. Second, we examine whether ideological congruence

predicts misclassification and whether this relationship changes across phases. Third, we use

the Phase 3 detector outputs to assess how participants respond to AI-generated veracity

signals and which interpretation regime is most consistent with the observed behavior.

Because all participants complete the phases in the same order and the news pools are

phase-specific, the estimates are interpreted as within-participant phase contrasts rather than

as fully isolated treatment effects. Participant fixed effects absorb time-invariant individual

heterogeneity, while standard errors are clustered at the participant level to account for

correlation among repeated decisions made by the same individual.
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3.1 Outcomes and Phase Comparisons

The unit of observation is the participant-item-phase decision. Let i index participants, j

news items, and t ∈ {1, 2, 3} experimental phases. Let

Yijt ∈ {0, 1}

denote participant i’s classification of item j in phase t, where Yijt = 1 if the item is

classified as true and Yijt = 0 if it is classified as false. Objective veracity is denoted by

Djt ∈ {0, 1},

where Djt = 1 for true items and Djt = 0 for false items. We also define

Fakejt = 1−Djt.

Classification accuracy and error are defined as

Accuracyijt = 1{Yijt = Djt}, (5)

and

Errorijt = 1− Accuracyijt. (6)

To study the composition of classification errors, we define the false-positive and false-

negative components as

FalsePositiveijt = 1{Djt = 0, Yijt = 1}, (7)

and
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FalseNegativeijt = 1{Djt = 1, Yijt = 0}. (8)

These are unconditional indicators defined over all classification decisions. Their sample

means therefore measure the shares of all decisions that result in false-positive and false-

negative errors, respectively, and satisfy

Errorijt = FalsePositiveijt + FalseNegativeijt.

For each outcome Zijt ∈ {Accuracy,Error,FalsePositive,FalseNegative}, we estimate

pairwise phase comparisons using

Zijt = α+ τab1{t = b}+ µi + εijt, t ∈ {a, b}, (9)

where µi denotes participant fixed effects. We consider three contrasts:

(a, b) ∈ {(1, 2), (2, 3), (1, 3)}.

The Phase 2–Phase 1 contrast describes the change associated with moving from the

human-written baseline to the environment containing undisclosed AI-generated misinfor-

mation. The Phase 3–Phase 2 contrast describes the change associated with making AI

explicit through the detector. The Phase 3–Phase 1 contrast summarizes the overall differ-

ence between the baseline and the environment in which AI operates both as a generator

and as a provider of verification signals.

3.2 Ideological Congruence and Classification Error

Let k(j) denote the policy domain associated with item j. As described in Section 2, let

Bi,k(j) ∈ [−1, 1]
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denote participant i’s normalized position on the relevant policy issue, and let

Ljt ∈ {−1,+1}

denote the ideological direction of the news item. Ideological congruence is defined as

Congruenceijt = Bi,k(j)Ljt. (10)

Positive values indicate that the political implications of believing the news are aligned

with the participant’s issue-specific position, whereas negative values indicate ideological

incongruence.

Congruence can affect classification differently depending on objective veracity. Congru-

ence pushes participants toward error when a congruent false item is accepted as true, while

incongruence pushes them toward error when a true item is rejected as false. To capture

both cases in a single continuous measure, we define

CongruenceBiasijt = Congruenceijt (2Fakejt − 1) . (11)

For false news, CongruenceBiasijt = Congruenceijt, so the index is positive for congruent

false items. For true news, CongruenceBiasijt = −Congruenceijt, so the index is positive for

incongruent true items. Higher values therefore indicate that the combination of political

position, news direction, and objective veracity creates stronger pressure toward misclassifi-

cation.

We first estimate the average relationship between congruence bias and classification

error using

Errorijt = α+ θ2Ph2t + θ3Ph3t + δCongruenceBiasijt + µi + εijt, (12)

where Phase 1 is the omitted category. The coefficient δ captures the average association
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between congruence bias and classification error across the three phases.

We then allow this relationship to vary across information environments:

Errorijt = α+ θ2Ph2t + θ3Ph3t + δCongruenceBiasijt

+ λ2

(
CongruenceBiasijt × Ph2t

)
+ λ3

(
CongruenceBiasijt × Ph3t

)
+ µi + εijt.

(13)

In this specification, δ measures the relationship between congruence bias and error

in Phase 1. The coefficients λ2 and λ3 measure how this relationship changes in the AI-

misinformation and AI-detection environments, respectively.

3.3 Responsiveness to the AI Verification Signal

The Phase 3 analysis examines how classification errors vary with the strength and informa-

tiveness of the AI detector output. Let

Aj ∈ [0, 100]

denote the probability displayed to participants that item j is true. Because a high value

is corrective for true news while a low value is corrective for false news, we first transform

the raw detector probability into confidence in the objectively correct state:

CorrectiveSignalrawj = Dj3Aj + (1−Dj3)(100− Aj). (14)

Thus,

CorrectiveSignalrawj =


Aj, if Dj3 = 1,

100− Aj, if Dj3 = 0.
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Higher values always represent a more directional detector signal in favor of the objec-

tively correct classification. For estimation, the variable is centered at its Phase 3 sample

mean and divided by ten:

CorrectiveSignalj =
CorrectiveSignalrawj − CorrectiveSignalraw

10
. (15)

The coefficient can therefore be interpreted as the change in error associated with a ten-

percentage-point increase in detector confidence in the correct state, evaluated around the

sample mean.

We estimate

Errorij3 = γ0 + γ1CorrectiveSignalj + γ2CongruenceBiasij3

+ γ3
(
CorrectiveSignalj × CongruenceBiasij3

)
+ µi + εij3. (16)

A negative γ1 would indicate that stronger corrective signals are associated with fewer

classification errors. With error as the dependent variable, a positive γ3 indicates that this

error-reducing relationship becomes weaker as congruence bias increases. Because the de-

tector probability is fixed at the item level rather than experimentally randomized, these

coefficients are interpreted as associations between detector strength and classification be-

havior, not as isolated causal effects of signal intensity.

We complement the continuous specification with a weak-signal analysis. The benchmark

indicator is defined directly from the raw probability displayed to participants:

WeakSignal35–65j = 1{35 ≤ Aj ≤ 65}. (17)

This indicator captures detector outputs that are close to the midpoint of the probability

scale and therefore provide relatively weak directional evidence in favor of either a true or a
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false classification. We estimate

Errorij3 = β0 + β1WeakSignalj + β2CongruenceBiasij3

+ β3

(
WeakSignalj × CongruenceBiasij3

)
+ µi + εij3. (18)

A positive β1 is consistent with weak AI outputs being less effective than strongly direc-

tional outputs. Under non-selective partial mistrust, weak signals are discounted indepen-

dently of ideological congruence, so no additional sign restriction is imposed on β3. Selective

partial mistrust instead predicts β3 > 0, because weak corrective outputs should be partic-

ularly ineffective when ideological congruence favors the erroneous classification.

As a broader sensitivity analysis, reported in the Appendix, we define

WeakSignal20–80j = 1{20 ≤ Aj ≤ 80}. (19)

This alternative definition includes a wider range of intermediate detector probabilities

and is used to assess whether the results depend on the narrower benchmark classification

of weak signals.

3.4 Estimation and Robustness

All main specifications are estimated as linear probability models with participant fixed

effects. Standard errors are clustered at the participant level throughout.

The robustness analysis augments the congruence-bias and Phase 3 signal models with

observable item characteristics. The full set of item controls includes objective veracity, AI-

generation status, news direction, and topic indicators for foreign policy, immigration, and

LGBT rights, with economic policy as the omitted topic category.

For the phase-interaction model, we additionally control for the linear and quadratic

position of each item within its phase. This evaluates whether the Phase 3 interaction is
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related to learning, fatigue, or other systematic within-phase order effects. Participant-

cluster bootstrap inference is also reported for the main congruence-bias coefficient and its

Phase 3 interaction.

The empirical comparison of detector regimes is based on the joint pattern of the con-

tinuous and weak-signal specifications. These regressions do not uniquely identify trust or

mistrust as psychological mechanisms. Rather, they indicate which theoretical interpre-

tation regime is most consistent with the observed relationship between detector outputs,

ideological congruence, and classification error.

4 Theoretical Framework

This section develops a basic theoretical framework to explain how ideological congruence

may shape news-classification errors and how individuals interpret the AI-based detection

signal. The framework distinguishes between two conceptually separate objects. Individuals

hold prior beliefs about an underlying political or social state of the world, while separately

forming a subjective belief about whether a particular news item is true. Political beliefs

may therefore affect the perceived credibility of news.

The framework builds on the literature on belief-dependent interpretation of information.

In Fryer et al. (2019), ambiguous evidence may be interpreted differently depending on prior

beliefs, so that individuals exposed to the same information can sometimes extract different

effective signals and then update rationally conditional on those interpretations. A related

microfoundation is provided by Rabin and Schrag (1999), where evidence contradicting a

favored hypothesis may be misperceived as supporting it. In both cases, the distortion

occurs before updating: individuals may update consistently given the signal they perceive,

even though that perceived signal differs from the objective evidence.

Belief-dependent classification need not, however, arise exclusively from a motivation to

defend preferred political beliefs. The same pattern may result from asymmetric attention,
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differential scrutiny, lower cognitive effort devoted to congruent claims, or different weights

assigned to confirming and disconfirming evidence (Kunda, 1990; Taber and Lodge, 2006;

Kahan, 2013; Pennycook and Rand, 2019). The interpretation mechanism introduced below

should therefore be understood as a reduced-form representation of several possible cognitive

foundations. The framework uses this mechanism to study how political beliefs affect the

perceived veracity of news, how an AI detector provides a second signal, how mistrust in the

information environment can potentially alter prior credibility or the threshold for classifying

a news item as true, and how congruence-dependent assessments of veracity may ultimately

contribute to greater dispersion in political beliefs and thus higher polarization.

4.1 Political Beliefs, News Veracity, and Ideological Congruence

Let the underlying political or social state be

θ ∈ {A,B},

and let

πi = Pi(θ = A) (20)

denote participant i’s prior political belief. Accordingly, 1 − πi = Pi(θ = B). The belief πi

concerns the underlying state of the world and is conceptually distinct from the participant’s

belief about whether a particular news item is true.

Each news item j has objective veracity

Dj ∈ {0, 1},

where Dj = 1 denotes a true item and Dj = 0 denotes a false item. Before processing its
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content, participant i assigns the item a prior probability of being true:

q
(0)
ij = Pi(Dj = 1). (21)

After observing and interpreting the content of the news, this prior is updated to

q
(1)
ij = Pi(Dj = 1 | s̃ij) , (22)

where s̃ij denotes the subjectively interpreted signal contained in the news. The interpreta-

tion mechanism generating s̃ij is specified in the following subsection.

A news item also has a political direction

Lj ∈ {−1,+1}.

We set Lj = +1 when the implications of the news, if the item is true, provide evidence in

favor of state A, and Lj = −1 when they provide evidence in favor of state B.

Once the participant has formed the posterior veracity belief q
(1)
ij , the perceived credibility

of the news may update the political belief:

π
(1)
ij = Pi

(
θ = A | q(1)ij , Lj

)
. (23)

The direction of this updating depends on the political implications of the news. In partic-

ular,
∂π

(1)
ij

∂q
(1)
ij

> 0 if Lj = +1, (24)

whereas
∂π

(1)
ij

∂q
(1)
ij

< 0 if Lj = −1. (25)

Thus, an increase in the perceived probability that an A-oriented item is true raises belief in

state A, while an increase in the perceived probability that a B-oriented item is true lowers
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belief in state A and correspondingly raises belief in state B.

As defined in the empirical analysis, let Bi ∈ [−1, 1] denote participant i’s normalized

political position, with Bi > 0 indicating greater support for state A and Bi < 0 indicating

greater support for state B. Ideological congruence between participant i and news item j

is

Cij = BiLj. (26)

The item is ideologically congruent when Cij > 0 and incongruent when Cij < 0.

This definition has a direct belief-updating interpretation. A news item is congruent

when an increase in its perceived veracity moves the political posterior in the direction of

the participant’s initial political position. Formally,

Bi

∂π
(1)
ij

∂q
(1)
ij

> 0 ⇐⇒ Cij > 0. (27)

Conversely, a news item is incongruent when greater perceived veracity moves the political

posterior against the participant’s initial position:

Bi

∂π
(1)
ij

∂q
(1)
ij

< 0 ⇐⇒ Cij < 0. (28)

For example, when Bi > 0, participant i initially favors state A. An A-oriented news

item is then congruent, and
∂π

(1)
ij

∂q
(1)
ij

> 0 :

the more credible the news is perceived to be, the stronger the participant’s belief in state

A. A B-oriented item is instead incongruent, and

∂π
(1)
ij

∂q
(1)
ij

< 0 :

greater perceived credibility weakens the participant’s initial belief. The relationships are
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reversed for participants with Bi < 0.

Congruence therefore concerns the political implications of believing the news, not its

objective veracity. A false item may be congruent with the participant’s political position,

while a true item may be incongruent.

The content of news item j provides a signal about its objective veracity. Adapting the

signal structure of Fryer et al. (2019) to news classification, let

sj ∈ {sT , sF , sU},

where sT is evidence supporting the hypothesis that the news is true, sF is evidence sup-

porting the hypothesis that it is false, and sU is evidence that is open to interpretation.

The participant does not update directly on the raw signal sj, but on an interpreted

signal

s̃ij = J(sj, Cij). (29)

Following the benchmark interpretation rule in Fryer et al. (2019), unambiguous signals

retain their objective meaning:

J(sT , Cij) = sT , J(sF , Cij) = sF . (30)

Ambiguous evidence is instead resolved in the direction consistent with the participant’s

existing political belief:

J(sU , Cij) =


sT , if Cij > 0,

sF , if Cij < 0.

(31)

Thus, when a news item is politically congruent, ambiguous elements of its content

are interpreted as evidence that the item is true. When the same content is politically

incongruent, ambiguous elements are interpreted as evidence that the item is false. The

individual may therefore update consistently given the signal that is subjectively perceived,
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even though the interpretation of that signal depends on the initial political belief.

Because sT supports truth and sF supports falsity,

Pi(Dj = 1 | sT ) > q
(0)
ij > Pi(Dj = 1 | sF ). (32)

Combining Equations (31) and (32) yields

Cij > 0, sj = sU =⇒ q
(1)
ij = Pi(Dj = 1 | sT ) > q

(0)
ij , (33)

whereas

Cij < 0, sj = sU =⇒ q
(1)
ij = Pi(Dj = 1 | sF ) < q

(0)
ij . (34)

The Fryer-type interpretation mechanism therefore produces the directional relationship

∂q
(1)
ij

∂Cij

> 0 (35)

for evidence that is open to interpretation. Greater political congruence raises the perceived

probability that the news is true, whereas greater incongruence lowers it.

The participant classifies the news item as true whenever the posterior veracity belief

exceeds an individual threshold:

Yij = 1 ⇐⇒ q
(1)
ij ≥ τi. (36)

The congruence-dependent distortion in Equation (35) therefore generates two complemen-

tary forms of classification error. For a false but congruent item,

Dj = 0, Cij > 0 =⇒ P (Yij = 1) ↑, (37)
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so that the probability of a false positive increases. For a true but incongruent item,

Dj = 1, Cij < 0 =⇒ P (Yij = 0) ↑, (38)

so that the probability of a false negative increases.

Using the congruence-bias measure introduced in the empirical section,

CBij = Cij(2Fakej − 1), (39)

these two cases can be summarized by the central prediction

∂P (Errorij = 1)

∂CBij

> 0. (40)

Congruence bias therefore captures the extent to which political alignment pushes perceived

veracity, and hence classification, in the direction favored by the participant’s current polit-

ical belief.

4.2 AI Detection as a Second Signal

In Phase 3, participant i receives an additional signal about the veracity of news item j from

an AI detector. Let

aj ∈ [0, 1]

denote the probability reported by the detector that the news item is true. The AI signal is

observed after the participant has processed the news content and formed the intermediate

veracity belief

q
(1)
ij = Pi(Dj = 1 | s̃ij) .

The detector provides a second source of information about the same latent state Dj.
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After observing and interpreting the AI output, the participant forms the final veracity belief

q
(2)
ij = Pi(Dj = 1 | s̃ij, ãij) , (41)

where

ãij = J(aj) (42)

denotes the informational content of the detector output that is subjectively used in the

second update. After processing the AI signal, participant i forms the final veracity belief

q
(2)
ij . Classification follows the threshold rule

Yij = 1 ⇐⇒ q
(2)
ij ≥ τi, (43)

where Yij = 1 denotes a classification of the news item as true. This preserves the same

general architecture introduced for news content:

raw signal −→ interpreted signal −→ Bayesian posterior.

In both stages, participants update on the signal that they perceive as informative rather

than mechanically on the raw information supplied to them. The substantive meaning of

ambiguity, however, differs across the two sources. Textual content may be open to com-

peting interpretations, so that an ambiguous content signal can be resolved in the direction

of the participant’s political belief. By contrast, the detector reports an explicit numerical

probability. Ambiguity in this second stage therefore concerns the perceived reliability or

informativeness of the AI source, rather than the semantic interpretation of the numerical

value itself.

Four main cases are considered.
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Full trust. The participant regards the reported probability as valid and informative. The

signal is incorporated according to its numerical value:

J(aj) = aj. (44)

The final belief is therefore

q
(2)
ij = Pi

(
Dj = 1 | q(1)ij , aj

)
. (45)

If the detector provides evidence in favor of truth, then

q
(2)
ij > q

(1)
ij , (46)

whereas evidence in favor of falsity implies

q
(2)
ij < q

(1)
ij . (47)

Under full trust, the numerical strength of the corrective signal should therefore affect clas-

sification.

Partial mistrust. The participant may regard strongly directional detector outputs as

informative while treating intermediate probabilities as insufficiently reliable or informative.

To preserve the three-signal structure used for news content, let the detector output be

mapped into

aj ∈ {aT , aF , aU},

where aT supports the hypothesis that the news is true, aF supports the hypothesis that it

is false, and aU denotes an intermediate output treated as ambiguous.

For two cutoffs satisfying

0 < a <
1

2
< a < 1,
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the perceived signal category is

aj =



aF , aj < a,

aU , a ≤ aj ≤ a,

aT , aj > a.

(48)

Signals perceived as sufficiently directional retain their informational content:

J(aT , Cij) = aT , J(aF , Cij) = aF . (49)

Let a0 denote a null signal that provides no additional usable information and therefore

leaves the intermediate veracity belief unchanged:

Pi

(
Dj = 1 | q(1)ij , a0

)
= q

(1)
ij . (50)

We further distinguish between two forms of partial mistrust.

Non-selective partial mistrust. Under non-selective partial mistrust, every intermediate

detector output is treated as a null signal, independently of the political implications of the

item:

J(aU , Cij) = a0 for all Cij. (51)

It follows that

aj = aU =⇒ q
(2)
ij = q

(1)
ij . (52)

In this case, weak AI signals do not reverse or distort the participant’s previous assess-

ment. They simply fail to displace the belief already formed from the news content. The

primary empirical implication is that intermediate outputs may be associated with more
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classification errors than strongly directional outputs:

∂P (Errorij = 1)

∂WeakSignalj
> 0. (53)

Non-selective partial mistrust does not, by itself, imply that this effect varies with ideological

congruence.

Selective partial mistrust. Under selective partial mistrust, the treatment of an in-

termediate detector output depends on whether its direction conflicts with the assessment

favored by ideological congruence. A weak corrective signal that challenges the ideologically

favored classification is more likely to be neutralized, whereas an equally weak signal that is

consistent with that classification may still be incorporated.

Let Rij = 1 indicate that the AI signal is corrective relative to the classification favored

by congruence bias. The interpretation rule can be written as

J(aU , Cij, Rij) =


a0, Rij = 1,

aU , Rij = 0.

(54)

Thus, when a weak AI signal conflicts with the conclusion favored by the participant’s

political beliefs,

q
(2)
ij = q

(1)
ij , (55)

whereas a weak but congruent signal may still affect the final veracity belief.

Selective partial mistrust generates a stronger empirical prediction than its non-selective

counterpart. In addition to a possible direct effect of weak signals, it predicts that weak

signals are especially ineffective when congruence bias pushes the participant toward an

incorrect classification:

∂2P (Errorij = 1)

∂WeakSignalj ∂CBij

> 0. (56)
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The distinction is empirically relevant. A positive weak-signal effect without a corre-

sponding interaction with congruence bias is consistent with general difficulty in using in-

termediate AI outputs. A positive interaction would instead indicate that weak signals are

discounted selectively when they challenge ideologically favored conclusions.

Full mistrust. The participant does not regard the AI detector as a credible source of

information. In this case, every output is assigned to the ambiguous category, irrespective

of its numerical strength:

J(aj) = a0 for all aj ∈ [0, 1]. (57)

It follows that

q
(2)
ij = q

(1)
ij for all aj. (58)

The detector then has no independent effect on the final veracity belief, and classification

continues to reflect the belief already formed from the news content.

The regimes differ in the set of AI outputs that are transformed into the null signal a0.

Under full trust, this set is empty. Under partial mistrust, it contains only intermediate

outputs perceived as insufficiently informative. Under full mistrust, it contains the entire

support of the detector signal.

This formulation retains the same theoretical structure used for news content while dis-

tinguishing two forms of ambiguity. In the first stage, an ambiguous textual signal is open to

interpretation and may be resolved in the direction of ideological congruence. In the second

stage, an ambiguous AI signal reflects uncertainty about the reliability of the source and is

therefore neutralized. In both cases, however, the participant updates Bayesianly only after

the raw signal has been transformed into the information that is subjectively regarded as

usable.

The empirical analysis of Phase 3 uses the estimated effect of the corrective signal and its

interaction with congruence-related classification bias to assess which of these regimes is most

consistent with observed behavior. A separate specification examining weak detector signals
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evaluates whether the evidence is more consistent with partial rather than full mistrust.

4.3 Classification Thresholds and Skepticism

After forming the final veracity belief q
(2)
ij , participant i classifies news item j as true whenever

this belief exceeds an individual decision threshold:

Yij = 1 ⇐⇒ q
(2)
ij ≥ τi, (59)

where τi ∈ (0, 1) represents the minimum subjective probability required for the participant

to accept a claim as true.

The explicit introduction of AI verification may affect classification even when partici-

pants respond only weakly to the detector. In Phase 2, participants are not informed that

some misinformation has been generated by AI. In Phase 3, by contrast, the presence of AI in

the information environment becomes explicit through the detector. This change may affect

participants’ perceptions not only of the detector itself, but also of the broader reliability of

the information environment.

Such skepticism can operate through two conceptually distinct channels. First, the ex-

plicit presence of AI may reduce the prior probability that participants assign to the veracity

of a generic news item. Let q
(0)
ij denote the prior belief that item j is true before its content

is processed. Greater mistrust in the information environment may imply

q
(0),AI
ij = q

(0)
ij −∆qi, ∆qi > 0. (60)

A lower prior shifts the entire updating process toward the hypothesis that the news is false.

Second, explicit AI verification may increase the amount of evidence required to classify

a news item as true:

τAI
i = τ 0i +∆τi, ∆τi > 0. (61)
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An increase in the threshold leaves the posterior veracity belief unchanged but makes it more

difficult for that belief to generate a “true” classification.

Although the two channels operate at different stages, they generate similar directional

implications for observed classifications. Both

∆qi > 0

and

∆τi > 0

reduce the probability that an item is classified as true:

∂P (Yij = 1)

∂∆qi
< 0,

∂P (Yij = 1)

∂∆τi
< 0. (62)

Consequently, greater skepticism increases the probability that true news is rejected:

Dj = 1 =⇒ P (Yij = 0) ↑ . (63)

It may simultaneously reduce the acceptance of false news. Whether average accuracy im-

proves therefore depends on the relative change in false negatives and false positives. A

sufficiently large increase in false negatives can offset, or exceed, any reduction in false pos-

itives.

These environment-level channels are conceptually distinct from the belief-dependent

interpretation of the detector developed in the previous subsection. A participant may

interpret the numerical AI signal as informative while nevertheless becoming more skeptical

about the information environment as a whole. Conversely, a participant may leave the prior

and classification threshold unchanged while treating the detector output as ambiguous or

unreliable. The interpretation of the individual AI signal and the general response to the

explicit presence of AI therefore need not coincide.
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Skepticism may also be applied selectively. Existing political beliefs may determine which

claims receive the greatest scrutiny or face the highest effective burden of proof. A reduced-

form representation is

τAI
ij = τ 0i +∆τi − κCij, κ > 0, (64)

where Cij denotes ideological congruence. Since Cij < 0 for incongruent news, Equation (64)

implies
∂τAI

ij

∂Cij

= −κ < 0. (65)

Thus, incongruent news faces a higher effective classification threshold, whereas congruent

news faces a lower one.

For true news, selective skepticism therefore implies

Dj = 1, Cij < 0 =⇒ P (Yij = 0) ↑, (66)

so that the increase in false negatives is expected to be stronger for politically incongruent

claims. In this sense, explicit AI verification may generate greater general caution while

prior political beliefs shape where that caution is applied.

The experiment does not directly elicit participants’ prior beliefs about the general verac-

ity of news, their individual classification thresholds, or their perceived trust in the detector.

It therefore cannot separately identify whether the observed change in classifications is gen-

erated by a lower prior q
(0)
ij , a higher threshold τi, or a combination of the two. Nor can it

establish selective skepticism as a unique mechanism. These channels should instead be in-

terpreted as theoretical explanations consistent with the joint behavior of average accuracy,

false positives, false negatives, and congruence-related classification errors across phases.
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4.4 Implications for Classification Error and Polarization

The framework generates direct implications for news classification. As established above,

belief-dependent interpretation of ambiguous news content implies that ideological congru-

ence increases perceived veracity:
∂q

(1)
ij

∂Cij

> 0. (67)

Consequently, congruence shifts classification in the direction favored by the participant’s

political position. For a false but politically congruent item,

Dj = 0, Cij > 0 =⇒ P (Yij = 1) ↑, (68)

which increases the probability of a false positive. For a true but politically incongruent

item,

Dj = 1, Cij < 0 =⇒ P (Yij = 0) ↑, (69)

which increases the probability of a false negative.

Using the congruence-bias measure defined in the empirical analysis, these two cases

imply

∂P (Errorij = 1)

∂CBij

> 0. (70)

This is the central empirical prediction of the framework: classification errors should be

systematically related to the interaction between the participant’s political position, the

political direction of the news, and its objective veracity.

The explicit introduction of AI verification may affect these errors through two distinct

mechanisms. First, the AI signal may be incorporated fully, partially, or not at all, as

described in Section 4.2. Second, the explicit presence of AI may alter prior credibility or

the classification threshold, as discussed in Section 4.3. The first mechanism concerns the

use of the item-specific detector output; the second concerns skepticism toward the broader

information environment.
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If AI verification is fully trusted, stronger corrective signals should reduce classification

errors:

∂P (Errorij = 1)

∂CorrectiveSignalj
< 0. (71)

Under partial mistrust, intermediate detector outputs are treated as providing less usable

information than strongly directional signals. We distinguish between two cases. Under

non-selective partial mistrust, weak outputs are neutralized independently of ideological

congruence, so that

q
(2)
ij = q

(1)
ij .

This regime predicts that weak signals are associated with more classification errors:

∂P (Errorij = 1)

∂WeakSignalj
> 0,

but imposes no sign restriction on their interaction with congruence bias.

Under selective partial mistrust, weak corrective signals are more likely to be neutralized

when congruence bias favors the incorrect classification. This stronger regime additionally

predicts

∂2P (Errorij = 1)

∂WeakSignalj ∂CBij

> 0.

Under full mistrust, the detector should not affect the final veracity belief:

q
(2)
ij = q

(1)
ij , (72)

and therefore

∂P (Errorij = 1)

∂CorrectiveSignalj
= 0. (73)

Environment-level skepticism generates a different prediction. A lower prior probability

that news is true or a higher classification threshold reduces the probability of a “true”
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response. Hence,

∆qi > 0 or ∆τi > 0 =⇒ P (Yij = 1) ↓ . (74)

For true news, this implies

P (FalseNegativeij = 1) ↑ . (75)

Whether average accuracy rises or falls depends on whether the increase in false negatives is

offset by a reduction in false positives.

If skepticism is selectively applied according to ideological congruence, the increase in

false negatives should be disproportionately concentrated among true news items that are

politically incongruent with participants’ prior beliefs. Evidence of a stronger congruence-

related increase in false negatives during Phase 3 would therefore be consistent with selective

skepticism. However, the analysis cannot distinguish whether the pattern is generated by

a lower prior belief in news veracity, a higher classification threshold, greater scrutiny of

incongruent claims, or another form of belief-dependent processing. Selective skepticism is

therefore an interpretation of the observed error composition, but not a uniquely identified

cognitive mechanism.

The framework also provides a potential link between classification and political polar-

ization. Once participant i forms the final veracity belief q
(2)
ij , this belief may be used to

update the underlying political belief:

π
(2)
ij = Pi

(
θ = A | q(2)ij , Lj

)
. (76)

The direction of updating satisfies

∂π
(2)
ij

∂q
(2)
ij

> 0 if Lj = +1, (77)

and
∂π

(2)
ij

∂q
(2)
ij

< 0 if Lj = −1. (78)
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Consider two participants i and h with different political priors. Because the interpre-

tation of ambiguous information depends on congruence, they may assign different veracity

beliefs to the same news item:

q
(2)
ij ̸= q

(2)
hj . (79)

If perceived veracity determines how strongly the news updates political beliefs, the two par-

ticipants may move further apart. Under sufficiently strong belief-dependent interpretation,

∣∣∣π(2)
ij − π

(2)
hj

∣∣∣ > |πi − πh| . (80)

Thus, common exposure to the same information need not produce belief convergence.

When individuals disagree about the credibility of politically relevant news, the same infor-

mation environment can instead reinforce or amplify initial disagreement.

The experiment directly observes classification decisions, but it does not re-elicit political

beliefs after exposure to the news environment. It therefore identifies the first stage of this

potential polarization mechanism-the congruence-dependent assessment of veracity-rather

than the consequent divergence of political beliefs. A natural extension would elicit political

positions both before and after the classification task, together with intermediate veracity

beliefs, perceived trust in the detector, and individual classification thresholds.

5 Results

5.1 Data and Descriptive Statistics

The final dataset contains 2,277 participant-item-phase decisions from 76 participants. Each

participant could contribute up to 30 classification decisions, corresponding to 10 news items

in each of the three experimental phases. The dataset is nearly balanced across phases: it

contains 760 observations in Phase 1, 760 observations in Phase 2, and 757 observations in

Phase 3. The small imbalance is due to three missing item-level decisions in Phase 3. Since
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participants are observed across the three phases, the empirical analysis exploits within-

subject variation in the informational environment.

Table 2 reports descriptive statistics for the political-belief variables used to construct

ideological congruence. All belief variables are normalized on a [−1, 1] scale from raw re-

sponses on the original 0-10 scale for each issue. Under this transformation, zero corresponds

to the midpoint of the original scale, positive values correspond to higher raw-scale values,

and negative values correspond to lower raw-scale values. The average normalized left-right

position is close to zero, indicating that the sample is not strongly tilted toward either side

of the general ideological scale. At the same time, the standard deviation is sizeable, and

the extremism index shows meaningful dispersion around the ideological midpoint. Issue-

specific beliefs also display substantial variation. Immigration and economic-policy attitudes

are centered and close to zero, while foreign-policy and civil-rights/LGBT attitudes are more

shifted towards the progressive side. This variation is important for the empirical design be-

cause ideological congruence is constructed at the topic level: each news item is matched to

the participant’s position on the corresponding policy domain.

Table 2: Sample descriptives: normalized political beliefs

Measure N Mean SD

Panel A: General ideology
Left-right position 76 0.02 0.455
Extremism 76 0.374 0.256

Panel B: Issue-specific beliefs
Foreign policy 76 -0.353 0.417
Immigration 76 0.002 0.515
Economy 76 -0.034 0.479
Civil rights/LGBT 76 -0.334 0.606

Notes: Political positions are normalized to
the interval [−1, 1], with zero corresponding to
the midpoint of the original 0-10 scale. The ex-
tremism index is the absolute distance of the
general ideological position from the midpoint.
The direction of each issue-specific scale fol-
lows the endpoint coding described in the ex-
perimental design.

The ideological composition of the sample is relatively balanced. Participants are classi-
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fied as left-leaning if their normalized left-right score is between -1 and -0.4, centrist if it is

between -0.4 and 0.4, and right-leaning if it is between 0.4 and 1. Based on this rule, 31 par-

ticipants are classified as centrist, 24 as left-leaning, and 21 as right-leaning, corresponding

to 40.8 percent, 31.6 percent, and 27.6 percent of the sample, respectively.

5.2 Part I: Average Effects of AI on Classification Performance

We first examine whether artificial intelligence changes average classification performance

across the three experimental phases. Phase 1 provides the human-written baseline, Phase

2 introduces AI-generated misinformation, and Phase 3 adds an AI-based detection signal.

The analysis distinguishes between overall performance, measured by accuracy and error

rates, and the composition of errors, measured by false positives and false negatives.

Table 3 reports descriptive rates by phase.

Table 3: Classification performance by experimental phase

Phase Obs. Accuracy Error FP FN

P1: Baseline 760 0.818 0.182 0.086 0.097
P2: AI misinformation 760 0.838 0.162 0.079 0.083
P3: AI detection 757 0.804 0.196 0.075 0.123

Notes: The unit of observation is the participant–item–phase deci-
sion. FP denotes false positives, defined as fake news items classified
as true. FN denotes false negatives, defined as true news items clas-
sified as false.

The descriptive evidence shows that average accuracy remains relatively high across all

phases. The more pronounced descriptive change concerns the composition of errors. False

positives remain essentially stable across phases, while false negatives increase in Phase 3.

Thus, the AI detection phase is not associated with an increase in accuracy but rather with

a change in the composition of errors.

Figures 2 and 3 summarize these descriptive observations.
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Figure 2: Accuracy and error rates by experimental phase

Notes: Bars report average rates by experimental phase.

Figure 3: False positive and false negative rates by experimental phase

Notes: FP denotes false positives, defined as fake news items classified as true. FN
denotes false negatives, defined as true news items classified as false.

Table 4 reports the corresponding within-subject regression comparisons. The compari-

son between Phase 2 and Phase 1 identifies the effect of AI-generated misinformation. The

comparison between Phase 3 and Phase 2 identifies the effect of introducing the AI-based

detection signal. The comparison between Phase 3 and Phase 1 reports the net effect of AI

operating on both margins.
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Table 4: Average effects of AI on classification performance

Outcome Coefficient p-value

Panel A: P2–P1, AI-generated misinformation
Error -0.020 0.362

(0.022)
Accuracy 0.020 0.362

(0.022)
False positive -0.007 0.638

(0.014)
False negative -0.014 0.304

(0.014)

Panel B: P3–P2, AI detection environment
Error 0.035 0.188

(0.026)
Accuracy -0.035 0.188

(0.026)
False positive -0.005 0.773

(0.016)
False negative 0.041∗ 0.055

(0.021)

Panel C: P3–P1, net AI effect
Error 0.015 0.507

(0.023)
Accuracy -0.015 0.507

(0.023)
False positive -0.011 0.503

(0.017)
False negative 0.027 0.160

(0.019)

Notes: Each coefficient is estimated from a sep-
arate linear probability model with participant
fixed effects. Standard errors clustered at the par-
ticipant level are reported in parentheses. ∗p <
0.10, ∗∗p < 0.05, ∗∗∗p < 0.01.
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The regression results show that neither AI-generated misinformation nor AI-based detec-

tion significantly alters average classification performance relative to the baseline. Likewise,

Phase 3 does not produce a statistically significant change in average accuracy relative to

Phase 2. The more informative pattern concerns the composition of errors: false positives

remain essentially unchanged, whereas false negatives increase by 4.1 percentage points, with

the estimate marginally significant at the ten-percent level.

This Phase 3 pattern is consistent with a skepticism-based interpretation of the explicit

introduction of AI into the information environment. In Phases 1 and 2, participants classify

news without being directly exposed to an external verification technology. In Phase 3, by

contrast, artificial intelligence becomes salient because participants are explicitly informed

that an AI system is evaluating the truthfulness of each item. This may affect not only

the information available for each decision, but also participants’ perceptions of the broader

information environment. They may infer that misinformation is more widespread, that

unaided judgment is less reliable, or that claims require greater caution before being accepted

as true.

As formalized in the theoretical framework, such skepticism may operate through a lower

prior belief in the general veracity of news, a higher evidentiary threshold for classifying an

item as true, or both. Each channel reduces the propensity to provide a “true” response

and may therefore increase false negatives. The phase-level evidence is consistent with this

mechanism: the AI-detection environment is associated with more true news being rejected

as false, without a corresponding reduction in false positives. However, because the change

in false negatives is only marginally significant in one panel and the experiment does not

directly elicit prior credibility or decision thresholds, the results should be interpreted as

suggestive rather than conclusive evidence of increased skepticism.

This interpretation relates to several strands of previous research. Corrective information

does not necessarily eliminate politically relevant misperceptions (Nyhan and Reifler, 2010b;

Nyhan, 2020). Performance in fake-news classification may depend on analytical engage-
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ment and cognitive effort, rather than exclusively on motivated reasoning (Pennycook and

Rand, 2019). Moreover, research on algorithm aversion shows that individuals may reduce

their reliance on algorithmic advice when algorithmic judgment is made salient or perceived

as fallible (Dietvorst et al., 2015). In the present setting, making AI verification explicit

may therefore increase caution toward the information environment without generating a

corresponding improvement in average truth discernment.

Overall, Part I provides no evidence that AI-generated misinformation worsens average

classification accuracy and no evidence that AI-based verification improves it. The clearest

Phase 3 pattern is instead suggestive evidence of a shift in error composition toward false

negatives relative to the AI-misinformation phase. This pattern is consistent with greater

caution in accepting information as true, but it does not by itself distinguish between lower

prior credibility, a higher classification threshold, reduced trust in the detector, or other

changes in information processing. The net comparison between Phase 3 and the original

baseline is not statistically significant, so the evidence should not be interpreted as showing

that AI detection generally worsens classification performance.

5.3 Part II: Ideological Congruence and Classification Error

We next examine whether classification errors are systematically related to the alignment

between participants’ political beliefs and the news content. As defined in the empirical

strategy, the congruence-bias index is positive when ideological congruence pushes toward

classification error: when a politically congruent false item is accepted as true or when a

politically incongruent true item is rejected as false.

Table 5 presents the main estimates. Column (1) measures the average association be-

tween congruence bias and classification error across the three phases, controlling for phase

indicators. Column (2) allows this relationship to vary in the different information environ-

ments.
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Table 5: Ideological congruence and classification errors

Classification error

(1) (2)

Phase 2 -0.017 -0.019
(0.022) (0.022)
[0.441] [0.382]

Phase 3 0.016 0.016
(0.023) (0.023)
[0.489] [0.483]

Congruence bias 0.078∗∗∗ 0.063∗∗

(0.015) (0.029)
[< 0.001] [0.036]

Congruence bias × Phase 2 -0.050
(0.043)
[0.249]

Congruence bias × Phase 3 0.089∗∗

(0.038)
[0.022]

Participant fixed effects Yes Yes
Observations 2,277 2,277

Notes: Linear probability models. The dependent
variable equals one when the news item is incorrectly
classified. Phase 1 is the omitted category. Standard
errors clustered at the participant level are reported
in parentheses; p-values are reported in square brack-
ets. ∗p < 0.10, ∗∗p < 0.05, ∗∗∗p < 0.01.

Congruence bias is a strong predictor of classification error. In the pooled specification

reported in Column (1), a one-unit increase in the index is associated with a 7.8-percentage-

point increase in the probability of misclassification. The estimate is statistically significant

at the one-percent level. The relationship remains positive when its interactions with the

experimental phases are introduced in Column (2).

This result is consistent with the central prediction of the theoretical framework. Par-

ticipants do not assess the veracity of political news independently of its implications for

their existing beliefs. Congruent false news is more likely to be accepted as true, whereas

incongruent true news is more likely to be rejected as false. Ideological congruence therefore

systematically shifts perceived veracity in the direction of the participant’s current political

position.
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The result should not, however, be interpreted as uniquely identifying motivated reason-

ing. As discussed in the theoretical framework, the same classification pattern may arise

from prior-dependent interpretation of ambiguous content, confirmatory signal mispercep-

tion, asymmetric attention, differential scrutiny of congruent and incongruent claims, or

lower cognitive effort devoted to information that appears consistent with prior beliefs. The

experiment identifies the resulting congruence-related distortion in classification, but it does

not separately distinguish among these cognitive foundations.

The interaction between congruence bias and Phase 2 is negative but statistically insignif-

icant. There is therefore no evidence that the introduction of AI-generated misinformation,

when the role of AI is not made explicit to participants, systematically changes the relation-

ship between ideological congruence and classification error.

By contrast, the interaction between congruence bias and Phase 3 is positive and sta-

tistically significant, indicating that making AI verification explicit does not eliminate ide-

ologically structured classification errors. Instead, the relationship between congruence and

error becomes stronger in the environment in which participants receive an AI-based assess-

ment of veracity. This amplification of ideologically driven errors is stable when controlling

for objective veracity, AI generation, news direction, topic composition, and within-phase

presentation order. Participant-cluster bootstrap inference also confirms the result. Accord-

ingly, the stronger Phase 3 relationship is not explained by the observable composition or

ordering of the news items. These robustness checks are reported in the appendix.

One possible interpretation is selective skepticism. As discussed in Part I, the intro-

duction of the detector is associated with a shift in the composition of errors toward false

negatives. If the explicit presence of AI increases general caution, while political beliefs

determine where that caution is applied, participants may become especially reluctant to

accept true news that conflicts with their prior views. Under this interpretation, skepticism

toward the information environment is filtered through ideological congruence.

The interaction coefficient does not, by itself, uniquely identify this mechanism. A
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stronger Phase 3 association between congruence and error could also reflect greater re-

liance on prior evaluations when the detector is distrusted, heterogeneous use of AI advice,

or changes in attention and scrutiny induced by the presence of verification technology.

Part III may provide more insights by studying participants’ responsiveness to the strength

of the AI signal and by testing whether weaker detector outputs leave greater scope for

congruence-related error.

Taken together, Part II establishes two findings. First, ideological congruence is a strong

and meaningful predictor of classification error across the experiment. Second, this rela-

tionship becomes stronger when AI verification is made explicit. The first result directly

supports the framework’s central prediction that political beliefs shape perceived news ve-

racity. The second shows that providing an AI-based detection signal does not neutralize

congruence-related distortions and may alter the informational environment in ways that

make them more consequential. Selective skepticism is a plausible interpretation consistent

with these results.

5.4 Part III: AI-Signal Responsiveness and Interpretation Regimes

We finally examine how participants incorporate the signal of the AI detector. This analysis is

restricted to Phase 3, in which participants observe both the news content and the detector’s

estimated probability that the observed news item is true. As described in the theoretical

framework, the empirical patterns can be compared with four interpretation regimes: full

trust, selective and non selective partial mistrust of intermediate outputs, and full mistrust

of the detector.

We first study responsiveness to the strength of the corrective signal. The corrective-

signal measure is constructed so that larger values indicate greater confidence of the detector

in the objectively correct classification. For a true news item, it corresponds to the proba-

bility assigned to truth; for a false news item, it corresponds to one minus that probability.

The measure is centered and divided by ten, so that its coefficient represents the effect of a
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ten-percentage-point increase in corrective confidence.

Table 6 relates classification error to corrective-signal strength, congruence bias, and their

interaction.

Table 6: AI-signal responsiveness and ideological congruence bias

Classification error

Corrective signal -0.010
(0.027)
[0.719]

Congruence bias 0.070
(0.047)
[0.143]

Corrective signal × congruence bias 0.015∗

(0.008)
[0.054]

Participant fixed effects Yes
Observations 757

Notes: The sample is restricted to Phase 3. The depen-
dent variable equals one when the news item is incorrectly
classified. Standard errors clustered at the participant level
are reported in parentheses; p-values are reported in square
brackets. ∗p < 0.10, ∗∗p < 0.05, ∗∗∗p < 0.01.

The strength of the corrective signal does not significantly reduce classification error

on average. Its coefficient is negative, as expected under effective correction, but small

and statistically insignificant. This result provides no support for the full-trust benchmark,

under which participants should respond systematically to the direction and strength of the

detector output.

The interaction between corrective-signal strength and congruence bias is positive and

marginally significant. Since the dependent variable is classification error, the positive coeffi-

cient implies that corrective information becomes less effective as congruence bias increases.

The estimate however is not robust to the introduction of a set of observable item controls.

The results therefore provide only suggestive and control-sensitive evidence of ideological

discounting of the detector signal.

We next test the threshold-based implications of partial mistrust. A weak AI signal is

defined as an output between 35 and 65 percent, inclusive. This interval captures proba-
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bilities no more than 15 percentage points away from the uninformative benchmark of 50

percent. Given the discrete support of the detector outputs, the indicator identifies the least

directional output observed in the experiment. The broader 20–80 definition is examined as

a sensitivity check in Appendix 6.

Table 7 reports the estimates.

Table 7: Weak AI signals and ideological congruence bias

Classification error

(1) (2)

Weak AI signal 0.264∗∗∗ 0.158∗

(0.083) (0.095)
[0.002] [0.099]

Congruence bias 0.150∗∗∗ 0.155∗∗∗

(0.028) (0.029)
[< 0.001] [< 0.001]

Weak AI signal × congruence bias -0.078 -0.094
(0.153) (0.152)
[0.612] [0.539]

Participant fixed effects Yes Yes
Item controls No Yes
Observations 757 757
Participants 76 76

Notes: The sample is restricted to Phase 3. Weak AI sig-
nal equals one when the probability reported by the detector
lies between 35 and 65 percent, inclusive, and zero otherwise.
Given the discrete support of the detector probabilities, this
indicator identifies the least directional output observed in
the experiment. Weak signal and congruence bias are mean-
centered. Item controls include objective veracity, AI gener-
ation, news direction, and topic indicators. Standard errors
clustered at the participant level are reported in parenthe-
ses; p-values are reported in square brackets. ∗p < 0.10,
∗∗p < 0.05, ∗∗∗p < 0.01.

Weak detector outputs are associated with substantially more classification errors. With-

out item controls, the least directional output increases the estimated probability of error

by 26.4 percentage points. After observable item characteristics are included, the estimate

remains positive at 15.8 percentage points and is marginally significant. The broader 20-80

definition produces the same qualitative conclusion, although the magnitude and precision

of the coefficient vary across specifications. The evidence is therefore consistent with inter-

47



mediate outputs providing less useful guidance than strongly directional signals.

The interaction between weak signals and congruence bias is negative, small relative to

its standard error, and statistically insignificant in both columns. The same null interaction

is obtained under the broader definition reported in the appendix. The threshold-based

evidence therefore supports non-selective rather than selective partial mistrust: weak outputs

appear difficult to use in general, but not disproportionately so when ideological congruence

favors an incorrect classification.

At the same time, congruence bias remains a strong predictor of error within Phase 3.

Its coefficient is approximately 0.15 and highly significant in both specifications. The belief

formed from the news content therefore remains strongly associated with classification even

after participants receive an external AI signal.

The discrete weak-signal results and the continuous-signal interaction provide comple-

mentary evidence. The former are most consistent with non-selective partial mistrust: in-

sufficiently directional outputs often fail to improve classification regardless of their ideolog-

ical implications. The latter provide borderline evidence that responsiveness to corrective

information may also decline gradually as congruence bias increases. Thus, any selective

attenuation does not appear to be confined to a sharply defined weak-signal region.

Taken together, the results provide little support for full and uniform trust in the de-

tector. Literal full mistrust is also too strong, since classification differs between the least

directional and stronger outputs. The evidence is most consistent with heterogeneous partial

reliance: participants make limited use of weak outputs, while the effectiveness of correc-

tive information may also be attenuated when congruence-related pressure toward error is

stronger.

This interpretation connects the three parts of the analysis. Making AI verification

explicit does not improve average accuracy and is associated with suggestive evidence of a

shift toward false negatives. At the same time, congruence-related errors become stronger

in Phase 3. The detector therefore supplies additional information without consistently

48



displacing the politically structured assessment already formed from the news content.

The central limitation of AI-based verification may consequently lie not in a uniform

rejection or reversal of algorithmic advice, but in its limited capacity to override prior as-

sessments. Intermediate outputs often provide insufficient guidance, while even stronger

corrective information may become less effective as congruence bias increases.

6 Discussion and Conclusion

This paper examines how ideological congruence shapes news classification across different

AI-mediated information environments. More specifically, it studies whether congruence-

related classification errors change when AI enters the information environment as a genera-

tor of misinformation and when it is introduced explicitly as a source of verification signals.

The paper also investigates how individuals interpret and respond to AI-generated assess-

ments of news veracity.

Three main findings emerge.

First, ideological congruence is a powerful predictor of classification error. Participants

are systematically more likely to make mistakes when those mistakes are ideologically fa-

vorable, either by accepting congruent false news as true or by rejecting incongruent true

news as false. This relationship is economically meaningful, statistically robust, and remains

present across all information environments considered in the experiment.

Second, the relationship between congruence bias and classification error becomes stronger

when AI verification is made explicit. Although average classification accuracy remains

broadly stable across phases, the AI-detection environment is associated with a stronger link

between ideological congruence and misclassification. In addition, false negatives increase

relative to the preceding phase, providing suggestive evidence that explicit AI verification

may induce greater caution or skepticism toward information. Such skepticism may operate

through lower prior beliefs about news veracity, higher acceptance thresholds, or a combi-
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nation of both. The present design cannot distinguish these channels directly, and therefore

this interpretation should be viewed as suggestive rather than causal evidence of a specific

psychological mechanism.

Third, the evidence suggests that individuals do not uniformly incorporate AI-generated

verification signals. The theoretical framework distinguishes four possible interpretation

regimes: full trust, non-selective partial mistrust, selective partial mistrust, and full mistrust.

The empirical results provide little support for full trust, since stronger corrective signals do

not systematically improve classification performance. At the same time, literal full mistrust

appears too strong, because participants do respond differently to weak and strong detector

outputs. The weak-signal analysis is most consistent with non-selective partial mistrust:

intermediate detector outputs are associated with higher error rates, but this difficulty does

not increase with ideological congruence. Thus, weak AI signals often fail to overturn the

judgment formed from the news content itself, regardless of whether the news is ideologically

congruent or incongruent.

These findings have two broader implications. First, the role of AI verification cannot

be evaluated only by asking whether the detector is technically informative. What matters

is also how users interpret and incorporate the signal. A probabilistic AI output may be

too weak, ambiguous, or insufficiently credible to displace the judgment already formed

from the news content. Second, AI verification changes the informational context in which

classification takes place. Making AI explicit may increase caution toward news, but this

caution does not necessarily improve accuracy and may leave ideologically structured errors

intact.

Several limitations should be acknowledged. First, the experimental phases are presented

in a fixed order. This structure avoids contaminating earlier phases with explicit exposure

to AI verification, but it also means that phase comparisons may partly reflect sequence,

learning, or fatigue effects. Second, the detector signal is not experimentally randomized

across items. Weak AI outputs may therefore capture both limited reliance on the detector

50



and intrinsic item difficulty. Third, the experiment observes classification decisions but

does not directly elicit prior veracity beliefs, intermediate beliefs after reading the news,

final beliefs after observing the detector, trust in the AI system, or individual classification

thresholds. As a result, the design cannot separately identify whether the observed patterns

arise from prior shifts, threshold shifts, selective attention, differential scrutiny, or trust in

the detector. Fourth, the sample consists of university participants and the task uses short

news items, so external validity to broader populations and richer information environments

should be assessed in future work.

Future research can build directly on these limitations. A first extension would elicit

beliefs at multiple stages: the prior probability that a news item is true, the perceived ve-

racity of the item after reading its content, and the final belief after observing the detector.

This would make it possible to distinguish content interpretation, AI-signal interpretation,

and classification thresholds. A second extension would measure political beliefs both before

and after exposure to the news environment. The present paper identifies the first stage

of a potential polarization mechanism, namely congruence-dependent classification of news

veracity; future work could test whether these classification errors translate into actual diver-

gence in political beliefs. A third extension would experimentally vary the format of the AI

signal, comparing simple probability scores with explanations, source citations, confidence

intervals, or counter-arguments. This would help identify whether limited reliance reflects

mistrust, misunderstanding, or the perceived ambiguity of intermediate outputs.

Overall, the paper shows that AI verification does not mechanically remove ideological

distortions from news classification. Across the environments studied here, classification er-

rors remain strongly shaped by ideological congruence, and this relationship becomes stronger

when AI verification is made explicit. At the same time, the detector is not incorporated in

a fully uniform way: weak signals are associated with higher error rates, while the evidence

does not indicate that this difficulty is selectively stronger when congruence bias is high.

The resulting pattern is most consistent with partial and non-selective mistrust of weak AI
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outputs. Improving AI verification therefore requires not only more accurate detectors, but

also a better understanding of how individuals interpret probabilistic signals in politically

charged information environments.
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Appendix A: Robustness Analysis

This appendix reports a parsimonious set of robustness checks for the main empirical results.

We first document observable differences in the composition of the experimental phases. We

then assess whether the relationship between ideological congruence bias and classification

error is robust to controls for item characteristics, presentation order, and participant-cluster

bootstrap inference. Finally, we examine the stability of the Phase 3 signal analysis after

controlling for observable item characteristics.

Composition of the Experimental Phases

Table 8 reports the observable composition of the news items presented in each phase. The

proportion of false items is by design the same across phases, whereas the topic distribution

may change across phases. Moreover, ai generated content appears only in phase 2 and 3.

These differences motivate the inclusion of item-level controls in the robustness specifications

reported below.

Table 8: Observable composition of the experimental phases

Phase 1 Phase 2 Phase 3

News side 0.434 0.525 0.410
Foreign policy 0.259 0.250 0.156
Immigration 0.313 0.363 0.182
Civil rights/LGBT 0.184 0.068 0.362

Notes: Entries report phase-specific sample means.
Fake news, AI-generated content, news side, and topic
categories are indicator variables. Economy is the
omitted topic and can be recovered from the remain-
ing topic shares.

Robustness of Congruence-Bias and Signal Results

This section evaluates the robustness of two results: the stronger association between con-

gruence bias and classification error in Phase 3, and the relationship between congruence

bias and responsiveness to the corrective AI signal.
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Table 9 re-estimates the phase-interaction model under alternative specifications. Col-

umn (1) includes the full set of observable item controls: objective veracity, news side, and

topic indicators. Column (2) controls for the linear and quadratic position of each item

within the corresponding experimental phase.

Table 9: Robustness of ideological congruence effects

Classification error

Full item controls Order controls
(1) (2)

Phase 2 0.019 -0.019
(0.025) (0.022)
[0.444] [0.382]

Phase 3 0.030 0.016
(0.026) (0.023)
[0.248] [0.483]

Congruence bias 0.063∗∗ 0.063∗∗

(0.030) (0.030)
[0.036] [0.036]

Congruence bias × Phase 2 -0.054 -0.050
(0.045) (0.043)
[0.237] [0.245]

Congruence bias × Phase 3 0.087∗∗ 0.089∗∗

(0.038) (0.038)
[0.024] [0.022]

Within-phase order -0.001
(0.003)
[0.637]

Within-phase order squared 0.0004
(0.0012)
[0.741]

Participant fixed effects Yes Yes
Full item controls Yes No
Observations 2,277 2,277

Notes: Linear probability models. The dependent variable equals
one when the item is incorrectly classified. Phase 1 is the omitted
category. Full item controls include objective veracity, AI-generation
status, news side, and topic indicators. Standard errors are clustered
at the participant level and reported in parentheses; p-values are
reported in square brackets. ∗p < 0.10, ∗∗p < 0.05, ∗∗∗p < 0.01.

The congruence-bias result is highly stable. The coefficient on congruence bias remains

positive and statistically significant after controlling for observable item characteristics and

after accounting for within-phase presentation order. More importantly, the interaction
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between congruence bias and Phase 3 remains close to the main estimate and statistically

significant at the five-percent level in both specifications. The stronger association between

congruence bias and classification error in the AI-detection environment is therefore not

explained by observable item composition or by the order in which items are presented.

Participant-cluster bootstrap inference leads to the same conclusion. The bootstrap

mean of the congruence-bias coefficient is 0.062, with a 95-percent confidence interval of

[0.005, 0.121] and p = 0.036. The bootstrap mean of the Phase 3 interaction is 0.089,

with a 95-percent confidence interval of [0.016, 0.166] and p = 0.019. Thus, the Phase 3

amplification of congruence-related classification error is robust both to alternative controls

and to resampling-based inference.

Table 10 examines the robustness of the Phase 3 continuous-signal specification. Column

(1) reports the baseline model, while Column (2) adds the full set of observable item controls.

“‘latex

The average association between corrective-signal strength and classification error re-

mains small and statistically insignificant after the item controls are introduced. The inter-

action between the corrective signal and congruence bias is positive and marginally significant

in the baseline specification, but becomes smaller and statistically insignificant with the full

set of item controls. The continuous-signal interaction should therefore be interpreted as

suggestive rather than robust.

Congruence bias itself remains positively associated with classification error and becomes

statistically significant in the controlled specification. Among the item characteristics, false

items are associated with fewer errors, while the coefficient on news direction indicates that

items supporting the lower-valued endpoint of the relevant political scale are, on average,

classified more accurately. These item-level differences are included to account for heteroge-

neous item difficulty and are not interpreted as central substantive results.
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Table 10: Robustness of AI-signal responsiveness

Classification error

Baseline Full item controls
(1) (2)

Corrective signal -0.010 -0.014
(0.027) (0.027)
[0.719] [0.610]

Congruence bias 0.070 0.101∗∗

(0.047) (0.048)
[0.143] [0.041]

Corrective signal × congruence bias 0.015∗ 0.010
(0.008) (0.008)
[0.054] [0.171]

False news -0.189∗∗∗

(0.044)
[< 0.001]

News side -0.106∗∗∗

(0.040)
[0.009]

Foreign-policy topic 0.118∗

(0.061)
[0.058]

Immigration topic 0.096
(0.065)
[0.145]

LGBT topic 0.107∗∗

(0.051)
[0.040]

Participant fixed effects Yes Yes
Observations 757 757

Notes: The sample is restricted to Phase 3. The dependent variable
equals one when the item is incorrectly classified. The corrective signal
is centered and divided by ten. The full item-control specification
includes objective veracity, news direction, and topic indicators, with
economic policy as the omitted topic category. Standard errors are
clustered at the participant level and reported in parentheses; p-values
are reported in square brackets. ∗p < 0.10, ∗∗p < 0.05, ∗∗∗p < 0.01.
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Sensitivity to Alternative Definitions of Weak AI Signals

The main specification defines a weak AI signal as a detector probability between 35 and 65

percent. Since the experimental detector outputs take only a limited set of discrete values, we

assess the sensitivity of the results using a broader definition that classifies as weak outputs

between 20 and 80 percent.

Table 11: Sensitivity to alternative definitions of weak AI signals

Without item controls With item controls

20-80 35-65 20-80 35-65

Weak AI signal 0.083 0.264∗∗∗ 0.150∗∗ 0.158∗

(0.057) (0.083) (0.062) (0.095)
[0.153] [0.002] [0.018] [0.099]

Congruence bias 0.151∗∗∗ 0.150∗∗∗ 0.151∗∗∗ 0.155∗∗∗

(0.030) (0.028) (0.029) (0.029)
[< 0.001] [< 0.001] [< 0.001] [< 0.001]

Weak AI signal × congruence bias -0.081 -0.078 -0.058 -0.094
(0.124) (0.153) (0.109) (0.152)
[0.515] [0.612] [0.599] [0.539]

Participant fixed effects Yes Yes Yes Yes
Item controls No No Yes Yes
Observations 757 757 757 757

Notes: The sample is restricted to Phase 3. Each column uses a different interval to
define the weak-signal indicator. Weak signal and congruence bias are mean-centered
before constructing the interaction. Item controls include objective veracity, AI gener-
ation, news direction, and topic indicators. Standard errors clustered at the participant
level are reported in parentheses; p-values are reported in square brackets. ∗p < 0.10,
∗∗p < 0.05, ∗∗∗p < 0.01.

The sensitivity analysis yields three main conclusions. First, the direct association be-

tween weak detector outputs and classification error is positive under both definitions. Under

the 35-65 benchmark, the coefficient is larger and statistically significant without controls,

while remaining positive and marginally significant after controls are introduced. Under the

20-80 broader specification, the coefficient is positive but statistically insignificant without

controls and becomes significant after observable item characteristics are included. Second,

the estimated effect of congruence bias is highly stable across all specifications. Third, the

interaction between weak signals and congruence bias is statistically insignificant in every
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specification. Its estimated sign is consistently negative, but the coefficients are imprecisely

estimated and far from conventional significance levels. The results therefore provide no

evidence that weak detector outputs are disregarded only depending on congruence bias.

Overall, the positive relationship between weak detector outputs and classification error

is moderately robust, although its statistical precision depends on the chosen cutoff and on

the inclusion of item controls. By contrast, the strong direct effect of congruence bias and the

absence of a significant weak-signal interaction are highly stable across the two definitions.
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Appendix B: Experimental Instructions

General Instructions

Welcome to this experiment.

During this fully computerized experiment, your decisions will determine your earnings.

For participating in the experiment, you will receive a show-up fee of 3.00 €.

In addition, you can earn more money based on your decisions and chance. Both the

show-up fee and any additional earnings will be paid at the end of the experiment via PayPal.

All earnings in the experiment are expressed in ECU (Experimental Currency Units).

At the end of the experiment, your earnings in ECU will be converted at the rate of 1 ECU

= 1 €.

All participants in this experiment are reading the same instructions, which you can re-

read at any time by pressing the INSTRUCTIONS button at the top of your screen. All

participants are taking part in the experiment for the first time.

Please read the instructions carefully. If you have any questions, raise your hand and an

experimenter will answer you privately.

From this point onward, any communication between participants is prohibited.

Experiment Instructions

In this study, you will complete a short task divided into three phases. In each phase, you

will see a series of short news items (a headline + a brief summary). Your task is to decide

whether each news item is True or False.

For each news item you will:

• Read the headline and the short summary.

• Choose one of the two options: TRUE or FALSE.

• After confirming your choice, you will move on to the next news item.
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You will complete the task in three phases. The procedure is the same in each phase:

you will evaluate news items and classify them as TRUE or FALSE.

Your payment consists of two parts:

• Fixed payment: 3.00 € (show-up fee).

• Performance bonus: At the end of the study, we will randomly select 3 news items,

one from each phase. For each selected news item:

– If your classification is correct, you earn 5.00 €.

– If your classification is incorrect, you earn 0.00 € for that news item.

Total earnings = 3.00 € (fixed payment) + bonus from the 3 randomly selected news

items (up to 15.00 €).

Important notes:

• Work independently and do not communicate with other participants.

• Some news items may be difficult — do your best.

• There is no penalty for the time you take, but we ask you to stay focused throughout

the task.

Good luck.
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