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Abstract

We study whether communication helps people reach agreement and correctly identify

the narrative that generated observed evidence. In our laboratory experiment, one of two

narratives about the gender wage gap is randomly selected as the true data-generating

process. Participants observe independently drawn private data from that process and

choose which narrative they believe is true before and after communicating anonymously

with a matched partner who faces the same true narrative. We compare free-form

communication with direct data sharing and a pre-communication reasoning task. Direct

data sharing removes friction in transmitting private evidence, and pre-communication

reasoning prompts participants to articulate their inference strategy before discussion. We

find that free-form communication generates high consensus among initially disagreeing

pairs but little improvement in true-narrative correctness. Data sharing shifts choices toward

pair-level evidence, whereas reasoning improves selection of the narrative best supported by

realized data but reduces consensus. The findings show that agreement and truth-finding

can diverge in narrative communication.
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1 Introduction

People use narratives to interpret real-world evidence, and disagreement over factual issues

often arises when they disagree about which narrative best explains the observed evidence.

In debates about the causes of economic inequality, the consequences of public policies,

or the risks of new technologies, people may observe similar facts yet draw different

conclusions. Such disagreement is not merely a matter of taste or ideology. In many

cases, the underlying issue has an objective answer, but people rely on different narratives

to organize and interpret the available evidence. These competing interpretations can

obstruct collective decision-making, reduce the effectiveness of policy communication,

and sustain or exacerbate social and political polarization.

Communication is often proposed as a natural remedy. By talking to one another,

people may exchange information, correct sampling errors, and learn how others reason

from data. Yet ordinary communication may also fall short. Individuals often form

narratives from limited private observations. They see different pieces of evidence, draw

on different examples, and rely on different mental models to interpret what they observe.

These observations are difficult to transmit fully, and the narratives that organize them

are often implicit, incomplete, or hard to articulate.

This paper studies whether communication helps people reach agreement and identify

the truth in a controlled laboratory experiment. We focus on communication about

narratives, which are interpretive frameworks that organize facts and provide an account

of how the world works. Narratives may be transmitted through simple stories, examples,

metaphors, or social communication (Shiller, 2017). In many settings, multiple narratives

can coexist without an unambiguous ground truth. In the recent economic literature,

however, narratives are often modeled as mental models or data-generating processes, so

that one narrative can be objectively more accurate than another (Eliaz and Spiegler,

2020). We study a setting in which participants may initially disagree about which

narrative is correct, but there is an unknown true underlying data-generating process

shared by all participants.

Communication can help in this setting through two channels. First, it can

transmit private observations. When individuals observe independent private samples,

disagreement may arise simply because their samples differ. The combination of

observations could reduce sampling error and help participants identify the true underlying
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narrative. Second, communication can transmit ways of thinking. Even when people

observe similar data, they may disagree because they use different mental models to

interpret those data. Explaining one’s reasoning or understanding a partner’s reasoning

may therefore improve the quality of inference. These two channels are distinct, and they

face different frictions. On the one hand, data are high-dimensional and may be costly

to describe in ordinary conversation. On the other hand, mental models are abstract and

may be difficult to convey clearly. Our design separates these channels by comparing

unstructured communication with two structured modifications, one that removes the

friction in data sharing, and the other that encourages participants to reflect on and

better articulate their reasoning before communicating.

We implement this design in a laboratory experiment on narrative formation about the

gender wage gap. Participants observe data generated by one of two competing narratives.

Narrative 1 states that most of the observed gender wage gap cannot be explained by

observable productivity differences, whereas narrative 2 states that roughly half of the

gap is explained by such differences. Both narratives are based on published empirical

studies and are presented as possible data-generating processes. At the beginning of each

session, one narrative is randomly selected as the true narrative for each matching group

in that session. All participants in the same matching group face the same true narrative,

but each receives an independently drawn personal data graph. Participants first make

an individual narrative choice in Stage 1, then communicate in randomly matched pairs

before making a second narrative choice in Stage 2. Choices in both stages are incentivized

by whether they identify the true narrative.

The experiment has three between-subject treatments. In Communication, partic-

ipants chat freely for up to fifteen minutes while observing their own data graph and

both participants’ Stage 1 choices. In Share, participants additionally observe their

partner’s data graph and the pair’s combined data graph, which removes the need to

transmit private data verbally. In Reasoning, participants first write incentivized advice

for a future participant facing the same inference problem, and then enter the same chat

environment as in Communication. This treatment encourages participants to articulate

their reasoning before communication. Its effect is ambiguous ex ante, since better

articulation may facilitate learning but may also increase participants’ attachment to

their initial interpretation.
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The experiment yields three main findings. First, communication produces high

consensus but limited improvement in narrative choice accuracy. Among pairs who

initially choose different narratives, more than 80% reach consensus in Communication.

This high consensus rate, however, is not accompanied by a significant increase in true-

narrative correctness, nor does it reliably improve best-fit correctness with the available

data.1 Consensus is therefore distinct from truth-finding. Communication can coordinate

participants on a common narrative without ensuring that the agreed-upon narrative is

the correct or best supported by evidence. This finding is particularly striking because

our experiment incentivizes truth-finding, not consensus.

Second, reducing data-sharing frictions improves how participants use group evidence,

but does not fully solve the truth-finding problem. In Share, consensus remains high, and

we find evidence that participants are more likely to choose the narrative that best fits

the pair’s combined data. At the same time, true-narrative correctness does not improve

relative to Communication. This may reflect sampling noise since the narrative that best

fits the realized data may not coincide with the true data-generating process. Thus,

best-fit correctness captures evidence-based inference, whereas true-narrative correctness

captures recovery of the underlying truth. Direct data sharing therefore helps participants

align their choices with observed group evidence, but does not mechanically ensure

convergence to the underlying truth.

Third, prompting participants to articulate their reasoning improves evidence-based

correctness but reduces consensus. In Reasoning, consensus among initially conflicting

pairs falls to 52%, well below the rates in Communication and Share. Yet participants are

more likely to choose the narrative that best fits their private data. Moreover, conditional

on reaching consensus, conflicting pairs are more likely to converge on the narrative with

stronger empirical fit. The mechanism analyses support this interpretation, indicating

that participants in Reasoning are more likely to stand by their private evidence and more

often describe their data and reasoning in chat. Thus, Reasoning appears to discipline

evidence evaluation while making narratives harder to revise.

In summary, the results reveal an inherent tension in narrative communication.

Ideally, communication would both generate agreement and move participants closer to
1The true narrative is the underlying narrative selected by the computer to generate the data graph.

The best-fit narrative is the narrative best supported by the realized observed data.
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the truth. We find that free-form communication achieves the first goal but not the

second. Direct data sharing helps participants incorporate combined evidence, while

explicit reasoning improves selection of better-fitting narratives. However, reasoning also

reduces consensus, suggesting that articulated mental models may be harder to revise

without sufficiently strong counter-evidence or argument. Thus, these results show that

different forms of communication operate on distinct margins, with data sharing improving

access to combined evidence and reasoning enhancing interpretation, even though neither

improvement necessarily translates into higher true-narrative correctness.

This paper contributes to the growing literature on narratives, mental models, and

communication. A large literature studies how narratives shape beliefs and behavior

(Shiller, 2017; Eliaz and Spiegler, 2020), while recent work examines how narratives can

be strategically used or tailored to persuade audiences (Schwartzstein and Sunderam,

2021; Aina, 2023; Barron and Fries, 2025). Our contribution is to study non-strategic

communication between participants who share a common objective but may differ

in private observations and interpretive models. The laboratory environment allows

us to observe both consensus and correctness relative to an objective truth, and to

distinguish true-narrative correctness from best-fit correctness based on realized data.

This distinction is crucial to our study since we demonstrate that communication can

generate agreement without improving truth-finding, while interventions that strengthen

evidence-based reasoning may reduce agreement.

The remainder of the paper is organized as follows. Section 2 reviews the related

literature. Section 3 presents the experimental design and hypotheses. Section 4 reports

and discusses the experimental results. Section 5 concludes.

2 Related Literature

This paper connects several strands of literature on narratives, model-based belief

formation, communication and polarization, and belief persistence. It extends these

literature by investigating whether and how non-strategic communication affects both

consensus and truth-finding in a common-value narrative environment where participants

observe different private data and may interpret those data differently.

First, the paper relates to a recent and fast-growing literature that studies narratives
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as mental models or causal structures used to interpret observed facts.2 A leading

contribution is Eliaz and Spiegler (2020), who model narratives as subjective causal

structures represented by directed acyclic graphs. In their framework, a narrative

selects variables and causal links, and beliefs are formed by applying the Bayesian-

network factorization implied by the narrative to objective data. Different narratives

can therefore generate different beliefs from the same empirical correlations. Subsequent

work extends this causal-narrative approach to political and media environments, studying

how narrative competition, strategic narrative provision, and false narratives can sustain

disagreement and polarization (Eliaz and Spiegler, 2024; Eliaz et al., 2025). This

framework has also motivated a growing experimental literature.3 In particular, Charles

and Kendall (2023) and Ambuehl and Thysen (2025) test behavioral implications of

causal-narrative models and document heterogeneity in how individuals evaluate and rely

on competing causal explanations. Our paper shares with this literature the view that

narratives are interpretive devices. We differ by studying how disagreement over narratives

evolves through interpersonal communication, while holding fixed the set of admissible

narratives and the underlying true data-generating process.

A complementary approach models narratives as likelihood-based models that organize

data and guide prediction. Schwartzstein and Sunderam (2021) develop a model-

persuasion framework in which a sender proposes alternative models to help a receiver

interpret past data. Receivers find models more compelling when they better fit the

data, but better-fitting models leave less room for belief distortion. Aina (2023) builds on

this approach and studies the extent to which a biased sender can manipulate posterior

beliefs by tailoring the set of models available to the receiver. Barron and Fries (2025)

provides experimental evidence that narratives are persuasive and that narrative fit is

an important determinant of persuasion. These papers show that communication about

models can shape beliefs even when the objective data are held fixed.

More recent work studies environments in which agents exchange narratives or face
2This line of work builds on a broader literature on narratives in economics, pioneered by Shiller (2017,

2020), which emphasizes the macroeconomic and social roles of narratives more generally. For a recent

survey of the broader narratives literature, see Roos and Reccius (2024).
3Within the broader narratives literature, several experimental studies examine the effects of narratives

on beliefs and behavior across different domains (Yang and Hobbs, 2020; Harrs et al., 2021; Barron et

al., 2023).
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competing models. Schwartzstein and Sunderam (2025) examine how agents share models

or interpretations to make sense of new data in a community. Montiel Olea et al. (2022)

study agents who observe common data but use different predictive models, and show

how perceived predictive performance can sustain disagreement. A related experimental

contribution is Liu and Zhang (2025), who study whether later counter-narratives can

undo the effects of earlier narrative exposure. Our paper differs from these contributions

in two ways. First, we abstract from strategic persuasion, as participants have aligned

incentives to identify the true narrative. Second, agents observe different private samples.

Communication can therefore serve two distinct functions in our setting: exchanging data

and exchanging interpretations, both of which may facilitate truth-finding. This dual role

is central to the experiment and to many real-world disputes over factual issues.

Second, our paper speaks to an experimental literature on how individuals form mental

models from data. Kendall and Oprea (2024) study how subjects form predictive models

of simple data-generating processes and show that subjects often struggle to form or

explicitly describe the model they use. Fréchette et al. (2024) study how individuals infer

statistical relationships from observational data and document substantial heterogeneity

in the models subjects extract. Aina and Schneider (2025) provide evidence on how

individuals weight competing models, including cases in which they place most weight on

the best-fitting model rather than averaging across models in a fully Bayesian manner.

Related experimental work documents systematic errors arising from misspecified mental

models (Hanna et al., 2014; Enke, 2020; Esponda et al., 2024), showing that individuals

may neglect relevant dimensions of the data or rely on incomplete representations of the

environment. These studies focus primarily on individual belief formation. We extend this

line of work to an interactive environment in which individuals communicate both their

observed evidence and their reasoning, and in which the central outcomes are whether

communication generates consensus and improves truth-finding.

Third, this paper relates to the empirical literature on communication, social

interaction, and polarization. Braghieri et al. (2025) study cross-partisan conversations

between Democrats and Republicans and show that such interactions are perceived

as uninformative ex-ante, even though they may reduce affective polarization ex post.

Santoro and Broockman (2022) provide large-scale experimental evidence that structured

cross-partisan conversations can meaningfully reduce affective polarization, while having
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more limited effects on substantive belief convergence. Similarly, Fang et al. (2025)

study a large-scale initiative in Germany and find that conversations across political

divides reduce affective polarization but need not generate convergence in ideological

views. Schwardmann et al. (2022) show that being required to argue for a position

can lead individuals to persuade themselves that the position is correct, making later

belief revision more difficult. These papers study communication in politically or socially

charged environments, where identity, ideology, and strategic self-persuasion motives may

be central. Our experiment studies a related but distinct problem: how communication

affects disagreement over the interpretation of observed facts when incentives are aligned

and the true state is commonly valued. This allows us to isolate interpretive frictions

from partisan identity and strategic persuasion.

Finally, our findings contribute to the literature on confirmation bias and commitment

bias (Rabin and Schrag, 1999; Kahneman et al., 1990; Staw, 1976). While this literature

documents many settings in which individuals adhere to existing beliefs or choices by

selectively interpreting information, we provide suggestive evidence that encouraging

individuals to articulate their reasoning makes them less likely to change their minds

even when an objective truth exists. This result is distinctive because our setting features

a single underlying truth and non-strategic communication, closely mirroring everyday

conversations. Our findings also relate to the concept of “beliefs as assets” (Bénabou

and Tirole, 2011), as beliefs in our setting take the form of sense-making narratives that

individuals become attached to and reluctant to revise.

3 Experimental design, procedures, and hypotheses

The experiment has two stages. In Stage 1, each participant observes a private sample

of 20 observations generated from one of two possible narratives and then chooses which

narrative is true. In Stage 2, participants are randomly paired and then communicate in

free-format chatboxes before making the same choice again. We vary the communication

environment across three between-subject treatments: Communication, Share, and

Reasoning. The main outcomes of interest are whether paired participants reach consensus

and whether their choices correspond to the true or best-fitting narrative.
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3.1 Narrative setting and data-generating process

The experiment studies how people form and communicate narratives when there is an

objectively correct data-generating process while observing only finite and noisy samples.

We use explanations of the gender wage gap in China as a narrative domain. This setting

is useful for three reasons. First, the topic is familiar and salient for our participant

pool of Chinese college students, yet there is no clear consensus among them about the

underlying explanation. Second, within the experiment, the setting admits a well-defined

true narrative. Third, identifying the underlying narrative from observing a finite dataset

is neither trivial nor mechanical.

The gender wage gap refers to the average wage difference between male and female

workers. Empirical studies commonly decompose this gap into an explained component

and an unexplained component. The explained component captures the part of the gap

attributable to gender differences in observable characteristics, such as education, work

experience, working hours, or productivity. The unexplained component is the residual

gap after accounting for such observable characteristics and is often interpreted as a proxy

for unequal treatment or discrimination.4

3.1.1 Two candidate narratives

Participants choose between two narratives about the decomposition of the gender wage

gap. Both narratives are grounded in empirical studies using recent Chinese data. Because

these studies yield markedly different decomposition results, we adopt their respective

estimates to construct two distinct data-generating processes.

The first narrative follows the estimate in Zhang et al. (2023), according to which the

unexplained component accounts for more than 90% of the gender wage gap.5

Narrative 1. Less than 10% of the gender wage gap is attributed to the explained

component, while more than 90% is attributed to the unexplained component.

The second narrative follows the estimate in Ma (2022), in which the explained and
4See Iwasaki and Ma (2020) for a survey of empirical studies on the gender wage gap in China. Survey

evidence also documents widespread public discussion and divergent attitudes toward gender inequality,

particularly in the workplace (Wang et al., 2024; Ma, 2025).
5Zhang et al. (2023) estimate that the unexplained component accounts for 94.72% of the gender wage

gap. For ease of comprehension in the experiment, we state this as “more than 90%.”
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unexplained components each account for about 50% of the gender wage gap.6

Narrative 2. The explained component and the unexplained component each account for

approximately 50% of the gender wage gap.

At the beginning of the experiment, the computer randomly assigns one of these

two narratives as the true narrative, with equal probability, for all participants within the

same matching group (see Section 3.3 for further description). The assigned true narrative

determines the data pool from which participants’ private graphs are sampled.

3.1.2 Data-generating process and personal data graphs

For each true narrative, we construct a dataset that contains 1,000 observations. Each

observation consists of wage, productivity, and gender. The two datasets are calibrated

so that their wage–productivity relationships reproduce the empirical patterns implied

by Narrative 1 and Narrative 2, respectively. Appendix A describes the data-generating

process, and Figure A.1 presents the two datasets.

Conditional on the assigned true narrative, the computer randomly and independently

draws 20 observations from the corresponding dataset for each participant.7 The 20

observations are displayed as a data graph. The horizontal axis reports productivity and

the vertical axis reports wage; male and female observations are represented by different

markers. The graph also reports the average wage of male and female observations in the

participant’s sample. Figure 1 shows examples of personal data graphs generated under

Narrative 1 and Narrative 2. In the experimental instructions, participants are informed

that the true narrative is randomly selected with equal probability, and learn about the

main features of the data-generating process and the construction of their personal data

graphs, but are not informed of all details of the data-generating process described in

Appendix A, including the specific distributional assumptions used to generate wages

and productivity.8

6Ma (2022) reports that the unexplained component accounts for 51.2% of the gender wage gap.

We round this to “approximately 50%.” The two studies are comparable in that both use the same

decomposition method and analyze Chinese data spanning multiple sectors, regions, and age groups from

2014–2018. The main difference lies in the data sources used by the two studies.
7Because observations are drawn randomly, the number of male and female observations in a given

participant’s sample need not be equal.
8Appendix B provides the experimental instructions and screenshots.
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Figure 1: Examples of data graphs when the true narrative is Narrative 1 (top panel) or

Narrative 2 (bottom panel).

3.2 Experimental design and treatments

We implement a two-stage experimental design.

3.2.1 Stage 1: Individual baseline

Stage 1 provides the individual baseline. Each participant observes only their own 20-

observation data graph and then chooses which of the two narratives they believe to be

the true data-generating process. A correct choice pays 40 Chinese yuan (CNY), while

an incorrect choice pays zero. This stage is selected for payment with probability 50%.

After making Stage 1 choices, participants within the same matching group are then

randomly matched into pairs. Based on their Stage 1 choices, a pair is classified as

a same-narrative pair if both members initially choose the same narrative, and as a

conflicting-narrative pair if they initially choose different narratives.

Participants do not receive feedback after their choices in Stage 1. Thus, when they

enter Stage 2, they only know their own initial narrative choices and personal data graphs,
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but not whether their initial choices are correct.

3.2.2 Stage 2: Paired Communication

In Stage 2, paired participants communicate through an anonymous computer-based

chat interface. Communication lasts for up to 15 minutes and may end earlier if both

participants agree to stop.9 After communication, participants are requested to choose

between Narrative 1 and Narrative 2 again. A correct choice in Stage 2 also pays 40 CNY.

At the end of the experiment, one of the two narrative-choice stages is randomly selected

for payment with equal probability.

We implement three between-subject treatments. These treatments introduce varia-

tions in whether participants can directly observe their partner’s data and whether they

are prompted to articulate their reasoning before communication.

The Communication treatment. During the chat of this treatment, each

participant observes both players’ Stage 1 narrative choices and can revisit her own private

data graphs. Participants therefore know whether their initial narrative choices agree or

not. However, they cannot directly observe their partner’s data graph. Any information

about the partner’s data must then be transmitted through free-form communication.

This treatment captures a common feature of real-world narrative exchange, where

individuals often know others’ views but do not directly observe the evidence or

reasoning that generated those views. Communication may therefore operate through

two potentially imperfect channels, describing private data and explaining how those

data are interpreted.

The Share treatment. This treatment introduces data sharing. In contrast to

Communication, during the chat each participant can directly observe her partner’s data

graph, as well as a combined graph showing the 40 observations from both members

of the pair. Relative to Communication, Share removes the need to exchange private

data verbally. Thus, it should improve consensus and correctness if disagreement reflects

imperfect data transmission, but have limited effects if disagreement reflects differences

in data interpretation.

The Reasoning treatment. The Reasoning treatment tests the effect of prompting
9Participants are explicitly informed that the two members of the pair face the same true narrative

and that this true narrative remains fixed across the two stages.
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participants to articulate their reasoning before communication. It is identical to

Communication during the chat, but adds an advice-writing stage before communication.

After making the Stage 1 choice and before communicating with the matched partner,

each participant writes an advice of up to 250 words for a future participant on how to

infer the true narrative from the privately observed data graph. Participants are told

that the future participant will face the same true narrative but may observe a different

personal data graph. While writing the advice, participants can review their own data

graph and Stage 1 choice.

Advice is incentivized. In a follow-up evaluation task, each future participant reads

three pieces of advice and selects the most helpful one. If a participant’s advice is

selected, the participant receives 20 CNY; otherwise, she receives zero. After writing

advice, participants enter the same communication environment as in Communication.

Ex ante, this treatment may have opposing effects. Writing advice may improve

communication by helping participants organize and articulate their inference strategy.

At the same time, articulating a rationale for one’s initial choice may increase attachment

to that choice and to the reasoning behind it.10 This treatment therefore identifies the

effect of reasoning before communication.

3.3 Procedures

The main experiment was conducted at the Shanghai University of Finance and Economics

in April 2025. Participants were recruited from the Economic Lab and took part in only

one treatment.

We conducted 13 sessions, each with three or four matching groups of 6–10

participants. The three between-subject treatments were randomized at the session level,

with each session implementing one treatment. At the beginning of each session, the

computer randomly assigned a true narrative to each matching group. At the end of

Stage 1, participants were randomly paired within their matching group, ensuring that

both participants in a pair faced the same true narrative.11 Table 1 reports the numbers

of participants, pairs, conflicting-narrative pairs, and same-narrative pairs by treatment.
10We discuss several behavioral mechanisms that could generate this effect in Section 3.4 below.
11Thus, the independent observations are individuals for Stage 1 choices and pairs for Stage 2 choices.

Matching groups determine the assigned true narrative but do not otherwise affect independence.
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In total, 342 participants participated in the main experiment: 112 in Communication,

110 in Share, and 120 in Reasoning.

Table 1: Summary of participants by treatments

No. of

participants

No. of

pairs

No. of conflicting-

narrative pairs

No. of same-

narrative pairs

Communication 112 56 21 35

Share 110 55 26 29

Reasoning 120 60 23 37

The experiment was programmed in z-Tree (Fischbacher, 2007). Upon arrival,

participants were randomly seated at computer terminals. At the beginning of each

stage, they read the relevant instructions on screen and had to answer all control questions

correctly before proceeding. Communication was anonymous and conducted only through

the computer interface; participants had no opportunity to identify their partner.

After the two narrative-choice stages, participants completed post-experimental

elicitation and a demographic questionnaire. We elicited their theory of mind (ToM)

and cognitive abilities. The detailed elicitation methods are presented in Appendix B.6.

At the end of the session, participants were informed which narrative-choice stage had

been randomly selected for payment. The average payment in the main experiment was

70 CNY, including a 20 CNY show-up fee. Each session lasted approximately 60 minutes.

The advice-evaluation follow-up experiment for the Reasoning treatment was con-

ducted at another university within two weeks of the main experiment. We recruited 44

participants to evaluate the 120 pieces of advice written by participants in Reasoning.

The follow-up consisted of two 25-minute sessions, with an average payment of 31 CNY.

Figure 2 illustrates the experimental design and procedure.

3.4 Hypotheses

We focus on two main outcomes: consensus and correctness. Consensus is measured

at the pair level and equals one if both members of a pair choose the same narrative in

Stage 2. We calculate the consensus rate separately for the same-narrative and conflicting-

narrative pairs, with a primary emphasis on the conflicting-narrative pairs because these

pairs begin Stage 2 without agreement.
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Figure 2: Experimental design and procedure
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Correctness is measured at the individual level. The most direct measure is whether

the participant’s narrative choice matches the true narrative assigned by the computer.

Because participants observe finite and noisy samples, we also consider in the analysis

a complementary best-fit measure: the narrative that best fits the data available to the

participant, either her personal data or the pair’s combined data. The true-narrative

measure captures objective truth-finding, while the best-fit measure captures whether the

participant chooses the narrative better supported by observable evidence.

We compare Communication with Share to identify the role of data sharing, which

effectively eliminates information asymmetry in private observations. In a conflicting-

narrative pair under Communication, consensus requires participants to perform two

tasks: exchange and integrate information about different private samples, and agree

on how to draw the final conclusion from those samples. Share removes the first task by

directly displaying both the personal data graphs and the combined graph. This leads to

the first hypothesis about consensus.

Hypothesis 1 (Consensus, Communication vs. Share). Among conflicting-narrative

pairs, the consensus rate is higher in Share than in Communication.

The same logic suggests that direct data sharing should improve the correctness rate.

This is because the combined 40-observation graph contains less sampling noise than

either 20-observation personal graph. Holding fixed the mental model used to interpret

the graph, participants should therefore be more likely to identify the correct or best-fit

narrative in Share than in Communication.

Hypothesis 2 (Correctness, Communication vs. Share). Correctness rates are higher in

Share than in Communication.

We next compare Communication with Reasoning. A priori, prompting participants to

articulate their reasoning process can have an ambiguous effect on consensus formation.

On the one hand, if the main barrier to consensus is that participants find it difficult

to explain their inference strategy during the chat, then the advice-writing task should

improve communication. By making participants formulate their reasoning in advance,

the task may help them communicate more clearly and evaluate their partner’s arguments

more effectively. This mechanism predicts higher consensus in Reasoning.

16



Hypothesis 3a (Consensus, Communication vs. Reasoning). Among conflicting-

narrative pairs, the consensus rate is higher in Reasoning than in Communication.

However, the advice-writing task can also reduce the probability of consensus. Once

participants explicitly articulate a rationale for their Stage 1 choice, they can become

more committed to both the chosen narrative and the mental model that supports it.

Several behavioral mechanisms can generate such an effect. First, explicit articulation

can strengthen confirmation bias: participants can subsequently interpret their partner’s

information in a way that favors the narrative they have already justified (Rabin

and Schrag, 1999). Second, it may create commitment bias: after giving advice and

articulating reasoning to others, participants may become reluctant to abandon their

earlier choice even when exposed to conflicting evidence (Staw, 1976). Third, constructing

an argument may induce an attachment to one’s own rationale: once a rationale is

perceived as one’s own, participants may attach additional value to it and become less

willing to give it up, in the spirit of the endowment effect (Kahneman et al., 1990). Finally,

the advice task may induce self-persuasion. As found in Schwardmann et al. (2022),

the act of preparing an argument for one’s conclusion can lead individuals to become

more convinced of that conclusion. In our setting, these forces may make participants’

initial narratives more resistant to revision, especially when their partner begins from a

conflicting narrative. This leads to the competing consensus hypothesis.

Hypothesis 3b (Consensus, Communication vs. Reasoning). Among conflicting-

narrative pairs, the consensus rate is lower in Reasoning than in Communication.

Similarly, the reflection induced by advice writing can potentially improve correctness

by facilitating more careful analysis of the data and a more logical mapping from data

to narratives. This mechanism predicts that participants in Reasoning are more likely to

choose the true narrative, or at least the narrative better supported by the available data.

Hypothesis 4 (Correctness, Communication vs. Reasoning). Correctness rates are

higher in Reasoning than in Communication.

Finally, because Share and Reasoning differ along two dimensions, we do not formulate

a direct hypothesis comparing them.
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4 Experimental Results

4.1 Treatment effects on aggregate outcomes

This subsection reports the treatment effects on two main aggregate outcomes: consensus

and correctness. Consensus captures whether communication leads the two members of a

pair to select the same narrative in Stage 2. Correctness captures whether communication

improves the quality of narrative choices. We use two notions of correctness. True-

narrative correctness equals one if the choice matches the true narrative that is used

to generate the data graph. Best-fit correctness equals one if the choice matches the

narrative that best fits the participant’s available data. This distinction matters because

participants observe finite and noisy samples, so the narrative best supported by realized

data may differ from the underlying true data-generating process.

4.1.1 Consensus

We begin with consensus. Table 1 reports the number of same-narrative and conflicting-

narrative pairs in each treatment. Figure 3 reports the Stage 2 consensus rate separately

for the two types of pairs.

Figure 3: Consensus rate by treatment and pair type

Among same-narrative pairs, consensus remains high in all three treatments. The

Stage 2 consensus rate is 89% in Communication, 93% in Share, and 95% in Reasoning.

These differences are not statistically significant, as expected, since these pairs already
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chose the same narrative in Stage 1. Consensus is nevertheless not mechanical because

a small fraction of initially aligned pairs diverge after communication, indicating that

communication can still induce belief revision.

The more important comparison concerns conflicting-narrative pairs. In Communi-

cation, 86% of initially disagreeing pairs reach consensus after communication. Direct

data sharing does not increase this rate: the consensus rate is 81% in Share, statistically

indistinguishable from Communication (two-sided Mann–Whitney test, p = 0.962). By

contrast, the consensus rate falls to 52% in Reasoning. This rate is significantly lower than

in Communication and marginally lower than in Share (two-sided Mann–Whitney tests,

p = 0.037 and p = 0.067, respectively). Thus, direct access to the partner’s data does

not appear to make consensus more likely, whereas prompting participants to articulate

their reasoning before communication substantially reduces consensus among initially

disagreeing pairs.

These findings do not support Hypothesis 1, which predicts higher consensus in

Share than in Communication, nor Hypothesis 3a, which predicts higher consensus in

Reasoning. Instead, the evidence is consistent with Hypothesis 3b: advice writing

appears to make participants less willing to abandon their initial narrative when

facing disagreement. The aggregate consensus result therefore suggests that, instead

of facilitating consensus, articulating reasoning explicitly makes belief revision harder,

possibly because it strengthens attachment to one’s own interpretation.

Result 1 (Consensus). Among conflicting-narrative pairs, the consensus rate is high in

both Communication and Share, with no significant difference between the two treatments.

The consensus rate is substantially lower in Reasoning, consistent with Hypothesis 3b.

4.1.2 Correctness relative to the true narrative

We next examine whether communication improves true-narrative correctness. Figure 4

reports the fraction of participants choosing the true narrative in the individual baseline

and after communication in each treatment.

The baseline true-narrative correctness rate is 67%. After communication, it is 63%

in Communication, 74% in Share, and 69% in Reasoning. None of the pairwise treatment

differences is statistically significant, nor does the correctness rate change significantly
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Figure 4: True-narrative correctness rate by treatment

from Stage 1 to Stage 2 within any treatment.12 Thus, although communication often

generates consensus, it does not significantly increase the probability of choosing the

objectively true narrative. Consensus and truth-finding are therefore empirically distinct,

as pairs may converge on a common narrative without systematically moving toward the

true data-generating process.

The absence of significant treatment effects on true-narrative correctness indicates that

neither direct data sharing nor pre-communication reasoning clearly improves objective

truth-finding in this finite-sample environment. In Share, the point estimate is higher

than in Communication, but not significantly so. In Reasoning, which most strongly

affects consensus, true-narrative correctness rate remains close to the baseline. Hence,

Hypotheses 2 and 4 are not supported when correctness is defined relative to the

underlying true narrative.

4.1.3 Correctness relative to the best-fit narrative

True-narrative correctness is a demanding benchmark because participants observe only

finite random samples. A participant may therefore choose the narrative best supported
12Two-sided Mann–Whitney tests for pairwise comparisons yield Communication vs. Share, p = 0.455;

Communication vs. Reasoning, p = 0.353; Reasoning vs. Share, p = 0.101. The corresponding tests

comparing Stage 1 and Stage 2 within each treatment yield p = 0.172, p = 0.526, and p = 0.616,

respectively.
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by her realized data but still be incorrect relative to the true data-generating process.

In light of this possibility, we also evaluate choices using best-fit correctness. For each

personal data graph and each pair’s combined data graph, we identify the narrative that

better fits the observed data. Specifically, we estimate two linear regressions of wage on

productivity and a gender dummy, fixing the gender coefficient at the value implied by

Narrative 1 or Narrative 2. The narrative associated with the smaller sum of squared

errors is classified as the best-fit narrative. Appendix D.1 provides the details.

Figure 5 reports best-fit correctness rates. The top panel uses each participant’s

personal data graph to construct the best-fit narrative. The bottom panel uses the pair’s

combined data graph; this measure is considered only for stage 2.

Figure 5: Best-fit correctness rate based on personal data (top panel) and group data

(bottom panel)
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The results differ sharply from those based on the true narrative. When best-fit

correctness is measured using personal data, the rate is 60% in both Communication

and Share, but rises to 73% in Reasoning. The difference between Reasoning and each

of the other two treatments is statistically significant (two-sided Mann–Whitney tests,

p = 0.042 and p = 0.045, respectively). The baseline rate is 66%, which does not differ

significantly from any communication treatment (two-sided Mann–Whitney tests, p =

0.785, p = 0.488, and p = 0.775, respectively). Hence, Reasoning improves participants’

ability to choose the narrative that best fits their own observed data.

The group-data benchmark shows a similar but weaker pattern. Best-fit correctness

based on the combined data graph is 56% in Communication, 65% in Share, and 68%

in Reasoning. The difference between Reasoning and Communication is marginally

significant (two-sided Mann–Whitney test, p = 0.078), while the difference between

Reasoning and Share is not (p = 0.637). This suggests that the accuracy gain in Reasoning

reflects more careful interpretation of the available evidence induced by advice giving.

Together, the aggregate results reveal a trade-off. Reasoning makes initially disagree-

ing participants less likely to reach consensus but more likely to choose the narrative

best supported by their data. In contrast, Share removes data-transmission frictions but

does not improve consensus or best-fit correctness relative to Communication. Thus,

communication can generate consensus without improving truth-finding, while explicit

reasoning can improve evidence-based choices while making narratives harder to revise.

Result 2 (Correctness). Correctness relative to the true narrative does not differ

significantly across treatments. In contrast, best-fit correctness is significantly higher in

Reasoning than in both Communication and Share when evaluated using personal data,

and remains higher than Communication when evaluated using group data. These findings

support Hypothesis 4 for best-fit correctness, but do not support Hypothesis 2.

4.2 Mechanisms behind the aggregate treatment effects

The aggregate results in Section 4.1 reveal a trade-off: Reasoning substantially lowers

consensus among conflicting-narrative pairs, but increases the likelihood that participants

choose the narrative best supported by their available data. This subsection investigates

the individual-level behavior underlying this pattern.

We organize the analysis around three mechanisms. First, we examine whether
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participants exhibit a bias toward their own private data when making narrative choices.

Second, among conflicting-narrative pairs that reach consensus, we investigate whether

stronger evidence has a greater influence on the agreed-upon narrative. Third, we examine

whether initial disagreement induces participants to revise toward the true narrative

relative to initially aligned pairs.

4.2.1 Measuring best-fit narratives

Our analysis relies on an empirical measure of which narrative is better supported by

a given data graph. We use the same best-fit measure introduced in Section 4.1 and

detailed in Appendix D.1. For any dataset D — either a participant’s private 20-

observation dataset or a pair’s combined 40-observation dataset — we evaluate the fitness

of Narrative 1 and Narrative 2 using restricted linear regressions. Specifically, for each

narrative k ∈ {1, 2}, we estimate

Yℓ = αk + βkXℓ + γkGℓ + εℓ, ℓ ∈ D,

where Yℓ is worker ℓ’s wage, Xℓ is worker ℓ’s productivity, Gℓ indicates whether worker

ℓ is male. The gender dummy coefficient γk is fixed at the value implied by the relative

importance of the unexplained component implied by Narrative k, while αk and βk are

chosen to minimize the sum of squared errors. Let SSEk(D) denote the resulting residual

sum of squares. Narrative 1 is the best-fit narrative for D if SSE1(D) < SSE2(D);

otherwise, Narrative 2 is the best-fit narrative. Intuitively, the best-fit narrative is the

one whose implied decomposition better explains the observed wage-productivity pattern.

This construction gives three objects used below. First, each participant has an

own best-fit narrative, based on her own data graph. Second, in Share, the group

best-fit narrative, based on the combined 40-observation data graph, also becomes

relevant. Third, when a conflicting-narrative pair reaches consensus, we ask whether

the pair converges to the narrative supported by the stronger individual evidence. Let

SSE∗
i = min{SSE1(Di), SSE2(Di)} denote the best attainable SSE given participant i’s

own private dataset. Within a pair, the participant with the lower SSE∗
i is classified as

having stronger-fitting personal evidence, and her own best-fit narrative is defined as the

pair’s stronger-fit narrative.
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Table 2: Reliance on own best-fit narrative in Stage 2

Treatment

Communication Share Reasoning

Panel A. For all participants whose own best-fit narrative differs from partner’s:

Proportion 0.500
(0.506)

0.500
(0.506)

0.667
(0.478)

T-test p-value (H0: Proportion = 0.5) 1.000 1.000 0.044∗∗

No. of observations 44 42 36

Panel B. For participants in conflicting-narrative pairs whose own best-fit narrative differs from partner’s:

Proportion 0.563
(0.512)

0.571
(0.514)

0.813
(0.403)

T-test p-value (H0: Proportion = 0.5) 0.633 0.612 0.007∗∗∗

No. of observations 18 14 16

Panel C. For all participants whose own best-fit narrative differs from pair’s:

Proportion 0.591
(0.503)

0.381
(0.498)

0.667
(0.485)

T-test p-value (H0: Proportion = 0.5) 0.406 0.286 0.163

No. of observations 22 21 18

Panel D. For participants in conflicting-narrative pairs whose own best-fit narrative differs from pair’s:

Proportion 0.750
(0.463)

0.429
(0.535)

0.875
(0.354)

T-test p-value (H0: Proportion = 0.5) 0.171 0.736 0.020∗∗

No. of observations 8 7 8

Notes: Standard deviations are shown in parentheses. ∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01.

4.2.2 Bias toward private evidence

We first explore whether participants exhibit a bias toward their personal data; that is,

whether they rely more on their private data than on their partner’s or the group’s data. A

direct way to assess this is to examine choices when a participant’s own best-fit narrative

conflicts with her partner’s. Table 2 reports the share of participants choosing their own

best-fit narrative in Stage 2, restricting attention to cases where it differs from either the

partner’s own best-fit narrative or the pair’s group best-fit narrative.

The evidence is strongest for Reasoning. When participants’ own best-fit narrative

differs from their partners’, those in Reasoning choose their own best-fit narratives 66.7%

of the time in the full sample and 81.3% of the time among conflicting-narrative pairs;

both rates are significantly above 50%. The pattern is even stronger when their own

best-fit narrative differs from the group best-fit narrative. Specifically, among conflicting-

narrative pairs, 87.5% choose the narrative best supported by their own data. This
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suggests that articulating one’s reasoning increases reliance on her private evidence.

By contrast, participants in Communication do not significantly favor their own best-

fit narrative when it differs from their partner’s. They choose their own best-fit narrative

relatively often when it differs from the group best-fit narrative, but the group data are

not directly observed in this treatment. This pattern may therefore reflect participants’

difficulty in reconstructing group-level evidence through communication alone.

The pattern in Share is different. When participants’ own best-fit narrative differs

from their partner’s, they are about equally likely to choose either narrative. When it

differs from the group best-fit narrative, the share choosing the own best-fit narrative

falls from 50% to 38.1% in the full sample and to 42.9% among conflicting-narrative

pairs. Although these estimates are not statistically significant, they suggest that direct

access to the combined data graph reduces the tendency to overweight personal evidence;

if anything, participants place relatively more weight on group evidence.

Next, we ask whether conflict in private evidence makes consensus less likely, especially

in Reasoning. Even among conflicting-narrative pairs, participants’ personal data may

support the same best-fit narrative. If Reasoning increases reliance on private evidence,

consensus should be especially difficult when participants’ own best-fit narratives point

to different directions.

Table 3 provides suggestive evidence for this. In Reasoning, conflicting-narrative pairs

reach consensus in only 37.5% of the time when their own best-fit narratives differ,

compared with 60.0% of the time when they align. This difference is not statistically

significant, likely due to the small number of conflicting-narrative pairs, but its direction

is consistent with stronger reliance on private evidence. By contrast, the same comparison

is essentially flat in Communication and Share. Thus, while personal best-fit disagreement

does not statistically explain consensus formation, the pattern suggests that private

evidence plays a larger role in Reasoning.

Result 3 (Bias toward personal or group evidence). Participants in Reasoning are more

likely to choose their own best-fit narrative when it conflicts with their partner’s or the

group’s. In Share, choices are instead better predicted by the group best-fit narrative.

These findings help rationalize the aggregate treatment effects. In Reasoning,

participants deliberate more carefully but become more anchored to the narrative

supported by their own evidence. This improves individual best-fit correctness but reduces
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Table 3: Consensus rates by alignment of own best-fit narratives

Treatment

All Communication Share Reasoning

Pairs whose own best-fit narratives differ
0.696

(0.465)
0.875

(0.342)
0.857

(0.363)
0.375

(0.500)

Pairs whose own best-fit narratives align
0.745

(0.438)
0.846

(0.368)
0.789

(0.413)
0.600

(0.498)

Mann–Whitney test (p-value) 0.872 1.000 1.000 0.556

Notes: Standard deviations are shown in parentheses. Two-sided Mann–Whitney tests are performed at

the pair level (n = 70 for All, n = 42 for Communication, n = 26 for Share, and n = 23 for Reasoning).

The sample is restricted to conflicting-narrative pairs.

consensus when the two participants’ private evidence points to different directions.

In Share, participants rely more on the combined data graph, which reduces sampling

error, but this does not translate into a statistically significant increase in true-narrative

correctness.

4.2.3 The role of stronger evidence on consensus

We now explore whether participants with stronger personal evidence — that is, those

whose data imply the stronger-fit narrative defined in Section 4.2.1 — are more likely to

persuade their partners to revise their narrative choices. Table 4 provides supporting

evidence for this. Among conflicting-narrative pairs that reach consensus, 75% of

pairs in Reasoning converge to the stronger-fit narrative, significantly above 50% at

the ten-percent level. By contrast, the corresponding shares are close to random in

Communication and Share, at 55.6% and 52.4%, respectively. Thus, the lower consensus

rate in Reasoning does not simply reflect unproductive disagreement; rather, consensus

appears to be more disciplined by the relative strength of participants’ personal evidence.

Result 4 (Effects of stronger evidence). Conditional on reaching consensus, conflicting-

narrative pairs in Reasoning are more likely to converge to the stronger-fit narrative. No

comparable pattern appears in Communication or Share.

This result refines the interpretation of the low consensus rate in Reasoning.

Prompting participants to articulate their reasoning does not simply make them more

stubborn. Instead, it appears to make them more selective: they are less likely to revise
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Table 4: Proportion of pairs reaching consensus on the stronger-fit narrative

Treatment

All Communication Share Reasoning

Proportion
0.588

(0.497)
0.556

(0.511)
0.524

(0.512)
0.750

(0.452)

T-test p-value (H0: proportion = 0.5) 0.211 0.651 0.833 0.082∗

No. of observations 51 18 21 12

Notes: Standard deviations are shown in parentheses. The sample is restricted to conflicting-

narrative pairs that reach consensus in Stage 2. ∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01.

their own best-fit narrative, but when they do reach an agreement, consensus is more

likely to favor the narrative with stronger empirical fit.

4.2.4 The role of initial disagreement on truth-finding

Finally, we examine whether initial disagreement facilitates truth-finding. Table 5 reports

the change in the share of participants choosing the true narrative from Stage 1 to Stage 2,

separately for conflicting- and same-narrative pairs.

Across all treatments, true-narrative correctness increases by 9.3 percentage points

among participants in conflicting-narrative pairs, but decreases by 3.0 percentage points

among participants in same-narrative pairs. The difference is statistically significant.

The same directional pattern appears in all three treatments, with a significant effect in

Share and a marginally significant effect in Reasoning. This suggests that disagreement

can induce additional caution and deliberation, whereas initial agreement may reduce

incentives to reconsider one’s narrative, even when it is incorrect.

Result 5 (Disagreement and revision toward the truth). Participants in conflicting-

narrative pairs are more likely to revise toward the true narrative from Stage 1 to Stage 2

than those in same-narrative pairs. This suggests that disagreement can trigger additional

deliberation.

Overall, the individual-level evidence clarifies the aggregate treatment effects in

Section 4.1. Reasoning lowers consensus because participants are more likely to stand

by the narrative supported by their private evidence; yet, it also makes agreement

more selective, such that when consensus occurs, it is more likely to favor the stronger-

fit narrative. By contrast, Share shifts attention away from personal evidence toward
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Table 5: Change in true-narrative correctness between stages

Treatment

All Communication Share Reasoning

Conflicting-narrative pairs
0.093

(0.645)
0.048

(0.661)
0.135

(0.687)
0.087

(0.590)

Same-narrative pairs
-0.030
(0.221)

-0.029
(0.239)

-0.034
(0.184)

-0.027
(0.232)

Mann–Whitney test (p-value) 0.010∗∗∗ 0.511 0.046∗∗ 0.085∗

Notes: Standard deviations are shown in parentheses. Two-sided Mann–Whitney tests are

performed at the individual level (n = 342 for All, n = 112 for Communication, n = 110

for Share, and n = 120 for Reasoning). ∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01.

the combined dataset. Finally, initial disagreement has a positive effect, as it induces

additional deliberation and improves truth-finding.

4.3 Communication content and treatment effects

The preceding subsection examined how participants revise their narrative choices given

the evidence available to them. We now turn to the content of communication. This

analysis has two goals: to document how communication differs across treatments, and

to examine whether these differences are associated with treatment effects on consensus,

narrative revision, and best-fit correctness.

The analysis is exploratory. Chat content is not randomly assigned; it is itself an

outcome of the treatment and of participants’ endogenous communication choices. The

results below should therefore not be interpreted as causal effects of specific conversational

behaviors. Instead, they identify communication features that are shifted by the treatment

and correlated with behavioral outcomes. We refer to these variables as candidate

moderators of treatment effects rather than causal mechanisms.

4.3.1 Coding communication content

Three research assistants independently coded the chat records along multiple dimensions,

as described in Appendix C.1. Table C.2 therein defines the coding variables. All variables

are binary and recorded at the participant level. When coders disagreed, the final value

was determined by majority rule.

Table 6 reports the mean of each variable in the full sample and by treatment; the
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Table 6: Summary of coding variables

Variables
Mean Kruskal-Wallis

tests (p-value)All Communication Share Reasoning

same_goal
0.395

(0.490)
0.366

(0.484)
0.327

(0.471)
0.483

(0.502)
0.041∗∗

uncertain
0.108

(0.311)
0.045

(0.207)
0.082

(0.275)
0.192

(0.395)
0.001∗∗∗

agree_owndata
0.012

(0.108)
0
(.)

0.018
(0.134)

0.017
(0.129)

0.372

diff_data
0.228

(0.420)
0.170

(0.377)
0.227

(0.421)
0.283

(0.453)
0.120

describe_data
0.491

(0.501)
0.589

(0.494)
0.209

(0.409)
0.658

(0.476)
<0.001∗∗∗

describe_method
0.716

(0.451)
0.750

(0.435)
0.591

(0.494)
0.800

(0.402)
0.001∗∗∗

describe_method1
0.336

(0.473)
0.357

(0.481)
0.318

(0.468)
0.333

(0.473)
0.826

describe_method2
0.117

(0.322)
0.098

(0.299)
0.082

(0.275)
0.167

(0.374)
0.102

describe_method3
0.365

(0.482)
0.339

(0.476)
0.291

(0.456)
0.458

(0.500)
0.025∗∗

describe_method4
0.094

(0.292)
0.089

(0.286)
0.064

(0.245)
0.125

(0.332)
0.276

ask_data
0.132

(0.339)
0.143

(0.351)
0.027

(0.164)
0.217

(0.414)
<0.001∗∗∗

ask_method
0.018

(0.131)
0.018

(0.133)
0
(.)

0.033
(0.180)

0.158

real_unexplained
0.012

(0.108)
0.018

(0.133)
0
(.)

0.017
(0.129)

0.383

real_explained
0.006

(0.076)
0.009

(0.094)
0.009

(0.095)
0
(.)

0.582

persuading
0.015

(0.120)
0.018

(0.133)
0
(.)

0.025
(0.157)

0.272

being_persuaded
0.029

(0.169)
0.054

(0.226)
0.009

(0.095)
0.025

(0.157)
0.137

state_consensus
0.708

(0.456)
0.732

(0.445)
0.745

(0.438)
0.650

(0.479)
0.223

Notes: Standard deviations are shown in parentheses. For Kruskal-Wallis tests, n = 342, ∗p <

0.1, ∗∗p < 0.05, ∗∗∗p < 0.01.
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last column reports Kruskal–Wallis tests of equality across treatments. Six variables differ

significantly across treatments. Participants in Reasoning are more likely to mention the

goal of choosing the same narrative as their partner (same_goal), express uncertainty

about their initial choice (uncertain), describe their data (describe_data), describe their

reasoning or method (describe_method and describe_method3 ), and ask about their

partner’s data (ask_data). The low rates of data description and data requests in Share

are expected, since both participants’ data graphs and the combined graph are directly

displayed. By contrast, participants in Communication and Reasoning must use chat to

transmit information about private observations.

Two patterns are especially relevant. First, Reasoning generates more explicit

discussion of both evidence and reasoning, consistent with the advice task prompting

participants to articulate how they infer a narrative from the data. Second, Share reduces

the need to describe or request data, since the relevant information is already visible

to both partners. These align with the evidence in Section 4.2: Reasoning increases

reliance on articulated private evidence, whereas Share shifts attention toward the directly

displayed group data.

A caveat is warranted: several variables are rare. In particular, ask_method, which

captures questions about the partner’s mental model, appears in only 1.8% of observations.

The two real-world-reference variables, real_unexplained and real_explained, appear in

1.2% and 0.6% of observations, respectively, and persuading occurs in 1.5%. Estimates

involving these variables may therefore be driven by a small number of conversations. We

report them for completeness, but interpret them as suggestive.

4.3.2 Identifying candidate moderators of treatment effects

To examine whether communication content is related to the treatment effects, we use a

two-step diagnostic procedure in the spirit of Braghieri et al. (2025). A communication

feature can help explain a treatment difference only if two conditions hold. The treatment

changes the frequency of that feature, and conditional on the relevant pre-communication

state, the feature predicts the behavioral outcome in the direction needed to account for

the treatment effect.

Concretely, for each pairwise treatment comparison and coding variable Ci, the

first step tests whether Ci differs across treatments. The second step asks whether
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Ci moderates the relevant behavioral transition. For consensus and narrative change,

the pre-communication state is membership in a conflicting-narrative pair. For best-

fit correctness, it is whether the participant initially fails to choose her own best-fit

narrative. The second step therefore estimates whether the association between the pre-

communication state and the outcome varies with Ci, using a specification analogous to

difference-in-differences. Appendix D.2 reports the corresponding estimates.

We classify a coding variable as a candidate moderator only if it is statistically

significant in both steps, using the five-percent level as the benchmark. This deliberately

conservative criterion excludes variables that differ across treatments but are unrelated

to behavior, as well as variables that predict behavior but are not differentially induced

by treatment. This exercise remains correlational. Even when a variable passes both

steps, the estimate may reflect omitted conversational features or unobserved participant

characteristics rather than the causal effect of that specific content.

Consensus formation. We first apply the procedure to Stage 2 consensus. The

aggregate result to be explained is that consensus among conflicting-narrative pairs

is substantially lower in Reasoning than in the other two treatments. The two-step

analysis yields a clear but limited pattern. In the comparison between Reasoning and

Communication, no coding variable passes both steps. Thus, although Reasoning lowers

consensus relative to Communication, the measured content variables do not identify a

statistically robust moderator of this difference.

In the comparison between Reasoning and Share, only two variables pass the two-step

criterion: describe_data and describe_method. Participants in Reasoning are more likely

to describe both their data and the reasoning behind their choices. These variables are

also associated with a lower probability of consensus among initially conflicting pairs.

This pattern is consistent with the view that Reasoning makes private evidence and

reasoning more explicit, but also makes narratives harder to revise when participants begin

from different conclusions. In the comparison between Communication and Share, where

aggregate consensus rates are similar, no coding variable emerges as a robust candidate

moderator.

Narrative change. The second outcome is whether participants in conflicting-narrative

pairs change their narrative choice from Stage 1 to Stage 2. This outcome is closely
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related to consensus, since most participants who change narratives in such pairs end up

agreeing with their partner. Narrative change is highest in Share (48.1%), slightly lower

in Communication (42.9%), and lowest in Reasoning (34.8%), although these aggregate

differences are not statistically significant.13

The two-step analysis again identifies a candidate moderator only in the Reasoning–

Share comparison. The variable describe_method is more common in Reasoning and is

negatively associated with narrative change. This reinforces the consensus results, as

describing one’s method may make the participant’s own narrative more coherent and

defensible, but it is also associated with a lower willingness to abandon that narrative.

No variable passes the criterion in other pairwise comparisons.

Choosing the best-fit narrative. The third outcome is whether participants who

initially fail to choose their own best-fit narrative switch to it in Stage 2. This outcome

relates to the aggregate finding that Reasoning improves best-fit correctness relative to

both Communication and Share.

The clearest candidate moderator that appears in the Reasoning–Share comparison

is ask_method. Participants in Reasoning are more likely to ask about the reasoning

or method behind their partner’s choice, and this variable is positively associated with

switching to one’s own best-fit narrative. This is consistent with the idea that the advice

task not only makes participants articulate their own reasoning, but also makes them

more attentive to their partner’s reasoning process. Asking about methods may thus help

participants update not only their conclusion, but also how they evaluate their data.

This result should be interpreted cautiously. The base rate of ask_method is very

low, and the variable is absent in Share. The estimate may therefore be driven by a

small number of conversations in which participants explicitly ask about reasoning. We

view this result as suggestive evidence that asking about mental models is associated with

better best-fit choices. No robust candidate moderator is identified in other treatment

comparisons.

Result 6 (Communication-content moderators). The chat-content analysis provides

suggestive evidence that treatment effects are related to how participants discuss data and
13Two-sided Mann–Whitney tests: Communication vs. Share, p = 0.767, Communication vs.

Reasoning, p = 0.577, and Reasoning vs. Share, p = 0.260.
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reasoning. Relative to Share, participants in Reasoning more often describe their own data

and reasoning; these variables are associated with lower consensus and lower narrative

change. Participants in Reasoning are also more likely to ask about their partner’s method,

which is associated with switching to the best-fit narrative.

Overall, the evidence on the content of the communication complements the individual-

level analysis in Section 4.2. Reasoning changes the nature of communication by making

participants more likely to articulate their data and reasoning. This helps explain why the

treatment improves best-fit correctness but reduces consensus among initially conflicting

pairs. Making reasoning explicit can improve evidence evaluation, but it can also make

initial narratives more resistant to revision. By contrast, Share reduces the need to

exchange data verbally, and the content analysis provides little evidence that verbal

communication in this treatment plays an independent role in improving consensus or

correctness.

4.4 Individual traits, data primitives, and narrative choices

The previous subsections examined treatment effects and the behavioral mechanisms that

appear to generate them. We now ask a complementary question: which individual

characteristics and data-environment primitives predict narrative choices and consensus

formation? This exercise serves two purposes. First, it clarifies whether the main

treatment effects are partially driven by particular demographic or cognitive groups.

Second, it separates the role of communication from the role of the data environment

itself, as some participants receive data graphs that make one narrative easier to identify,

while others face more ambiguous evidence.

We focus on variables determined before Stage 2 communication. Table C.3 in

Appendix C.2 presents their definitions and summary statistics. Individual characteristics

include gender, age, theory-of-mind ability, and cognitive ability. Data-environment

primitives include the true data-generating process and measures of how clearly the

observed data distinguish the two narratives. In particular, data_own_SSEgap is

the absolute difference between the SSE values of the two narratives evaluated on a

participant’s own data; larger values indicate that the participant’s data more clearly favor

one narrative. Similarly, data_pair_SSEgap measures the corresponding SSE difference

using pair-level data. To capture pair-level disagreement in the data environment, we use
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data_diff_bestfit, a binary indicator that equals one if the two matched participants’ data

imply different best-fit narratives and equals zero otherwise.

4.4.1 Gender and narrative selection

We begin with gender effects. Figure 6 reports the proportion of participants choosing

Narrative 1 by gender and by stage. In Stage 1, 37% of female participants and 38% of

male participants choose Narrative 1. In Stage 2, the corresponding rates are 38% and

34%, respectively. Neither difference is statistically significant (two-sided Mann–Whitney

tests, p = 0.841 in Stage 1 and p = 0.501 in Stage 2). Thus, gender does not predict

narrative choice.

Figure 6: Proportions of participants selecting Narrative 1 by gender and by stage

This null result is important because the experiment concerns the gender wage gap.

We find no evidence that male and female participants systematically favor different

narratives. Both groups choose Narrative 1 less than half of the time in both stages. This

pattern may reflect either greater prior plausibility of Narrative 2 or that Narrative 2

is easier to infer from the generated data; our design cannot distinguish between these

explanations. The share choosing Narrative 1 also does not differ significantly by gender

within any treatment (two-sided Mann–Whitney tests, p = 1.000 in Communication,

p = 0.974 in Share, and p = 0.724 in Reasoning). Hence, gender differences do not

explain the observed treatment effects.
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Table 7: Determinants of choosing the true or best-fit narrative in Stage 1

(1) (2)
True narrative Own best-fit narrative

Theory-of-Mind Ability 0.007 0.010∗

(0.005) (0.005)
Cognitive Ability -0.022 0.015

(0.021) (0.022)
Male 0.037 0.080

(0.059) (0.061)
Age 0.014 0.042∗∗∗

(0.013) (0.013)
Narrative 2 is true 0.307∗∗∗ 0.124∗∗

(0.050) (0.052)
data_own_SSEgap 1.544∗∗∗ 1.235∗∗

(0.558) (0.578)
Constant 0.168 -0.499∗

(0.285) (0.295)

No. of observations 342 342

Notes: Standard errors are shown in parentheses. ∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗

p < 0.01.

4.4.2 Stage 1 correctness: individual traits versus data clarity

Table 7 reports linear probability model regressions on Stage 1 choices, before participants

communicate with their partners. Column (1) uses true-narrative correctness as the

dependent variable, equal to one if the participant chooses the underlying true narrative.

Column (2) uses best-fit correctness, equal to one if the participant chooses the narrative

that best fits her own personal data. The specification includes individual traits, an

indicator for Narrative 2 being true, and the clarity of personal data.

The strongest predictors are data-environment variables. A larger data_own_SSEgap

significantly increases both true-narrative and own-best-fit correctness. When a partic-

ipant’s data more clearly favor one narrative, she is more likely to choose the correct

or best-fitting narrative. The indicator for Narrative 2 being true is also positive and

significant in both columns. This mirrors the aggregate pattern in Figure 6, where

participants choose Narrative 1 less often overall and are therefore more likely to be correct

when Narrative 2 is true. This coefficient should not be interpreted as pure preference for

Narrative 2, since it may also reflect differences in the statistical identifiability of the two

narratives.

By contrast, individual traits have limited explanatory power. Gender and cognitive
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Table 8: Determinants of consensus formation for conflicting-narrative pairs

(1) (2) (3) (4) (5) (6) (7) (8)
All Communication Share Reasoning All Communication Share Reasoning

Theory-of-Mind Ability 0.001 0.019∗ -0.008 0.000 0.002 0.024∗∗ -0.006 -0.002
(0.007) (0.011) (0.010) (0.019) (0.007) (0.010) (0.011) (0.019)

Cognitive Ability -0.017 0.018 -0.012 -0.028 -0.016 0.029 0.003 -0.018
(0.034) (0.042) (0.040) (0.062) (0.035) (0.042) (0.040) (0.057)

Male 0.004 -0.088 -0.016 0.041 0.023 0.076 0.006 -0.035
(0.082) (0.120) (0.103) (0.241) (0.084) (0.145) (0.101) (0.260)

Age 0.017 0.001 -0.010 0.021 0.019 0.012 -0.003 0.021
(0.021) (0.015) (0.029) (0.047) (0.021) (0.018) (0.029) (0.041)

data_diff_bestfit -0.067 0.026 0.076 -0.226 -0.067 -0.053 0.105 -0.239
(0.123) (0.162) (0.170) (0.221) (0.123) (0.154) (0.156) (0.211)

belief_diff_gender -0.063 -0.347∗ -0.154∗ 0.237
(0.089) (0.188) (0.082) (0.176)

Constant 0.453 0.612 1.113∗ 0.269 0.426 0.373 0.951 0.187
(0.429) (0.420) (0.541) (1.053) (0.445) (0.475) (0.557) (0.914)

No. of observations 140 42 52 46 140 42 52 46

Notes: Standard errors in parentheses are clustered at the pair level. ∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01.

ability are insignificant in both columns. Theory-of-mind ability is marginally associated

with own best-fit narrative, while age is positively associated with it. Overall, Stage 1

accuracy is driven more by the informativeness of participant’s data graph than by

demographic or cognitive characteristics.

4.4.3 Consensus among conflicting-narrative pairs

We next examine predictors of consensus among participants who initially choose different

narratives. Table 8 reports linear probability models for the full sample and separately

by treatment. The dependent variable equals one if a participant in a conflicting-

narrative pair chooses the same narrative as her partner in Stage 2. Columns (1)–(4)

include individual traits and an indicator for whether the two matched participants have

different own best-fit narratives, data_diff_bestfit. Columns (5)–(8) additionally include

belief_diff_gender, an indicator for whether the participant believes her partner is of a

different gender.14

Columns (1)–(4) and Columns (5)–(8) show similar significance patterns, so we

focus on Columns (1)–(4). In the pooled specification, no variable significantly predicts

consensus, consistent with the aggregate evidence that convergence is driven more by the

treatment environment than by stable individual traits.
14Because beliefs about the partner’s gender may be influenced by individual traits, we include this

variable separately to avoid bad-control problems.

36



The treatment-specific estimates are more heterogeneous. Theory-of-mind ability is

positively associated with consensus only in Communication. This is plausible because

when participants lack direct access to their partner’s data, unlike in Share, and have no

prior reasoning task, unlike in Reasoning, the ability to infer another person’s perspective

may facilitate agreement.

The coefficients on data_diff_bestfit are insignificant in all specifications. Thus,

conditioning on being in a conflicting-narrative pair, the fact that participants’ personal

data favor different narratives does not significantly predict consensus. This reinforces

the evidence in Section 4.2.2, indicating that disagreement in personal best-fit narratives

is not, by itself, a strong predictor for consensus failure.

Finally, the coefficients on belief_diff_gender are weakly negative in Communication

and Share, suggesting that participants who believe their partner has a different gender

are slightly less likely to reach consensus. This pattern does not appear in Reasoning,

where choices rely more heavily on deliberative reasoning.

4.4.4 Stage 2 true-narrative correctness

Table 9 reports linear probability models for true-narrative correctness in Stage 2, for

the full sample and by treatment. The dependent variable equals one if the participant

chooses the true narrative after communication. Columns (1)–(4) include individual

traits, the clarity of personal and pair data, and an indicator for Narrative 2 being true.

Columns (5)–(8) additionally include variables potentially shaped by individual traits and

data primitives, such as failing to choose the true narrative in Stage 1 (wrongS1 ), being

in a conflicting-narrative pair (conflicting), and their interaction.

Columns (1)–(4) show limited effects of individual traits. Theory-of-mind ability is

weakly positively associated with Stage 2 true-narrative correctness only in the Reasoning,

while cognitive ability is negatively associated with correctness in the pooled and

Communication specifications. Among data primitives, personal data clarity no longer

predicts correctness after communication. Pair-level data clarity is weakly positive in the

pooled and Reasoning specifications, suggesting higher correctness when the combined

data more clearly favors one narrative, but this pattern does not appear in Share.

Correctness remains significantly higher when Narrative 2 is true, consistent with stage 1

results. This effect disappears in Columns (5)–(8) after controlling for wrongS1, suggesting
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Table 9: Determinants of choosing the true narrative in Stage 2

(1) (2) (3) (4) (5) (6) (7) (8)
All Communication Share Reasoning All Communication Share Reasoning

Theory-of-Mind Ability 0.007 -0.003 0.012 0.016∗ 0.008∗ 0.007 0.006 0.013∗

(0.005) (0.009) (0.009) (0.009) (0.004) (0.008) (0.008) (0.007)
Cognitive Ability -0.055∗∗∗ -0.089∗∗∗ -0.041 -0.023 -0.047∗∗∗ -0.070∗∗∗ -0.069∗∗ -0.004

(0.019) (0.033) (0.034) (0.037) (0.017) (0.024) (0.031) (0.036)
Male 0.046 -0.007 0.012 0.121 0.020 -0.051 0.019 0.098

(0.057) (0.115) (0.095) (0.103) (0.048) (0.083) (0.089) (0.076)
Age 0.001 0.003 -0.003 0.013 -0.005 -0.014 0.013 -0.008

(0.014) (0.024) (0.019) (0.031) (0.011) (0.018) (0.016) (0.021)
data_pair_SSEgap 1.031∗ 0.307 1.116 1.954∗ 0.201 -0.203 0.334 0.746

(0.587) (1.110) (0.833) (1.033) (0.416) (0.745) (0.670) (0.877)
data_own_SSEgap -0.260 -0.070 -0.176 -0.372 -0.513 -0.452 -0.921 -0.528

(0.568) (0.908) (0.874) (1.005) (0.315) (0.444) (0.725) (0.846)
Narrative 2 is true 0.313∗∗∗ 0.275∗∗ 0.379∗∗∗ 0.262∗∗ 0.042 -0.051 0.099 -0.024

(0.064) (0.128) (0.121) (0.113) (0.054) (0.112) (0.112) (0.087)
wrongS1 -0.879∗∗∗ -0.908∗∗∗ -0.909∗∗∗ -0.885∗∗∗

(0.050) (0.094) (0.105) (0.090)
conflicting -0.261∗∗∗ -0.321∗∗ -0.280∗∗∗ -0.202∗

(0.059) (0.121) (0.092) (0.111)
wrongS1×conflicting 0.737∗∗∗ 0.763∗∗∗ 0.885∗∗∗ 0.604∗∗∗

(0.076) (0.131) (0.122) (0.162)
Constant 0.589∗∗ 0.816 0.552 0.043 1.141∗∗∗ 1.488∗∗∗ 0.872∗∗ 0.968∗∗

(0.297) (0.504) (0.414) (0.632) (0.219) (0.359) (0.349) (0.463)

N 342 112 110 120 342 112 110 120

Notes: Standard errors in parentheses are clustered at the pair level. ∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01.

that it operates largely through Stage 1 correctness.15

Columns (5)–(8) show that Stage 2 correctness is shaped more by prior choices and

disagreement than by data clarity itself. The large negative coefficient on wrongS1 reflects

persistence in incorrect choices: participants who choose the wrong narrative in Stage 1

are less likely to choose the true narrative in Stage 2. More importantly, the interaction

wrongS1×conflicting is large, positive, and significant in all treatments. This reproduces

the pattern in Section 4.2.4, that is, participants who initially choose incorrectly are more

likely to correct their choice when they learn that their partner initially chose a different

narrative. Initial disagreement appears to trigger reconsideration.

Result 7 (Individual traits and data-environment primitives). Demographic and cognitive
15Because the true narrative was randomly assigned at the matching-group level, Narrative 2 is not

perfectly balanced across treatments: it is true for 31% of participants in Communication, 58% in

Share, and 53% in Reasoning. Since Narrative 2 is associated with higher correctness, this imbalance

may understate Stage 1 correctness in Communication. However, Stage 1 outcomes are similar across

treatments: true-narrative correctness is 0.634, 0.691, and 0.675, and own best-fit correctness is 0.616,

0.645, and 0.708 in Communication, Share, and Reasoning, respectively. None of the pairwise differences

is statistically significant. Thus, the imbalance is unlikely to drive Stage 2 treatment differences.
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variables play at most a limited role in explaining narrative choices. By contrast, data-

environment primitives are more predictive. Participants are more likely to choose the

true or best-fit narrative when their own data more clearly distinguish between the two

narratives, and when Narrative 2 is the true narrative.

In summary, we find that individual accuracy is driven primarily by the difficulty of

the inference problem rather than by demographic or cognitive characteristics. Gender is

not systematically related to narrative choice, and theory-of-mind and cognitive ability

are not robust predictors of Stage 1 true-narrative correctness. The treatment effects

documented above should therefore be interpreted as changes in how participants process

and communicate evidence, rather than as consequences of demographic composition.

5 Conclusion

Disagreement over facts often persists even when people share a common objective and

face a common underlying truth. This paper studies the extent to which free-form

interpersonal communication can address such disagreement. In a controlled experiment

on narratives about the sources of gender wage gaps, participants observe limited private

data, choose between two competing narratives, communicate with a partner, and then

choose again. This design allows us to distinguish two functions of communication that

are often intertwined in practice, sharing private evidence and conveying how the evidence

should be interpreted.

The results show that communication is effective at producing agreement, but

agreement is not equivalent to truth-finding. Under free-form communication, initially

conflicting pairs often converge on a common narrative, yet this convergence does not

significantly increase the probability of choosing either the true underlying narrative or

the narrative best supported by the available data. Direct data sharing helps participants

use combined evidence more effectively, but does not ensure convergence to the true

narrative. By contrast, prompting participants to articulate their reasoning increases the

likelihood of choosing the best-fitting narrative, while reducing consensus among pairs

who initially disagree. The central lesson is a trade-off, as communication protocols that

discipline reasoning may also make narratives harder to revise.

These findings have broader implications for understanding real-world disagreement.
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In many policy and social debates, disagreement persists not only because people

hold different information, but also because they organize and interpret information

through different mental models. Simply bringing people into conversation may generate

superficial consensus without improving the quality of inference. Conversely, encouraging

people to make their reasoning explicit may improve evidence-based judgment, but it

can also make disagreement more persistent when private evidence supports different

conclusions. For policy communication, deliberative forums, and online discussion design,

the relevant question is therefore not only whether people communicate, but which

dimension of communication improves, such as access to data, articulation of reasoning,

or willingness to revise.

Several limitations suggest useful directions for future research. Our experiment

studies a stylized binary narrative environment with aligned incentives, a common-value

true state, and short-run communication between pairs. Real-world disagreements often

involve richer narrative spaces, endogenous narrative construction, strategic motives,

identity concerns, and repeated interactions. Future work could examine whether the

same trade-off appears when narratives are not fixed in advance, when participants have

expressive or reputational incentives, or when communication takes place in larger groups.
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Appendix A Data generating process

This appendix describes how we construct the two data pools used in the experiment.

Each pool corresponds to one possible true narrative about the gender wage gap. The

calibration follows the Oaxaca–Blinder decomposition estimates reported by Zhang et al.

(2023) and Ma (2022).

The Oaxaca–Blinder decomposition separates the observed average wage gap into

an explained component, due to group differences in productivity-related characteristics,

and an unexplained component, often interpreted as the residual gap that remains after

conditioning on those characteristics. Let Gi ∈ {0, 1} indicate whether worker i is male,

let Xi denote productivity, and let Yi denote wage. In our experimental setting, the the

data generating process is given by16

Yi = α + βXi + γGi + εi, (A.1)

where εi is an idiosyncratic noise term with mean zero and is orthogonal to Gi and Xi.

Let µM = E[Xi|Gi = 1] and µF = E[Xi|Gi = 0] be the mean productivities of male and

female workers, respectively. Then, by (A.1), the gender wage gap can be decomposed as

∆Y = E[Yi | Gi = 1]− E[Yi | Gi = 0] = β(µM − µF )︸ ︷︷ ︸
explained

+ γ︸︷︷︸
unexplained

. (A.2)

The explained component comes from gender differences in productivity, while the

unexplained component is the same-productivity male wage premium. By (A.2), the

share of unexplained component in observed gender wage gap thus equals u = γ/∆Y .

Following Zhang et al. (2023), we fix the average male productivity at µM = 4.544,

and set the average wages to ȲM = 3.144 for males and ȲF = 2.892 for females. The

gender wage gap is then fixed at ∆Y = 0.252. The two narratives differ only in the share

of this gap attributed to the unexplained component. Narrative 1 uses u1 = 0.9472 from

Zhang et al. (2023); Narrative 2 uses u2 = 0.512 from Ma (2022). Therefore, under each

narrative k ∈ {1, 2}, the implied male premium is γk = uk∆Y and the average gender

productivity gap is µM − µF,k = (1 − uk)∆Y . Finally, the intercept coefficient in (A.1)

is set to match the average male wage; that is, YM = αk + δk + µk for each narrative k.

Equivalently, this implies αk = ȲM − µM − γk = −1.4− γk for each narrative k ∈ {1, 2}.
16In the empirical framework of Zhang et al. (2023) and Ma (2022), the dependent variable Yi is the

logarithm of wage, and they allow for multiple observable productivity-related characteristics. To simplify

our experiment, we directly interpret Yi as wage and consider only a single productivity index Xi.
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Figure A.1: Datasets

For each narrative k ∈ {1, 2}, we simulate a pool of 1,000 independent observations.

For each observation i, gender is drawn as Gi ∼ Bernoulli(1/2), productivity is drawn

from Xi | Gi = 1 ∼ N(µM , 0.122) for male workers and Xi | Gi = 0 ∼ N(µF,k, 0.12
2)

for female workers. Finally, we set β = 1 and generate each idiosyncratic error term by

εi ∈ N(0, 0.152). Then, by (A.1), each worker i’s wage is Yi = αk +Xi + γkGi + εi. This

construction gives the same average gender wage gap, 0.252, under both narratives.

The two resulting data pools are shown in Figure A.1. The horizontal axis in the graph

is productivity Xi, and the vertical axis is wage Yi. In the experiment, when Narrative k

is selected as the true narrative, each participant’s personal data graph is generated by

sampling 20 observations from the corresponding pool.
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Appendix B Experimental instructions

Please note that the original instruction was in Chinese, and what follows is an English

translation. Instructions that apply to all treatments are shown in regular font. Paragraphs

and sections specific to each treatment are presented in italics, with treatment names shown

in parentheses.

B.1 Welcome

Welcome to this decision-making experiment! Please read the following instructions

carefully. During the experiment, please stay quiet and avoid talking to others. If you

have any questions, raise your hand, and an experimenter will assist you privately. This

experiment will take approximately 60 minutes.

You will participate in the experiment with other participants, each seated at a

separate computer. You will not be able to know others’ identities. This experiment is

anonymous. Neither the experimenters nor the other participants can link your decisions

to your desk number or your identity.

Your earnings in the experiment will be calculated in Chinese yuan. In

addition, you will receive a show-up fee of 20 yuan for participating, which will be added

to your total earnings. Your payment will be given privately at the end of the experiment.

(Communication & Share) The experiment consists of two stages. First, you will

carefully read the instructions for the first stage. After reading, you will need to correctly

answer a set of questions to ensure you understand the experiment and then make your

decisions. Once you complete your decisions for the first stage, you will proceed to read the

instructions for the second stage, answer another set of understanding questions, and then

make your decisions. At the end of the experiment, the computer will randomly

select one of the two stages with equal probability to determine your total

earnings. The earnings from the non-selected stage will not be included in

your total earnings.

(Reasoning) The experiment consists of three stages. In each stage, you will first

carefully read the instructions for that stage. After reading, you will need to correctly

answer a set of questions to ensure you understand the experiment and then make you

decisions. Your earnings in the experiment will be distributed in two parts: (1) Earnings
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from the first and third stages will be paid immediately after the experiment.

At the end of the experiment, the computer will randomly select either the

first or the third stage with equal probability to determine your total earnings.

The earnings from the non-selected stage will not be included in your total

earnings. (2) Earnings from the second stage will be paid through Ancademy

2 to 4 weeks after the experiment. A detailed explanation about this process

will be provided in the second-stage instructions.

B.2 Stage 1: Inferring the causes of the gender wage gap

B.2.1 Experimental background

Statistical data shows that, in today’s labor markets, the average wage of women is

generally lower than that of men. For example, in 2023, the average monthly salary of

male workers was 9942 yuan, while the average monthly salary of female workers was 8689

yuan, which is 1253 yuan, or 12.6%, lower than that of male workers.

What causes the average wage of men to be higher than that of women? Research

indicates that, in Chinese society, the gender wage gap can generally be attributed to two

main factors. The first is productivity differences, meaning that men tend to have higher

productivity levels than women. The second includes factors that cannot be explained

by productivity differences. For example, even when a male worker and a female worker

have the same level of productivity, the male worker may still earn higher wages than the

female worker. More specifically, the gender wage gap can be divided into two components

based on its sources:

(1) Factors of productivity differences: The productivity level, also known as labor

endowment, is a comprehensive indicator that measures all observable characteristics

related to an individual’s productivity, including but not limited to education, work

experience, working hours, family background, marital and childbearing status,

age, political affiliation, and household registration. Generally, individuals with

higher productivity tend to earn higher wages. For example, individuals with

higher education typically receive higher wages, and similarly, those with more work

experience also tend to earn higher wages. Therefore, if, on average, men have higher

productivity levels than women, the average wage of men will be higher than that
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of women. In this case, if productivity differences between men and women indeed

exist, these factors can partly or fully explain the gender wage gap. We refer to the

portion of the gender wage gap that can be explained by productivity differences as

the “explained component” .

(2) Factors unexplained by productivity differences: Generally, productivity

differences alone cannot fully explain the gender wage gap. In addition to the

“explained component,” there remains a portion of the gender wage gap that cannot

be explained by productivity differences. Specifically, even when a man and a woman

have the same level of productivity, the man may still earn a higher wage than the

woman due to other factors. We refer to the portion of the gender wage gap that

cannot be explained by observable productivity differences as the “unexplained

component” .

In summary, the gender wage gap = “explained component” + “unexplained component”.

In reality, what proportion of the gender wage gap can be attributed to the “explained

component” (i.e., observable productivity differences between the genders) and what

proportion can be attributed to the “unexplained component” (i.e., even when productivity

levels are the same, men still earn higher wages than women)?

There are numerous academic studies that address this question. In today’s

experiment, we select two representative studies, referred to as Study A and Study

B. Both studies analyze real wage data of male and female workers in China from recent

years, using similar research methods to draw conclusion about the proportion of the

“explained component”. However, due to differences in the data collection and analysis

approaches, Study A and Study B reach different conclusions, as outlined below:

• Study A finds that less than 10% of the gender wage gap is attributed

to the “explained component”, while more than 90% is attributed to the

“unexplained component”.

The conclusion of Study A reveals that, in practice, the observable productivity

difference between men and women are minimal, indicating that the gender wage gap

cannot be attributed to productivity differences. In other words, even though men and

women have nearly identical productivity levels on average, men still earn higher wages
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than women. Therefore, the primary cause of the gender wage gap is the “unexplained

component”.

• Study B finds that “explained component” and “unexplained component”

each account for approximately 50% of the gender wage gap.

The conclusion of Study B reveals that, in practice, men’s average productivity level

is significantly higher than that of women, which partly contributes to the higher average

wages of men compared to women. At the same time, there also exist the unexplained

component, meaning that, even with the same level of productivity, men still earn higher

wages than women on average. This further contributes to men’s higher average wages.

Therefore, both the “explained component” and the “unexplained component” together

cause the gender wage gap, each accounting for approximately 50%.

B.2.2 Experimental procedure

In today’s experiment, you will see data of 20 workers, including their productivity levels

and wages. You will need to infer the proportion of the “explained component”

and the “unexplained component” in the gender wage gap based on the data

you observe from these 20 workers.

In today’s experimental setting, all data you observe are generated by computer based

on the conclusions from either Study A or Study B. The detailed data generation process

is as follows:

• Before the experiment begins, the computer program will randomly select either

Study A or Study B, with each having a 50% probability of being selected. The

computer program will then set the proportion of the “explained component” and

the “unexplained component” according to the selected study. Specifically, for the

data generated by the computer, if Study A is selected, the “explained component”

will account for less than 10%; if Study B is selected, the “explained component”

will account for approximately 50%.

• Next, the computer program will generate data for 20 workers based on the

proportions of the “explained component” and the “unexplained component”. The

data will include each worker’s gender, productivity level, and wage. Specifically:
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(1) Each worker’s gender is randomly and independently assigned by the computer

program, with a 50% probability of being male or female.

(2) Each worker’s productivity level and wage are also generated by the computer

program, with the generation process being independent across workers. For

both male and female workers, there is a positive relationship between wage and

productivity level: as the productivity level increases, the average wage for that

productivity level increases accordingly, and each worker’s wage will fluctuate

around the average. Additionally, for every unit increase in the productivity

level, the increase in the average wage is the same for both male and female

workers.

(3) Given the same productivity level, the wage gap between male and female

workers depends on the proportion of the “unexplained component” selected.

For any given productivity level, if the proportion of the “unexplained

component” is higher, male workers’ average wage will be higher compared

to that of female workers; conversely, if the proportion of the “unexplained

component” is lower, average wages of male and female workers will be closer.

(4) The productivity differences between male and female workers depend on the

proportion of the “explained component.” If the proportion of the “explained

component” is higher, male workers’ average productivity level will be higher

than that of female workers. Conversely, if the proportion of the “explained

component” is lower, the difference in the average productivity levels between

two genders will be smaller, and the difference in the average wage between

two genders at the same productivity level will be larger.

Note that the sum of the proportions of the “explained component” and the

“unexplained component” must equal 100%. Therefore, if the proportion of the “explained

component” increases, then the proportion of the “unexplained component” must decrease,

and vice versa.

The following graph shows an example of the data you will observe, where each points

represents a worker. Female workers are indicated by red points and male workers are

indicated by blue points. The horizontal coordinate represents each worker’s productivity

level, and the vertical coordinate represents their wage. The wage is expressed as the
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logarithmic (log) value of the worker’s hourly wage. Although the units of the productivity

has no specific meaning, a higher number indicates a higher productivity level. The

average wages for male and female workers in this example of 20 data points are displayed

in parentheses on the right side of the graph. For example, in the example graph, the

numbers in parentheses show that the average wage for male workers is 3.058, while the

average wage for female workers is 2.732, indicating that male workers indeed have a

higher average wage than female workers.

In the experiment, your task is to observe your 20 data points and infer the proportions

of the “explained component” and the “unexplained component” that you think are

reflected in the data. Based on this, you will determine whether the data aligns more

closely with Study A or Study B. Note that since the data is generated according to

either Study A or Study B, the proportions you infer must be consistent with conclusions

of one of two studies.

Your earnings in this stage depend on whether you correctly infer the proportions of

the “explained component” and the “unexplained component”, or, equally, whether you

correctly choose the conclusions of Study A or Study B. If your choice is correct, you will

earn 40 yuan; if your choice is wrong, you will earn zero.

B.2.3 Control questions of Stage 1

(i) If the proportion of the “explained component” is 10%, what is the proportion of the

“unexplained component”? (a) 10% ; (b) 50% ; (c) 90% ; (d) Cannot be determined;

(ii) If the proportion of the “unexplained component” increases, for male and female

workers having the same productivity level, the difference in their average wages

will be: (a) larger ; (b) smaller ; (c) the same ; (d) cannot be determined;

(ii) Given the gender wage gap, if the difference in the average productivity levels

between two genders increases, the proportion of the “unexplained component” will

be: (a) larger ; (b) smaller ; (c) the same ; (d) cannot be determined.
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B.3 (Reasoning) Stage 2: Providing advice for future experiment

participants

In this stage, your task is to write advice on how to make decisions in Stage 1 for

participants who will participate in a future experiment. Specifically, you need to help

a future participant decide between Study A and Study B based on their data graph.

The procedure of the future experiment is as follows: The experimenter will recruit new

experimental participants at another university within the next two to three weeks. They

will face the same decision as you did in Stage 1, where they will observe 20 data points

and decide between Study A and Study B. However, before making their decision,

each future participant will see three pieces of advice written by participants

in the current experiment and will be asked to choose the one they find “most

helpful". Specifically, a future participant, who is randomly selected by the computer, will

see your advice along with the advice from two other participants in the current experiment

(making a total of three pieces of advice). The order in which the advice is presented will

be random. All advice is anonymous, so the future participants will not know the identity

of the advice providers.

Note that for the future participants who will see your advice, the study selected by

the computer will be the same as yours (i.e., either Study A or Study B for both of you).

However, the 20 data points they will observe are randomly generated by the computer

based on the selected study, so it is highly likely that their data will differ from yours.

If your advice is selected as the “most helpful”, you will earn 20 yuan; if it is not

selected, you will earn zero. Your advice will be seen by only one future participant, so

you will either earn 20 yuan or zero for this stage. Your earnings for this stage will be

transferred to your Ancademy account within two to four weeks after the future participants

have completed their experiment. Note that Ancademy will only use your student ID to

distribute earnings. The platform and experimenters will not use or disclose your personal

information to any third parties.

B.3.1 Control questions of Stage 2

(i) Which of the following statements is correct? The studies selected by the computer

for the future participant and me: (a) must be the same; (b) must be different; (c)

might be the same or different;
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(ii) Which of the following statements is correct? (a) The 20 data points observed by

the future participant are exactly the same as mine; (b) The 20 data points observed

by the future participant and me are generated independently by the computer.

B.4 Stage 3: Random matching and free discussion

In the previous stage, you and the other participants in the room have followed the same

experimental process and inferred the proportions of the “explained component” and the

“unexplained component”. In this stage, you will be randomly matched with one

of the other participants in the room. The matching is anonymous, and neither you

nor your matched partner will be able to identify each other.

In this stage, you and your partner can freely discuss the proportions of the “explained

component” and the “unexplained component”. The discussion will last for a maximum

of 15 minutes. If both of you feel that the discussion is sufficient, you can choose to end

it earlier. During the discussion, do not mention any personal identity information or use

inappropriate language.

(Share) During the discussion, both of you and your partner will be able to

view the 20 data points each of you observed in the previous stage.

After the discussion, you will need to determine whether the data aligns with the

conclusions of Study A or Study B again, which involves inferring the proportions of the

“explained component” and the “unexplained component”.

Note that the study selected by the computer, either Study A or Study B,

will remain the same throughout all stages of the experiment, and will be the

same for both of you and your matched partner. However, since each participant’s

20 data points observed in the experiment are randomly generated by the computer based

on the selected study, and the data generation process is independent across participants,

the 20 data points you and your partner have observed may differ.

(Share) During the free discussion, you will view three data graphs: one

displaying the 20 data points you observed in the previous stage; another

displaying the 20 data points your partner observed in the previous stage;

and a third is a combination of both you and your partner’s data, consisting

of 40 data points. In addition, you will also be informed of the study choices

made by you and your partner in the previous stage. Your partner will also

53



see the same information as you.

(Communication & Reasoning) During the free discussion, you will be able to

review the data you observed in the previous stage. In addition, you will also

be informed of the study choices made by you and your partner in the previous

stage.

The remaining time for the free discussion will be displayed in the upper right corner

of the screen. If both of you wish to end the discussion earlier, you and your partner

must click the "End Early" button. Only when both of you click this button will the free

discussion end early. If at least one of you does not click the "End Early" button, the

discussion will continue and automatically end after 15 minutes.

Your earning in this stage will be determined in the same way as in Stage 1. If your

choice of Study A or Study B is correct, you will earn 40 yuan; if your choice is wrong,

you will earn zero.

B.4.1 Control questions of Stage 2

(i) Which of the following statements is correct? For me and my matched partner, the

study selected by the computer (either Study A or Study B): (a) might be the same;

(b) must be the same; (c) must be different;

(ii) Which of the following statements is correct? The study selected by the computer

(either Study A or Study B) in Stage 2: (a) must be the same as in Stage 1; (b)

must be different from in Stage 1; (c) might be the same as in Stage 1;

(iii) Which of the following statements is correct? (a) The 20 data points observed by

my partner in Stage 1 are exactly the same as mine; (b) The 20 data points observed

by my partner and me in Stage 1 are generated independently by the computer.
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B.5 Experimental screenshots

Figure B.1: Screenshot of the first-stage decision

Figure B.2: Screenshot of the second-stage communication in the Communication (and

Reasoning) treatment
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Figure B.3: Screenshot of the second-stage communication in the Share treatment

Figure B.4: Screenshot of the advice-writing stage in the Reasoning treatment

B.6 Elicitation of theory of mind and cognitive ability

In this section, we explain how we elicit the theory of mind and cognitive ability in the

experiment. Note that the material below is not limited to the instructions shown directly

to participants, although it includes those instructions.
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To elicit theory of mind (ToM), we use the adult version of the Reading the Mind

in the Eyes Test developed by Baron-Cohen et al. (2001). The original test contains

36 photographs of eyes; due to time constraints, we administered 18 photographs

corresponding to the first half of the original test. For each photograph, participants

selected one of four words that best described the depicted mental state. One practice

question is provided before the test began. The test is limited to six minutes, and

participants earned 0.5 CNY for each correct answer. Figure B.5 presents an example

of the theory-of-mind test.

Figure B.5: A theory-of-mind test in the experiment (Note: The four response options

are “joking", “flustered", “desire", and “convinced".)

We measure cognitive ability using two complementary tasks. First, participants

complete three items from the Advanced Raven’s Progressive Matrices, which measure

abstract reasoning ability. Second, they answer three questions from the Cognitive

Reflection Test of Thomson and Oppenheimer (2016), which measures the tendency to

override intuitive but incorrect responses. The cognitive ability test is limited to six

minutes, and participants earned 1 CNY for each correct answer. The Cognitive Reflection

Test is presented below.

1. In a race, if you overtake the runner in the 2nd position, what position are you at?:

(a) 1st; (b) 2nd; (c) 3rd; (d) 4th;

2. A farmer had 15 sheep, and all but 8 died. How many are left?: (a) 0; (b) 7; (c) 8;

(d) 10;

3. How many cubic meters of dirt are there in a hole that is 3-meter deep, 3-meter

wide, and 3-meter long?: (a) 0; (b) 3; (c) 9; (d) 27;
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Appendix C Descriptions and summaries of variables

C.1 Descriptions of coding variables

Three research assistants independently coded the chat records using the rules summarized

in Table C.1. For each pair of participants, coders first read the entire conversation and

then coded each participant separately. They were instructed that only Describing Method

allowed multiple selections, since participants could mention multiple methods; all other

variables required a single selection.

The coding variables used in the analysis, derived from Table C.1, are presented in

Table C.2. Agreeing Data and Stating Consensus were initially coded in more detailed

categories, but were consolidated into the variables diff_data and state_consensus,

respectively, because some original categories contained fewer than 10 observations.
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Table C.1: Variables coded by coders

Variables Coding rule

Confirming the Goal
1 = if mentioning that they and their partner have the same goal, i.e., they have the same “correct answer";
0 = if neither of them.

Feeling Uncertain
1 = if mentioning uncertainty or hesitation about one’s own choice at the beginning of the conversation;
0 = if neither of them.

Agreeing Data

1 = if believing their data is not similar to the partner’s and agrees more with their own data;
2 = if believing their data is not similar to the partner’s and agrees more with the partner’s data;
3 = if believing their data is not similar to the partner’s under other circumstances (e.g., being neutral, uncertain, or no relevant expression regarding their data);
0 = if not believing their data is not similar to the partner’s (e.g., believing their data is similar to the partner’s or no relevant expression).

Describing Data
1 = if describing their own data or graph to the partner;
0 = if not describing their own data or graph to the partner.

Describing Method

1 = if describing their own method or reasoning as “calculating (or comparing) the productivity or wage levels of at least one gender";
2 = if describing their own method or reasoning as “discussing (or comparing) the slopes or shapes of the curve of at least one gender";
3 = if describing their own method or reasoning as “comparing wage levels given the same productivity levels between two genders.";
4 = if describing any other method or reasoning;
0 = if not describing their method or reasoning to the partner.

Asking Data or Method

1 = if asking the partner for their data or graph;
2 = if asking the partner for their method or reasoning;
3 = if asking the partner for both their data or graph and their method or reasoning;
0 = if none of them.

Mentioning the Reality

1 = if mentioning unexplained factors in reality (e.g., discrimination);
2 = if mentioning explained factors in reality (e.g., gender differences in productivity);
3 = if mentioning both unexplained and explained factors in reality;
0 = if none of them.

Persuasion
1 = if trying to persuade the partner (e.g., stating they are more reasonable);
2 = if stating being persuaded by the partner (e.g., saying they will change their choice);
0 = if neither of them;

Stating Consensus
1 = if both participants explicitly express they have reached a consensus;
2 = if both participants vaguely express they have reached a consensus;
0 = if neither of them.

Notes: Only Describing Method allows multiple selections. All other variables require a single selection.
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Table C.2: Coding variables

Variables Description

same_goal Equivalent to Confirming the Goal

uncertain Equivalent to Feeling Uncertain

agree_owndata Equivalent to Agreeing Data

diff_data 1= if Agreeing Data equals 1, 2, or 3 (i.e., believing their data is not similar to the partner’s);
0 = if Agreeing Data equals 0.

describe_data Equivalent to Describing Data

describe_method 1 = if Describing Method is greater than 0 (i.e., describing any own method or reasoning);
0 = if otherwise.

describe_method1 1 = if Describing Method equals 1 (i.e., describing their method or reasoning as “calculating (or comparing) the productivity or wage levels of at least one gender");
0 = if otherwise.

describe_method2 1 = if Describing Method equals 2 (i.e., describing their method or reasoning as “discussing (or comparing) the slopes or shapes of the curve of at least one gender");
0 = if otherwise.

describe_method3 1 = if Describing Method equals 3 (i.e., describing their method or reasoning as “comparing wage levels given the same productivity levels between two genders.");
0 = if otherwise.

describe_method4 1 = if Describing Method equals 4 or (i.e., if describing any other method or reasoning);
0 = if otherwise.

ask_data 1 = if Asking Data or Method equals 1 or 3 (i.e., asking the partner for their data or graph);
0 = if otherwise.

ask_method 1 = if Asking Data or Method equals 2 or 3 (i.e., asking the partner for their method or reasoning);
0 = if otherwise.

real_unexplained 1 = if Mentioning the Reality equals 1 (i.e., mentioning unexplained factors in reality);
0 = if otherwise.

real_explained 1 = if Mentioning the Reality equals 2 (i.e., mentioning explained factors in reality);
0 = if otherwise.

persuading 1= if Persuasion equals 1 (i.e., trying to persuade the partner);
0 = if otherwise.

being_persuaded 1= if Persuasion equals 2 (i.e., stating being persuaded by the partner);
0 = if otherwise.

state_consensus 1= if Stating Consensus equals 1 or 2 (i.e., both participants state they have reached a consensus);
0 = if otherwise.

60



C.2 Summary of individual characteristics and data-environment

variables

Table C.3 presents the definitions and summary statistics for each participant’s demo-

graphic, cognitive, and data-environment variables by treatment. Demographic variables,

derived from the post-experiment survey, include each participant’s gender, age, beliefs

about their partner’s gender (belief_diff_gender and belief_same_gender), and whether

the two matched participants have the same gender (same_gender). Cognitive variables

assess theory-of-mind abilities and cognitive abilities. Data-environment variables include

an indicator for whether Narrative 2 is the true narrative, as well as measures of the

difficulty in identifying the best-fit narrative based on personal data (data_own_SSEgap)

and on pair data (data_pair_SSEgap). In addition, we construct an indicator for whether

personal best-fit narratives of two matched participants differ (data_diff_bestfit). See

Appendix D.1 for detailed constructions of the data-environment variables.

Table C.3: Summary of demographic, cognitive, and data-environment variables

Variables
Mean Kruskal-Wallis

tests (p-value) Definition
All Communication Share Reasoning

Theory-of-Mind Ability 9.406
(4.773)

9.580
(4.709)

9.236
(5.036)

9.400
(4.630) 0.832 The number of correct answers in the ToM test

(minimum = 1, maximum = 18)

Cognitive Ability 3.991
(1.147)

3.777
(1.206)

4.155
(1.085)

4.042
(1.126) 0.071∗ The number of correct answers in the cognitive

ability test (minimum = 1, maximum = 6)

Male 0.216
(0.412)

0.179
(0.385)

0.291
(0.456)

0.183
(0.389) 0.071∗ 1 = male;

0 = female.

Age 20.6
(1.9)

20.7
(2.0)

20.4
(1.7)

20.5
(1.7) 0.277 Age in years (minimum = 17, maximum = 27)

belief_diff_gender 0.360
(0.481)

0.339
(0.476)

0.382
(0.488)

0.358
(0.482) 0.804 1 = if guessing the partner has a different gender;

0 = if not.

belief_same_gender 0.342
(0.475)

0.330
(0.472)

0.300
(0.460)

0.392
(0.490) 0.327 1 = if guessing the partner has the same gender;

0 = if not.

same_gender 0.673
(0.470)

0.714
(0.454)

0.600
(0.492)

0.700
(0.460) 0.141 1 = if the partner has the same gender;

0 = if not.

Narrative 2 is true 0.474
(0.500)

0.304
(0.462)

0.582
(0.496)

0.533
(0.501) 0.001∗∗∗ 1 = if Narrative 2 is the true narrative;

0 = if not.

data_own_SSEgap 0.051
(0.045)

0.057
(0.058)

0.050
(0.039)

0.047
(0.036) 0.668

The absolute difference between the SSE values
of two narratives for the personal data. A higher
value indicates the best-fit narrative is easier to
identify. (minimum = 0.000, maximum = 0.401)

data_pair_SSEgap 0.090
(0.061)

0.095
(0.064)

0.088
(0.065)

0.088
(0.054) 0.720

The absolute difference between the SSE values
of two narratives for the pair data.
(minimum = 0.002, maximum = 0.243)

data_diff_bestfit 0.357
(0.480)

0.393
(0.491)

0.382
(0.488)

0.300
(0.460) 0.271

1 = if the best-fit narratives of the two matched
participants’ personal data differ;
0 = if they are the same.

Notes: Standard deviations are shown in parentheses. For Kruskal-Wallis tests, n = 342, ∗p < 0.1, ∗∗p < 0.05, ∗∗∗p < 0.01.

We highlight two key results from Table C.3. First, 67% of all participants are

randomly assigned to pairs with a partner of the same gender in the experiment. When

asked whether they had made a guess about their partner’s gender, 36% of participants
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guessed that their partner had a different gender, 34% guessed that their partner had

the same gender, and the remaining 30% did not make a guess. Second, for 36% of all

participants, the best-fit narratives based on their own personal datasets differ from that

of their partners, while for the remaining pairs, both participants’ data suggest the same

best-fit narrative.

Appendix D Methods for data analyses and supple-

mentary tables

D.1 Methods for determining the best-fit narrative

In this appendix we explain our methods for constructing the measures of narrative fitness

under a given dataset D — either a participant’s private 20-observation dataset or a pair’s

combined 40-observation dataset. For narrative k ∈ {1, 2}, consider linear regression

Yℓ = αk + βkXℓ + γkGℓ + εℓ, ℓ ∈ D, (D.1)

where Yℓ is worker ℓ’s wage, Xℓ is worker ℓ’s productivity, Gℓ indicates whether worker ℓ

is male, and εℓ is an idiosyncratic error term. Let Y D,M and Y D,F denote, respectively,

the average wages of male and female workers in dataset D. Then ∆YD = Y D,M − Y D,F

gives the average gender wage gap for workers in D. Recall that the shares of unexplained

components in the gender wage gap are u1 = 0.9472 for Narrative 1 and u2 = 0.512 for

Narrative 2. Then, according to the discussion in Appendix A, the implied male wage

premium under narrative k – the gender dummy coefficient γk in (D.1) – must satisfy17

γk = uk∆YD . (D.2)

For each narrative k ∈ {1, 2}, we compute the least-square estimates αk and βk of (D.1)

under parametric restriction (D.2), and then obtain the resulting sum of squared residuals,

denoted by SSEk(D).18 Given dataset D, Narrative 1 is identified as the best-fit narrative

if SSE1(D) < SSE2(D); otherwise, Narrative 2 is the best-fit narrative.19 Intuitively, the
17Note that we use the actual proportions of the unexplained component – 94.72% from Zhang et al.

(2023) and 51.2% from Ma (2025) – in the estimation. The main results are robust to using the rounded

proportions (90% and 50%) described in the experimental instructions.
18This is done by constructing Ỹℓ := Yℓ − uk∆YDGℓ for each observation ℓ ∈ D, and then conducting

OLS estimation to Ỹℓ = αk + βkXℓ + εℓ. The resulting sum of squared residuals is our object.
19In the unlikely event SSE1(D) = SSE2(D), it is innocuous to identify either narrative as best-fit.
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best-fit narrative is the one whose implied decomposition better explains the observed

wage-productivity pattern from dataset D.

Finally, given each participant i and her private dataset Di, we construct a

natural measure data_own_SSEgapi to reflect the statistical power of dataset Di in

distinguishing the two candidate narratives. Specifically,

data_own_SSEgapi = |SSE1(Di)− SSE2(Di)| . (D.3)

A higher data_own_SSEgapi thus indicates a greater difference in fitness between the

two narratives given i’s private dataset Di. As a result, the underlying personal data more

clearly favor one narrative over the other, making it easier to identify the true underlying

narrative. We also construct an analogous measure for the combined dataset of a matched

pair. Let Dij denote the combined dataset of participant i with partner j. Then

data_pair_SSEgapij = |SSE1(Dij)− SSE2(Dij)| . (D.4)

D.2 Methods for analyzing the drivers of treatment differences

We examine each coding variable, denoted as X, as a potential explanatory variable.

The advantage of our approach is that it examines each potential explanatory variable

individually, avoiding the issues associated with variable selection in multiple regression

models. Specifically, the methodology proceeds in two steps. For each pair of treatments

and for each coding variable X, the first step involves conducting the following regression

using the linear probability model:

X = α1 + β1TreatDummy + ε1, (D.5)

where TreatDummy is a dummy variable equal to 1 for the treatment selected as the

benchmark and 0 for the other treatment. The coefficient β1 represents the treatment

effect, as reported in Column (1) of Tables D.1, D.2, and D.3. A significant β1 indicates

that X differs significantly between the two treatments.

The second step varies depending on the key outcomes on which we focus. Specifically,

to analyze the drivers of consensus, we estimate the following linear probability model for

all participants in the two given treatments:

Consensus2 = α2 + β2NotConsensus1 + δ2X + γ2X ×NotConsensus1 + ε2 (D.6)
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where Consensus2 is a dummy variable equal to 1 if a participant selects the same

narrative as their partner in the second stage, and 0 otherwise; NotConsensus1 is a

dummy equal to 1 if the participant is in a conflicting-narrative pair and 0 if in a

same-narrative pair. The coefficient γ2 represents the interaction effect, as reported in

Column (2) of Tables D.1, D.2, and D.3. A significant γ2 indicates that X moderates the

relationship between NotConsensus1 and Consensus2.

Similarly, to analyze the drivers of narrative change, we estimate the following linear

probability model in the second step:

ChangeNarrative2 = α3+β3NotConsensus1+δ3X+γ3X×NotConsensus1+ε3 (D.7)

where ChangeNarrative2 is a dummy variable equal to 1 if a participant changes her

narrative in the second stage and 0 if not. The interaction effect γ3 is reported in Column

(3) of Tables D.1, D.2, and D.3. A significant γ3 means X moderates the relationship

between NotConsensus1 and ChangeNarrative2.

Finally, to analyze the drivers of choosing the best-fit narrative, we run the following

regression in the second step:

BestF it2 = α4 + β4NotBestF it1 + δ4X + γ4X ×NotBestF it1 + ε4 (D.8)

where BestF it2 is a dummy variable equal to 1 if a participant chooses the best-fit

narrative (based on personal data) in the second stage, and 0 otherwise; NotBestF it1 is

a dummy equal to 1 if she did not choose the best-fit narrative based on personal data

in the first stage, and 0 otherwise. The interaction effect γ4 is reported in Column (4) of

Tables D.1, D.2, and D.3. A significant γ4 indicates that X moderates the relationship

between NotBestF it1 and BestF it2.
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Table D.1: Treatment and interaction effects (Communication vs. Reasoning)

Explanatory variables
(1) Interaction effects

Treatment effects
(2) (3) (4)

Reaching

consensus

Changing

narrative

Changing to
the best-fit
narrative

same_goal 0.117
(0.089)

0.064
(0.152)

-0.014
(0.09)

-0.074
(0.111)

uncertain 0.147∗∗∗
(0.044)

0.059
(0.205)

-0.011
(0.171)

0.327∗
(0.180)

agree_owndata 0.017
(0.012)

0.238∗∗∗
(0.079)

-0.335∗∗∗
(0.046)

-0.410∗∗∗
(0.057)

diff_data 0.114
(0.071)

-0.167
(0.175)

-0.163
(0.115)

0.147
(0.145)

describe_data 0.069
(0.083)

-0.138
(0.155)

0.102
(0.110)

0.198∗
(0.108)

describe_method 0.050
(0.068)

-0.154
(0.155)

-0.259
(0.181)

-0.042
(0.144)

describe_method1 -0.024
(0.068)

-0.113
(0.127)

-0.278∗∗
(0.109)

-0.192∗
(0.115)

describe_method2 0.069
(0.044)

-0.155
(0.131)

-0.053
(0.147)

0.280
(0.175)

describe_method3 0.119∗
(0.066)

0.0165
(0.0963)

0.214∗
(0.119)

0.134
(0.137)

describe_method4 0.036
(0.047)

-0.144
(0.176)

-0.123
(0.216)

0.077
(0.213)

ask_data 0.074
(0.054)

-0.104
(0.167)

-0.016
(0.142)

0.072
(0.163)

ask_method 0.016
(0.02)

0.624∗∗∗
(0.221)

-0.937∗∗∗
(0.224)

0.610
(0.442)

real_unexplained -0.001
(0.017)

0
(.)

0
(.)

-0.414∗∗∗
(0.057)

real_explained -0.009
(0.009)

0
(.)

0
(.)

0
(.)

persuading 0.007
(0.019)

-0.274
(0.253)

-0.349∗∗∗
(0.046)

-0.415∗∗∗
(0.058)

being_persuaded -0.029
(0.025)

0.597∗∗
(0.281)

0.196
(0.324)

0.983∗∗∗
(0.324)

Notes: Standard errors are shown in parentheses. n = 232. ∗p < 0.1, ∗∗p < 0.05,
∗∗∗p < 0.01. In column (1), Communication serves the benchmark.
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Table D.2: Treatment and interaction effects (Share vs. Reasoning)

Explanatory variables
(1) Interaction effects

Treatment effects
(2) (3) (4)

Reaching

consensus

Changing

narrative

Changing to
the best-fit
narrative

same_goal 0.156∗
(0.088)

0.075
(0.149)

-0.054
(0.0894)

0.049
(0.123)

uncertain 0.110∗∗
(0.050)

0.272
(0.208)

-0.182
(0.155)

0.187
(0.173)

agree_owndata -0.002
(0.017)

-0.239
(0.358)

0.129
(0.360)

-0.125
(0.276)

diff_data 0.056
(0.071)

-0.098
(0.158)

-0.237∗
(0.120)

0.132
(0.147)

describe_data 0.449∗∗∗
(0.074)

-0.338∗∗∗
(0.127)

-0.054
(0.097)

0.108
(0.122)

describe_method 0.209∗∗∗
(0.073)

-0.307∗∗∗
(0.094)

-0.305∗∗
(0.117)

0.032
(0.139)

describe_method1 0.015
(0.067)

-0.101
(0.121)

-0.205∗
(0.104)

-0.098
(0.126)

describe_method2 0.085∗
(0.045)

-0.170
(0.140)

-0.121
(0.147)

0.292
(0.198)

describe_method3 0.167∗∗
(0.066)

-0.086
(0.090)

0.025
(0.115)

0.073
(0.143)

describe_method4 0.061
(0.043)

-0.108
(0.175)

-0.415∗
(0.212)

-0.103
(0.215)

ask_data 0.189∗∗∗
(0.046)

-0.248∗
(0.150)

0.053
(0.142)

0.009
(0.187)

ask_method 0.033∗∗
(0.016)

0
(.)

0
(.)

0.889∗∗∗
(0.284)

real_unexplained 0.017
(0.012)

0
(.)

0
(.)

-0.463∗∗∗
(0.062)

real_explained -0.009
(0.009)

0
(.)

0
(.)

0
(.)

persuading 0.025∗
(0.014)

-0.238
(0.358)

-0.381∗∗∗
(0.045)

-0.464∗∗∗
(0.062)

being_persuaded 0.016
(0.017)

0.609∗∗
(0.279)

0.293
(0.279)

0.224
(0.283)

Notes: Standard errors are shown in parentheses. n = 230. ∗p < 0.1, ∗∗p < 0.05,
∗∗∗p < 0.01. In column (1), Share serves the benchmark.
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Table D.3: Treatment and interaction effects (Communication vs. Share)

Explanatory variables
(1) Interaction effects

Treatment effects
(2) (3) (4)

Reaching

consensus

Changing

narrative

Changing to
the best-fit
narrative

same_goal 0.039
(0.089)

0.112
(0.125)

-0.007
(0.079)

-0.092
(0.113)

uncertain -0.037
(0.037)

0.610∗
(0.317)

-0.050
(0.223)

0.533∗
(0.269)

agree_owndata -0.018
(0.013)

-0.933∗∗∗
(0.065)

0.596∗∗∗
(0.034)

0
(.)

diff_data -0.058
(0.066)

0.010
(0.134)

-0.118
(0.124)

0.319∗∗
(0.150)

describe_data 0.380∗∗∗
(0.080)

-0.089
(0.132)

-0.121
(0.089)

0.065
(0.113)

describe_method 0.159∗∗
(0.077)

-0.137
(0.093)

-0.108
(0.117)

0.137
(0.122)

describe_method1 0.039
(0.063)

-0.015
(0.073)

-0.205∗
(0.107)

-0.059
(0.124)

describe_method2 0.016
(0.039)

-0.135
(0.131)

-0.125
(0.164)

-0.134
(0.214)

describe_method3 0.048
(0.063)

0.016
(0.082)

0.095
(0.115)

0.234∗
(0.139)

describe_method4 0.026
(0.037)

-0.188
(0.155)

0.097
(0.191)

0.017
(0.225)

ask_data 0.116∗∗∗
(0.036)

0.256
(0.228)

0.119
(0.195)

0.480
(0.290)

ask_method 0.018
(0.012)

1.085∗∗∗
(0.066)

-1.423∗∗∗
(0.035)

0.546∗∗∗
(0.055)

real_unexplained 0.018
(0.012)

0
(.)

0
(.)

-0.461∗∗∗
(0.055)

real_explained -0.000
(0.013)

0.078
(0.067)

-0.415∗∗∗
(0.036)

-0.461∗∗∗
(0.055)

persuading 0.018
(0.012)

0
(.)

0
(.)

-0.461∗∗∗
(0.055)

being_persuaded 0.045∗
(0.023)

0
(.)

0
(.)

1.337∗∗∗
(0.236)

Notes: Standard errors are shown in parentheses. n = 230. ∗p < 0.1, ∗∗p < 0.05,
∗∗∗p < 0.01. In column (1), Communication serves the benchmark.
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