RATIONALITY
& COMPETITION

CRCTRR 190

Talking Across the Aisle

Luca Braghieri (Bocconi University)
Peter Schwardmann (Carnegie Mellon University)
Egon Tripodi (Hertie School)

Discussion Paper No. 575

June 02, 2026

Collaborative Research Center Transregio 190 | www.rationality-and-competition.de

Ludwig-Maximilians-Universitdt Miinchen | Humboldt-Universitét zu Berlin
Spokesperson: Prof. Dr. Klaus M. Schmidt, Ludwig Maximilian University of Munich, 80539 Munich, Germany

info@rationality-and-competition.de



https://www.rationality-and-competition.de
mailto:info@rationality-and-competition.de

Talking across the Aisle”

Luca Braghieri Peter Schwardmann Egon Tripodi

June 2, 2026

Abstract

We conduct an experiment that engages U.S. Democrats and Republicans in video con-
versations about policy-relevant facts. We study self-selection into conversations and
their effect on information aggregation and affective polarization. Participants prefer
co-partisan conversations, believing cross-partisan conversations to be less informative
and less pleasant. There is more to learn from counter-partisans, but participants find
it harder to extract knowledge from them. Our rich audiovisual data reveal that co-
and cross-partisan conversations are strikingly similar in content and tone. Yet, knowl-
edge extraction is impeded by participants” persistent lack of trust in the knowledge of
counter-partisans. In contrast, cross-partisan interactions prove more enjoyable than an-
ticipated and significantly reduce affective polarization, an effect that persists in an ob-
fuscated follow-up survey three months later. More emotionally engaged conversations
produce larger reductions in affective polarization. Policies encouraging cross-partisan
interactions may be more successful at reducing affective polarization than at promoting
information aggregation.

Keywords: cross-partisan interactions, partisan sorting, echo chambers, information dif-
fusion, affective polarization, misperceptions.
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1. Introduction

Over the past two decades, scholars, public intellectuals, and policymakers have raised con-
cerns about the negative effects of political echo chambers, online and offline environments
in which individuals primarily interact and share information with co-partisans rather than
counter-partisans (Bishop and Cushing, 2008; Sunstein, 2001).!

These concerns are generally articulated along two distinct dimensions (Bishop and
Cushing, 2008; Sunstein, 2001, 2017). The first dimension relates to information: echo cham-
bers might impair the aggregation of information that is differentially distributed across
party lines, thus lowering the quality of political decision-making. The second dimension
relates to social cohesion: the siloing of people into homogeneous groups reduces opportu-
nities for cross-partisan contact that might foster empathy with and understanding of indi-
viduals on the other side of the political aisle. Despite considerable public and academic in-
terest in echo chambers and the significant hope policymakers place in initiatives that foster
cross-partisan contact, there remain significant gaps in our understanding of whether and
why people self-select into politically homogeneous interactions and of the consequences of
these interactions for information sharing and social cohesion.

In this paper, we make progress on these questions by engaging U.S. Democrats and
Republicans in naturalistic, face-to-face video conversations about policy-relevant facts, ei-
ther with co-partisans or counter-partisans. Despite the unscripted nature of the conversa-
tions, we retain substantial experimental control, enabling us to examine four key dimen-
sions: (i) self-selection into co- vs. cross-partisan interactions, measured by participants’
willingness to pay for conversations; (ii) expected and actual learning from the conver-
sations; (iii) the affective consequences of the conversations; and (iv) the drivers of these
effects.

The experiment proceeds as follows. After providing their first names or aliases, polit-
ical leanings, and feelings about their own and the other party, participants take an initial

quiz. The quiz consists of 14 factual multiple-choice questions covering topics that, accord-

IThe discussion about online echo chambers was sparked by the diffusion of the internet and the rise of
social media (Sunstein, 2001; Gentzkow and Shapiro, 2011); the discussion about offline echo chambers was
primarily fueled by the increased degree of political homophily in patterns of geographic sorting (Bishop and
Cushing, 2008; Brown et al., 2024).



ing to an exploratory survey run prior to the experiment, both Democrats and Republicans
deem contentious and relevant to policy (e.g., immigration, policing, healthcare), alongside
questions covering basic knowledge of U.S. politics (e.g., naming the Speaker of the House).
After completing the quiz, participants are informed of the opportunity to have a conver-
sation with another participant in the study. Depending on the treatment assignment, the
conversation partner is either a co-partisan or a counter-partisan. Participants are informed
of the political affiliation of their conversation partner and of the fact that, after the conver-
sation, they will be given a chance to revise their answers to the quiz.? Participants then
state, in an incentive-compatible elicitation: i) their willingness to pay for having the con-
versation, and ii) their expected improvement in the number of correct answers to the quiz
as a result of having the conversation. The willingness-to-pay decision is implemented for
5 percent of the sample. Our analyses focus on the remaining 95 percent of the sample,
which, independently of their willingness to pay, is released into an eight-minute video
conversation with a fellow participant. After the conversation, participants are given the
opportunity to revise their answers to the quiz. Participants are then asked to predict their
expected improvement one more time before answering a series of questions about their
experience of the conversation, their feelings about their own and the other party, and their
demographics.?

Our first finding is that participants have a higher willingness to pay for interacting
with co-partisans than for interacting with counter-partisans. This relative preference for
co-partisan conversations implies that partisans, if given the choice, would self-select into
echo chambers. We also elicit open-ended responses about the considerations driving par-
ticipants’ stated preferences (Haaland et al., 2025). Participants assigned to cross-partisan
conversations are less likely to mention a desire to improve their quiz performance and
more likely to mention concerns about the conversation being unpleasant. Both of these
factors are highly predictive of the elicited willingness to pay and are among the most fre-
quently stated open-ended considerations. These findings suggest that both instrumental

motives (i.e., a desire to learn) and hedonic motives (i.e., the expected discomfort from an

ZWhether the initial or revised answers to the quiz are payoff-relevant is resolved via a virtual coin flip
and communicated to participants at the end of the experiment.

3We recruited participants online, through Prolific and CloudResearch, enabling us to achieve a scale and
a level of demographic and geographic diversity that would be hard to achieve in an offline setting.



unpleasant social interaction) drive participants’ relative preference for co- versus cross-
partisan interactions.

Our second set of novel results examines learning and the instrumental value of co-
and cross-partisan conversations. We study both actual and expected learning from those
conversations by measuring participants” knowledge before and after the interaction and
comparing how much they expect to improve to an objective ground truth. We find that
participants expect co-partisan conversations to lead to significantly larger improvements
in the revised quiz than cross-partisan conversations. These expectations are qualitatively
correct, as co-partisan conversations actually do lead to larger improvements in the revised
quiz, albeit only at marginal statistical significance (p = 0.064).

Next, we decompose the actual improvement in the quiz into two components: po-
tential improvement and difficulties in knowledge extraction. We show that potential im-
provement, defined as the number of questions that a participant does not have the correct
answer to and her conversation partner does, is greater in cross-partisan conversations. This
is a consequence of knowledge being distributed across party lines. At the same time, the
rate of knowledge extraction, defined as actual improvement conditional on the potential to
improve from the conversation, is significantly lower in cross-partisan interactions.

To better understand why participants extract less knowledge from counter-partisans,
we open the black box of the conversations themselves. We combine research-assistant cod-
ings of the videos, high-dimensional semantic embeddings of the transcripts, and partici-
pants’ own reports about their partners and the interaction. Across these measures, co- and
cross-partisan conversations look strikingly similar in observable content and tone: partic-
ipants share information, justify their answers, and navigate disagreement in comparable
ways. Perhaps surprisingly, cross-partisan conversations are neither more emotional nor
more confrontational than co-partisan ones (Beknazar-Yuzbashev et al., 2025). The differ-
ence arises instead in participants” interpretation of the information they receive. Specifi-
cally, participants are less trusting of counter-partisans” knowledge, and this mistrust per-
sists through conversations (Thaler, 2024), and predicts failures of knowledge extraction.

Our third set of results focuses on the hedonic aspects of the conversations. Although
participants initially expressed more concern about how much they would enjoy cross-

partisan conversations compared to co-partisan ones, we find that, on average, they rate



both types of interactions as equally enjoyable ex-post. Crucially, cross-partisan conversa-
tions lead to a significant reduction in affective polarization, an effect that persists in an
obfuscated follow-up survey we administer more than three months after the end of the ex-
periment. Unlike in the case of knowledge extraction, where distrust of counter-partisans’
knowledge inhibits learning even though conversations unfold similarly, affective polariza-
tion is responsive to the positive surprise of cross-partisan conversations being as pleasant
as co-partisan ones. Using our rich audiovisual data, we further find that depolarization
is concentrated in conversations with greater emotional engagement, marked by personal
disclosure, expression of feelings, and validation of one’s partner.

Our findings help contextualize the widespread concerns about echo chambers as well
as some of the policies proposed to address them. On the social cohesion front, we find
that fact-based cross-partisan political conversations reduce affective polarization in the
medium term, as conversations in other settings, often not exclusively focused on politics,
have been shown to do in the short-term (Santoro and Broockman, 2022; Blattner and Koe-
nen, 2023; Fang et al., 2025; Hobolt et al., 2024). Here, we identify emotional engagement
as an important mediator. On the instrumental front, we paint a more pessimistic picture.
Our results show that, even in settings where knowledge is distributed across the aisle, it
might be harder for individuals to harness knowledge when talking to counter-partisans.
Thus, the simple policy of encouraging cross-partisan interactions might increase social co-
hesion but fail to significantly improve information aggregation and people’s propensity to
sort into echo chambers for instrumental reasons going forward. Our results furthermore
suggest that pessimistic beliefs about the potential to learn from counter-partisans are both
a driver of self-selection away from cross-partisan conversations and a barrier to actually
learning from them. This suggests that policies that successfully reduce biases about the
other side’s informedness may lead to meaningful increases in information sharing.

This paper contributes to various strands of the literature. Motivated by the concern
that echo chambers harm information aggregation and exacerbate affective polarization
(Sunstein, 2001, 2009, 2017), the first of these strands establishes the existence of echo cham-
bers, both online and offline (Braghieri et al., 2024; Brown et al., 2024; Flaxman et al., 2016;
Gentzkow and Shapiro, 2011; Gonzélez-Bailon et al., 2023; Guess et al., 2018; Guess, 2021;

Nelson and Webster, 2017). Our experiment documents the kind of self-selection that can



explain the emergence of echo chambers and proceeds to isolate hedonic and instrumental
motives as plausible drivers of such self-selection.

Our paper’s most novel contribution is the investigation of the expected and actual in-
strumental value of cross-partisan conversations, which connects to a large literature on so-
cial learning encompassing both theoretical work (DeGroot, 1974; Banerjee, 1992; Bikhchan-
dani et al., 1992; Morris, 2001; Jackson and Yariv, 2007; Golub and Jackson, 2010; Golub
and Sadler, 2016) and empirical analyses (Banerjee et al., 2013, 2019; Barrera et al., 2020;
Braghieri, 2024; Chandrasekhar et al., 2022; Conlon et al., 2021; Guriev et al., 2023; Henry
et al., 2022; Fehr et al., 2024; Graeber et al., 2024). Departing from much of this literature,
our experiment explores bi-directional learning through conversations — a complex and
yet fundamentally human mode of engagement and information exchange. Additionally,
our study uniquely examines social learning through the lens of partisan identity, making
ours the first investigation of: i) the beliefs that drive partisans to favor co-partisans over
counter-partisan conversations, ii) the capacity of partisans to learn from counter-partisans
in political conversations, and iii) the mechanisms by which, in these conversations, parti-
sans glean less knowledge from counter-partisans than co-partisans.*

Our paper also contributes to a fast-growing literature on the potential of intergroup
contact to reduce affective polarization and prejudice more generally (Allport, 1954; Bazzi
et al., 2019; Boisjoly et al., 2006; Corno et al., 2022; Dahl et al., 2021; Dustmann et al., 2019;
Enos, 2014; Fang et al., 2025; Blattner and Koenen, 2023; Lowe, 2021; Mousa, 2020; Paluck et
al., 2019; Pettigrew and Tropp, 2006a; Rao, 2019; Rossiter, 2023; Rossiter and Carlson, 2024;
Santoro and Broockman, 2022; Schindler and Westcott, 2021; Scacco and Warren, 2018).5 Our

%A related literature, primarily employing information provision experiments, examines how individuals
select and update from information sources with differing partisan labels or affiliations (Acemoglu et al., 2024;
Bauer et al., 2023; Belot and Briscese, 2022; Chopra et al., 2024; Garcia-Hombrados et al., 2024; Kashner and
Stalinski, 2024; Jo, 2017; Robbett et al., 2023; Burnitt et al., 2024). We build on this literature by focusing on face-
to-face conversations, which: i) represent an extremely common way in which people learn in the real world,
and ii) possess unique qualities that distinguish them from information provision experiments. For example,
information exchange in conversations can break down when interactions become heated and confrontational.
Similarly, the dynamic nature of conversations enables trust to evolve as the dialogue progresses.

5 Alongside social segregation or lack of contact, theoretical and empirical contributions to political eco-
nomics point to voter overconfidence (Ortoleva and Snowberg, 2015), competition in news provision (Perego
and Yuksel, 2022), and the evolution of learning technologies (Yuksel, 2022) as important sources of increasing
ideological disagreement.



paper is unique in studying learning and depolarization in the same setting and in showing
that differences between the effects of co- and cross-partisan conversations depend more
on participants’ expectations and interpretations of the conversations than on differences in
the features of the conversations themselves. As detailed in our meta-analysis in Appendix
E, our study also stands out in terms of sample size, topic of discussion, and the ability to
observe persistent effects on affective polarization. Beyond this, our rich audiovisual data
and conversation transcripts allow us to move past the question of whether cross-partisan
contact depolarizes and ask how it does so, identifying emotional engagement as the key
conversational ingredient. This speaks directly to mechanisms emphasized in the contact
hypothesis literature (Allport, 1954), which has long argued that meaningful, empathetic
interaction is what makes contact effective, but has rarely been able to test this claim with
direct measures of what happens inside the interaction itself.

The rest of the paper is organized as follows. Section 2 describes the experimental
design and sample. Section 3 presents results, focusing in turn on treatment differences in
self-selection into co- and cross-partisan conversations (Section 3.1), the informational value
of conversations (Section 3.2), and the hedonic consequences of conversations (Section 3.3).

Section 4 concludes.

2. Experimental Design and Sample

2.1. Structure of the Experiment

The overarching aim of the experiment is to facilitate naturalistic fact-based face-to-face
conversations about politics between Democrats and Republicans, while imposing enough
structure to measure i) the hedonic and instrumental motives that drive partisan sorting into
political conversations, ii) the quality of information sharing in these conversations, and iii)
the consequences of cross-partisan political conversations for social cohesion. The structure
of the experiment is summarized in Figure 1. See the replication files for the complete set of
experimental instructions.

After stating their first names or aliases, political leanings, and the warmth they feel
toward their own and the other party, participants are given ten minutes to complete an

Initial Quiz consisting of fourteen factual multiple-choice questions about politics. The quiz
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is reported in its entirety in Appendix Table A.1. A majority of quiz questions focus on
topics that, according to an exploratory survey run prior to the experiment, both Democrats
and Republicans deem important and contentious (e.g., immigration, policing, healthcare).
The quiz also contains some basic knowledge questions about U.S. politics (e.g., naming the
Speaker of the House). In order to incentivize the quiz, we provide a piece rate of 0.6 dol-
lars per correct answer. For each quiz question, we also elicit participants” unincentivized
confidence in their own answers and their beliefs about the fraction of Democrats and Re-
publicans from a pilot version of the study who answered the question correctly.

After completing the quiz, participants are told that they will have the opportunity to
engage in an eight-minute conversation about the quiz with another participant in the study
and that, afterward, they will be given a chance to revise their answers to the quiz in light of
the information obtained in the conversation. Participants are also informed that, at the end
of the experiment, one of the two quizzes will be selected at random for payment. Depend-
ing on treatment assignment, the conversation partner is either a Democrat or a Republican,
thus generating random variation in whether the conversation is between co-partisans or
counter-partisans.® We introduce participants’ prospective conversation partners by their
tirst names or aliases and political affiliations. Thus, participants are informed of the po-
litical leanings of their conversation partner before entering the conversation, capturing
real-world situations where political affiliations are either known or readily inferred.”

Next, we measure participants’ incentivized expectation of how many more questions
they will answer correctly in the Revised Quiz compared to the Initial Quiz. We then inform
participants that, with a 5 percent probability, they will be assigned to the role of “deciders”.
Unlike other participants, “deciders” are given a choice as to whether or not they want to
engage in the conversation with their partner. Introducing the role of “decider” allows us to
elicit, from each participant, a willingness to pay to have (or avoid having) the eight-minute

conversation.

®We note that 20 percent of participants drop out after treatment assignment for reasons primarily due to
technical issues with the video call. Reassuringly for internal validity, Appendix Table A.2 shows no differen-

tial attrition across treatments or partisan affiliation composition.

7 Although the political affiliation of conversation partners is often not explicitly stated, research on me-
diated group discussions suggests that when politically charged topics arise, most participants quickly infer
each other’s political affiliations (Hobolt et al., 2024).



All participants who are not randomly assigned to the role of deciders and who pass an
audio and video check are released into an eight-minute unstructured video conversation
with their partners. On one side of the screen, participants see a box showing a live video
of their conversation partner as in a standard video call. On the other side of the screen,
participants see their own answers to the Initial Quiz and a text box that they can use to
take notes. We tell participants that they can use the video chat to discuss their quiz answers
with their partner, but, other than that, the conversations are completely unstructured.

Immediately after the conversation, participants are given the opportunity to revise
their answers to the quiz. While taking the Revised Quiz, participants are shown both their
answers to the Initial Quiz and the notes that they took during the conversation with their
partner.

After participants complete the Revised Quiz, we collect several additional measures.
First, we again ask participants to report their expected improvement on the quiz as a re-
sult of having had the conversation. Second, we elicit five commonly used measures of
affective polarization that we describe in more detail in the next section. Third, we elicit
participants’ beliefs about the extent to which they found their conversation partner knowl-
edgeable. Fourth, we ask participants about their experience in the conversation. Finally,
we elicit demographic characteristics.

Approximately 100 days after the intervention, we re-contacted our study participants
for an “obfuscated” follow-up survey (Haaland and Roth, 2020). This survey had two main
purposes: first, to measure the persistence of our affective polarization results and, second,
to probe the sensitivity of those results to experimenter demand effects. The follow-up sur-
vey was “obfuscated” in the sense that we designed the survey in such a way as to make it
seem unrelated to the main part of the experiment described above. Specifically, we modi-
tied the recruitment template, we changed the account from which we invited participants
to take part in the study, we formatted the survey differently, and, at least for the first part of
the survey, we made no reference to the main experiment. Only after participants answered
a battery of questions about affective polarization were they informed that the survey was

connected to our main study. We then administered our quiz one last time.® The full set of

8A unique aspect of our follow-up survey is that the degree of obfuscation decreases as respondents
progress in the survey. As a result, our primary outcome of interest — a common measure of affective po-



instructions for the follow-up survey can be found in the replication files.

Discussion of design trade-offs. Our experimental design strives to strike a balance be-
tween ecological validity and experimental control. Specifically, we sought to make the
conversations as naturalistic as possible to mirror the most common way in which humans
typically exchange information. Allowing for naturalistic conversations is particularly im-
portant in our setting, because we wanted to capture the possibility of breakdowns in infor-
mation transmission due to conversations becoming heated, confrontational, or otherwise
uncooperative.

As a complement to this naturalistic approach, we introduced sufficient experimen-
tal control to accurately measure information transmission and learning. For this purpose,
we incorporated a structured, albeit somewhat artificial, quiz to capture participants” best
guesses about factual statements whose accuracy we could objectively verify and incen-
tivize. To illustrate the value of this design feature, we note that some less structured exper-
iments document a greater convergence of partisan opinions after cross-partisan conversa-
tions (Hobolt et al., 2024; Fang et al., 2025). It is tempting to interpret such convergence in
opinions as a marker of learning. However, convergence in opinion and learning are dis-
tinct phenomena, and a key advantage of our design’s ability to measure learning is that we
can make that distinction. In particular, our experiment, in line with the existing literature,
documents markers of converging opinions: participants’ responses to the quiz questions
become less stereotypical of their party’s typical answers after cross-partisan conversations
(see Section D), and participants in those conversations increase the extent to which they
value the ideas of the opposing party (see Section 3.3.2). However, these markers of con-
vergence in opinions do not imply learning. In fact, the experimental results allow us to
rule out even small positive effects of cross-partisan conversations on actual learning (see
Section 3.2).

Another feature of our experimental design warrants further discussion. By incentiviz-
ing quiz performance, our experiment artificially increases the instrumental value of the
conversations and focuses them on the topics covered by the quiz. While this design choice

limits our ability to assess the “natural” magnitude of the instrumental value of co- and

larization — is elicited under full obfuscation, whereas other outcomes are elicited under less obfuscation.

10
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Timeline i i N
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(8 min) ; :
Pre-Interaction Post-Interaction Follow-up
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Figure 2: Timeline of Outcomes

cross-partisan political conversations in real-world settings such as elections, it enables us
to explore both perceived and actual differences in the instrumental value of co- and cross-
partisan interactions, as well as how instrumental considerations influence self-selection
into co- vs. cross-partisan interactions. We focus on the difference in the instrumental value
of co- and cross-partisan conversations, because the relative value of instrumental and hedo-
nic motives for engaging in partisan interactions varies naturally across contexts, whereas
the differences we document are likely to remain relevant in any settings where the instru-

mental value of politically charged conversations is high.

2.2. Main outcomes

We measure several of our main outcomes at different points in time. Figure 2 summarizes
when each outcome is measured.

Willingness to pay. We use the incentive-compatible Becker-DeGroot-Marschak mecha-
nism to measure willingness to pay to have (or avoid having) the conversation (Becker et
al., 1964). Specifically, our willingness-to-pay elicitation proceeds in three steps. First, we
ask participants whether they would be willing to give up some of their baseline payment
in order to have the conversation with their partner, whether they would need to receive an
additional bonus on top of their baseline payment in order to have the conversation with

their partner, or whether they are indifferent between having and not having the conver-

11



sation (which involves them keeping their baseline payment and receiving no additional
bonus). Second, we elicit the minimum amount of money — on a scale from zero to twice
the baseline payment — that would make participants indifferent between having the con-
versation and not having it. If participants choose a number below their baseline payment,
it means they would be willing to give up some of their baseline payment in order to have
the conversation; conversely, if participants choose a number above their baseline payment,
it means they would need to be paid a bonus on top of their baseline payment in order to
have the conversation. Third, we inform participants via a pop-up banner of any inconsis-
tency between their categorical response in step one and their stated willingness to pay in
step two. Specifically, whenever an inconsistency is detected, the pop-up banner explains
the inconsistency and discourages participants from continuing to the next page. The pop-
up banner disappears as soon as the inconsistency is resolved. For ease of interpretation,
we subtract participants” willingness to pay from the baseline payment. This way, a posi-
tive willingness to pay indicates that participants are happy to pay some money in order to
have a conversation with their partner, a negative willingness to pay indicates that partici-
pants need to be paid some money in order to have a conversation with their partner, and
a willingness to pay of zero indicates that participants are indifferent between having and
not having the conversation.

Expected improvement. Participants are asked to report their expectation of the addi-
tional number of correct answers in the Revised Quiz, which occurs after the conversation,
compared to the Initial Quiz. Responses are numerical and participants are allowed to in-
clude one decimal point. To incentivize this question, we use a binarized scoring rule (Hos-
sain and Okui, 2013) that is incentive-compatible irrespective of a participant’s degree of
risk aversion. The rule works as follows: the closer a participant’s answer is to the realized
state of the world (her actual improvement), the higher the probability that she wins a fixed
bonus payment.® Of course, incentivizing the expected improvement question might affect
participants” behaviors in the Revised Quiz. Specifically, one might worry that participants
tailor their answers in the Revised Quiz to match their stated expectations. In order to check

whether incentives affect participants” answers to the expected improvement question, we

9Danz et al. (2022) show that simplifying the instructions of the binarized scoring rule improves the accu-
racy of belief elicitation. Based on this insight, we provide a non-quantitative explanation of the incentives in
the survey instructions and we include a link to the quantitative details for further reference.

12



incentivize the question only for a randomly drawn half of participants. As shown in Ap-
pendix Table A.3, we find no evidence that incentives affect participants” answers to the
expectation question or their behavior in the Revised Quiz.

Factual knowledge. We measure factual knowledge as the score on our fourteen-question
political quiz. To make sure that correct answers are strongly correlated with actual knowl-
edge of a topic, each multiple-choice question has five possible answers, only one of which
is correct. The political quiz is incentivized, but we note that there are pros and cons to
incentivizing it. The obvious advantage of incentivizing the knowledge quiz is that partic-
ipants are more likely to care about choosing the correct answer. The main disadvantage
is that participants might attempt to cheat by, for instance, looking up the answers to the
questions on the Internet.

We implemented several strategies to minimize or measure cheating behavior. First, we
informed participants from the start that the study aimed to assess only what they knew or
learned during the experiment, and that any outside research would be penalized. Second,
we designed several of the quiz questions to be difficult to answer through online searches
and we limit the time available to answer the quiz. Third, we introduced a surprise three-
question bonus quiz near the end of the study, containing questions that could be easily
answered through online searches. The bonus quiz had the same incentive structure as
the other quizzes. By examining the percentage of participants who answered all three
questions in the bonus quiz correctly, we can arguably gain an estimate of the number of
participants who might have cheated by searching for answers online. Less than 2 percent
of participants answered all three questions correctly, alleviating concerns about cheating. '
Lastly, unless cheating varies significantly by treatment status, it is unlikely to affect most
of our findings.!! The list of questions for both the main and surprise quizzes can be found
in Appendix Table A.1.

Affective polarization. We include five standard measures of affective polarization (Levy,
2021). First, as our main measure, we employ a feeling thermometer by eliciting respondents’

feelings towards each party’s affiliates on a scale from 0 (extremely negative) to 100 (ex-

19The main results remain qualitatively identical when these participants are excluded from the analysis.

o test for differential cheating across treatments, we compare the time taken to reach the conversation
after the treatment revelation page and find no significant differences.
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tremely positive), and we construct a measure of affective polarization based on the dif-
ference between the two. Second, we measure the difficulty in understanding the perspectives
of others: respondents rate the perceived difficulty of understanding each party’s point of
view on a 5-point scale from 1 (not at all difficult) to 5 (extremely difficult). Third, we elicit
the perceived importance of considering each party’s perspective on a 5-point scale from 1 (not
important at all) to 5 (extremely important). Fourth, we ask respondents to report their per-
ceived number of good ideas for each party using a 4-point scale, with options ranging from
0 (almost no good ideas) to 3 (a lot of good ideas). For each of the first four measures,
we compute the difference between the values elicited for one’s own and the other party,
re-orienting variables in such a way that larger values indicate higher levels of polariza-
tion. Fifth, we elicit the emotional reactions to hypothetical marriages of one’s own children
to an out-party member, on a 3-point scale from 0 (not upset at all) to 2 (very upset). This
response is used directly, without computing a gap between attitudes towards one’s own
and other party members. We then derive a composite index of affective polarization by: i)
standardizing each outcome, ii) orienting each outcome in such a way that higher numbers
always indicate a higher degree of affective polarization, and iii) taking an equally weighted

average of the standardized and re-oriented variables.

2.3. Procedures

Recruitment. We recruited study participants from both Prolific and CloudResearch Connect.
The algorithm that randomly matches participants with a Democrat or with a Republican
required that a sufficient number of participants take the experiment at the same time. We
induced this required thickness by rolling out various recruitment surveys on a daily basis
that invited participants for the main experimental session later in the day. We also used the
recruitment survey to screen out Independents. Overall, we conducted 24 sessions of the
experiment between December 13t" 2023 and March 25", 2024.

On May 4", 2024, on average 98 days after participants took the first survey, we tar-
geted those participants again and invited them to the obfuscated follow-up study. As dis-
cussed, we used different Prolific and CloudResearch accounts to recruit participants, as
well as a different consent form.

Software. We ran the recruitment and follow-up surveys using Qualtrics. The main
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Table 1: Sample Demographics
) @ 3)

Overall Democrats Republicans

Age 42.00 40.24 44.44
(0.43) (0.54) (0.69)
Female 0.47 0.51 0.42
(0.02) (0.02) (0.02)
White 0.77 0.71 0.85
(0.01) (0.02) (0.02)
Black 0.15 0.19 0.09
(0.01) (0.02) (0.01)
Asian 0.11 0.13 0.07
(0.01) (0.01) (0.01)
Latino Identity 0.07 0.08 0.06
(0.01) (0.01) (0.01)
Graduated College 0.22 0.25 0.17
(0.01) (0.02) (0.02)
Household Income over 50k 0.70 0.67 0.75
(0.01) (0.02) (0.02)
Urban Residence 0.54 0.60 0.45
(0.02) (0.02) (0.02)
Voted for Trump 0.34 0.02 0.79
(0.02) (0.01) (0.02)
Voted for Biden 0.55 0.87 0.09
(0.02) (0.01) (0.01)
Observations 993 577 416

Notes: This table presents summary statistics for our main sample. Column (1) shows the overall sample; columns (2) and (3) split it along
party lines. Standard errors in parentheses.
experiment was programmed using oTree (Chen et al., 2016), with a custom integration to
the Daily API that allows us to create pair-specific video-call rooms and store the recordings
of these calls.

Preregistration. The main hypotheses, experimental design, and sample size criteria for
both the main experiment and the follow-up survey were pre-registered on AsPredicted.
org (with pre-registration IDs #155100 and #173633, respectively). Pre-registration can be

found in the replication files.

2.4. Sample and Reweighting

As shown in Table A2, attrition was modest and not differential by treatment.!?
Table 1 presents summary statistics for our main sample. Consistent with known dif-
ficulties in recruiting Republicans for online experiments, our sample features around 28

percent fewer Republicans than Democrats (Kashner and Stalinski, 2024). Compared to

12Following Lin et al. (2016), we also estimate a model in which our main indicator for attrition is regressed
on the treatment indicator, covariates (age, gender, partisan affiliation, and baseline polarization) and the
interaction of treatment indicators with covariates. An F-test of joint significance of these interaction terms
allows us to test for treatment-by-covariate differences in attrition, for which we find no significant evidence
(p = 0.185).
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AsPredicted.org
AsPredicted.org

Table 2: Balance
(1) ) 3) 4) ©) (6)

Co Cross  p-value Co Cross  p-value
(2-(3)  (weight) (weight) (5)-(6)
Age 41.491 42539 0.226 42.110 42.539 0.631
(0.593)  (0.630) (0.632) (0.630)
Female 0477 0.461 0.599 0.474 0.461 0.685
(0.022)  (0.023) (0.023) (0.023)
White 0.754 0.783 0.285 0.780 0.783 0.915
(0.019) (0.019) (0.019) (0.019)
Black 0.167 0.124 0.054 0.149 0.124 0.250
(0.017)  (0.015) (0.016) (0.015)
Asian 0.098 0.114 0.431 0.090 0.114 0.217
(0.013)  (0.014) (0.013) (0.014)
Latino Identity 0.077 0.066 0.521 0.075 0.066 0.605
(0.012) (0.011) (0.012) (0.011)
Graduated College 0.220 0.211 0.722 0.206 0.211 0.848
(0.018) (0.019) (0.018) (0.019)
Household Income over 50k 0.695 0.715 0.503 0.704 0.715 0.713
(0.020) (0.021) (0.021) (0.021)
Urban Residence 0.560 0.519 0.192 0.537 0.519 0.576
(0.022) (0.023) (0.023) (0.023)
Republican 0.344 0.498 <0.001 0.500 0.498 0.949
(0.021)  (0.023) (0.023) (0.023)
Voted for Trump 0.287 0.401 <0.001 0.410 0.401 0.772
(0.020) (0.022) (0.024) (0.022)
Voted for Biden 0.597 0.492 0.001 0.474 0.492 0.587
(0.022)  (0.023) (0.023) (0.023)
Affective Polarization (baseline) 41.552  39.897 0.361 38.989 39.897 0.626
(1.252) (1.310) (1.321) (1.310)
Confidence in Initial Quiz 64.129  63.847 0.772 64.649 63.847 0.428
(0.665) (0.710) (0.720) (0.710)
Score in Initial Quiz 6.487 6.568 0.668 6.446 6.568 0.527
(0.129)  (0.138) (0.135) (0.138)
Observations 509 484 993 509 484 993

Notes: This table presents a balance test for participants in our main sample. In columns (4)~(6), Republican/Democrat-only pairs are
reweighted to balance partisan composition across treatment groups. Robust standard errors in parentheses.

Democrats, Republicans in our sample are slightly older, more likely to be males, more
likely to be white, less likely to have a college degree, and more likely to have a household
income above 50 thousand dollars.

Table 2 presents a balance table that compares the characteristics of individuals in the
co-partisan and the cross-partisan interaction groups.!> As shown in the table, the co-
partisan group features fewer self-identified Republicans, fewer self-declared Trump vot-
ers, and more self-declared Biden voters. This imbalance is mechanical and stems from the
interaction of two forces: i) we recruited fewer self-identified Republicans than Democrats
as discussed above, and ii) the cross-partisan interaction condition necessarily features an
equal number of Republicans and Democrats. As a result of these two forces, there are rela-
tively fewer Republicans than Democrats in the co-partisan group, thus mechanically gen-

erating the imbalance shown in the balance table. We address this imbalance by reweighting

13 Appendix Table A.4 provides balance tests at different stages of the experiment.
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observations so as to mimic having an equal number of Democrats and Republicans both in
the co-partisan and the cross-partisan interaction groups. We do this for all of our analyses
below. Reassuringly, this procedure brings balance also to the individual characteristics that
were not directly targeted, such as Black ethnicity and voting behavior, as can be seen from
columns 4 through 6 of Table 2.1

We note that the imbalance above did not arise from a failure of randomization. Ran-
domly matching individuals coming from a population consisting of two groups of different
sizes into pairs is expected to yield such an imbalance. Despite not arising from a failure
of randomization, the imbalance would bias the interpretation of the results in the absence
of reweighting. Specifically, in the absence of reweighting, the comparison between cross-
partisan and co-partisan pairs would disproportionately reflect the comparison between
cross-partisan and Democrat-Democrat pairs. For robustness, Appendix Table A.5 reports

our main analyses with an alternative (inverse probability) weighting procedure, as well as

with the addition of controls.

3. Main results

The results section is organized as follows. In Section 3.1, we leverage our willingness-to-
pay measure to document a preference for self-selecting into echo chambers, before explor-
ing its plausible drivers. In Section 3.2, we explore the expected and actual learning in the
conversations and decompose learning into the potential for learning and knowledge ex-
traction. Section 3.3 examines the hedonic effects of cross-partisan conversations, including
a lasting reduction in affective polarization.

Following our preregistration, our analyses primarily compare cross-partisan with co-
partisan interactions. In Appendix C, we revisit our main results looking separately at Re-
publicans and Democrats. The results from the split sample show a pattern similar to the

aggregate comparisons.

4The reason why our reweighting procedure addresses the small imbalance on Black ethnicity is arguably
because Black ethnicity is highly correlated with self-identifying as a Democrat.
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Figure 3: Willingness to Pay

Notes: The figure shows predicted values from regressions where Republican/Democrat-only pairs are reweighted to balance partisan
composition across treatment groups. The 95 percent confidence intervals use robust standard errors.

3.1. Self-selection into Echo Chambers
3.1.1. Treatment Differences in Participants’ Willingness to Interact

Our first result is that participants are significantly less likely to want to interact with
counter-partisans than with co-partisans. Figure 3A shows that the average willingness
to pay for interacting with one’s partner is significantly lower in cross- than in co-partisan
pairs. Moreover, Figure 3B shows that participants in cross-partisan pairs are significantly
more likely to have a negative willingness to pay to interact, thus indicating a strict prefer-
ence against interacting. Appendix Table A.6 shows that our results are robust to different
specifications.’ In a world of constrained time and attention, a greater willingness to inter-
act with members of one’s party implies the formation of echo chambers, personal networks

or groups in which ideologically like-minded individuals are over-represented.

15 Appendix Table A.7 uses open-ended responses by participants to show that, across treatments, partici-
pants are not differentially apprehensive about technological or other disturbances, differentially suspicious of
a conversation actually being implemented, or differentially struggling to understand the willingness-to-pay
instructions. The table also suggests that these considerations do not loom large in the participants’ minds to
begin with.
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3.1.2. Barriers to Cross-Partisan Interactions

What motivates the observed gap in willingness to interact? In the context of our study,
participants” willingness to pay for the conversation can be driven by both instrumental
and hedonic motives. Specifically, the conversation has instrumental value because it might
help participants improve their scores on the quiz, and has hedonic value because it can
be more or less pleasant, more or less interesting, etc.'® The fact that ~ 25 percent of par-
ticipants have a strict preference against interacting is highly suggestive of the presence of
hedonic motives (see Figure 3). Specifically, since information can always be ignored, its
instrumental value is non-negative, implying that negative willingness to pay has to stem
from hedonic factors.!”

To better understand the drivers of participants” willingness to interact, we leverage
data from an open-ended question asking participants for the rationale behind their choices
in the willingness-to-pay elicitation. Participants” open-ended responses were hand-coded
by a research assistant blind to treatment status. Figure 4A shows the four most frequently
mentioned rationales and how they correlate with willingness to pay. The four most fre-
quently mentioned reasons are the desire to improve on the quiz, curiosity, the expectation
that the conversation will be enjoyable, and the worry that the conversation will not be en-
joyable.!® These reasons correlate with willingness to pay for the conversation in intuitive
ways. The desire to improve on the quiz, curiosity, and the expectation that the conversation
will be enjoyable are all associated with a higher willingness to pay for the conversation.
Conversely, worrying that the conversation will not be enjoyable is negatively correlated

with willingness to pay.

16The conversation can also have instrumental value outside the context of our experiment, though such
value is likely to be small. Nonetheless, our willingness-to-pay measure is designed to account for this pos-
sibility. Since virtually no participant mentions the instrumental value of the conversation outside the exper-
iment when asked to explain the rationale behind her choices in the willingness-to-pay elicitation, we ignore
such value in the remainder of the paper.

17Such hedonic factors, for instance, include unwillingness to talk to a stranger, unwillingness to discuss
politics, etc.

18In Figure 4, we include separate indicators for participants mentioning expecting the conversation to be
enjoyable and expecting it to be unenjoyable. This allows us to be consistent in the analysis presented in the
figure by always constructing our outcome variables as indicators for mentioning a particular issue in the
open response.
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Figure 4: Reasons for WIP Decision

Notes: Panel A shows the coefficients from a regression of WTP (in U.S. dollars) on the four most frequently mentioned rationales for
the WTP decision. Panel B shows predicted values from regressing each rationale on a cross-partisan treatment indicator; stars indicate
a significant difference between co- and cross-partisan groups. Republican/Democrat-only pairs are reweighted to balance partisan
composition across treatment groups. The 95 percent confidence intervals use robust standard errors. * p<0.1, ** p<0.05, *** p<0.01.

Figure 4B shows how the four most frequently mentioned rationales behind the choices
in the willingness-to-pay elicitation differ between experimental conditions. Participants
poised to participate in cross-partisan interactions are significantly less likely to state that
wanting to improve on the quiz factored into their willingness to pay for the conversation
and significantly more likely to mention worries about the conversation being unpleasant.
There are no statistically significant differences across conditions as to whether participants
state that they are curious about the interaction or that they expect to enjoy it.!”

In summary, participants” willingness to pay reflects both their desire to improve their
quiz performance and concerns about not enjoying the conversation. These motives vary

systematically between co- and cross-partisan interactions, aligning with the observed dif-

ferences in willingness to pay.

3.2. The Instrumental Value of Conversations

A detailed investigation of the instrumental motives for selecting into echo chambers is
important because, for consequential decisions, these motives might overshadow hedonic

factors and be the primary drivers of self-selection into echo chambers.

19 Appendix Figure A.1 describes less frequently stated considerations about willingness to pay and illus-
trates how such considerations vary by treatment.
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3.2.1. The Gap in Expected Improvement

Panel A. Expected Improvement Panel B. Actual Improvement
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Figure 5: Expected and Actual Improvement

Notes: Panel A shows predicted values from a regression of expected improvement on a cross-partisan treatment indicator. Panel B shows
the same for actual improvement. Republican/Democrat-only pairs are reweighted to balance partisan composition across treatment
groups. The 95 percent confidence intervals use robust standard errors (Panel A) and standard errors clustered at the pair level (Panel B).

We begin by examining respondents” expectations about the extent to which the con-
versation can help them improve their answers to the quiz. If participants expect to learn
less from counter-partisans than from co-partisans, then even absent hedonic factors such as
the comfort of interacting with like-minded individuals, the perceived relative instrumen-
tal value of co- vs. cross-partisan conversations alone could lead to the formation of echo
chambers.

As depicted in Figure 5A, participants expect to improve significantly less when they
are assigned to a cross-partisan rather than a co-partisan conversation. The magnitude of the
effect is around half a question in the quiz. As shown in Appendix Figure A.2, the conversa-
tion itself does not appear to alter these expectations significantly. When we assess partici-
pants’ expected improvement after the conversation, we find that: a) they continue to expect
greater instrumental benefits from co-partisan interactions compared to cross-partisan ones
(p = 0.015), and b) the size of the expectation gap does not significantly change (p = 0.250).
Thus, the conversation itself fails to significantly shift participants” beliefs about its instru-

mental value.
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3.2.2. The Gap in Actual Learning

To what extent are participants’ expectations about learning from co- and cross-partisan
conversations justified? We begin by analyzing the average differences in actual learning
between co-partisan and cross-partisan conversations, where actual learning is defined as
the increase in the number of correct answers to the quiz following the conversation. As
shown in Panel B of Figure 5, we can be relatively confident that cross-partisan conversa-
tions are less informative than co-partisan ones. Specifically, we can reject at the 10 percent
level the null hypothesis that co-partisan and cross-partisan conversations lead to the same
level of improvement (p = 0.064). Even in the relatively unlikely event that cross-partisan
conversations lead to larger improvements than co-partisan ones, we can rule out improve-
ments greater than 0.01 correct answers on the quiz at the 5 percent significance level.2

These results are qualitatively consistent with participants” expectations that co-partisan
conversations are more informative than cross-partisan ones. Quantitatively the expected
difference in improvements (0.58) is larger than the actual difference in improvements (0.22)
between co- and cross-partisan conversations, albeit not significantly so at conventional lev-
els (p = 0.371).

Previous work (e.g. Hobolt et al. 2024) finds that cross-partisan contact leads to a con-
vergence of attitudes and beliefs. In Appendix D we describe a similar convergence result.
Relative to co-partisan conversations, cross-partisan conversations in our study eliminate

the partisan signature of a participant’s profile of answers.?!

However, a strength of our
design is that we can study convergence to the truth as a phenomenon that may be dis-
tinct from convergence of beliefs between groups. Leveraging this distinction, we see that

cross-partisan conversations might be worse at achieving learning than at achieving factual

20 An improvement of 0.01 correct answers on the quiz translates to less than one cent in monetary terms.
Thus, even at the upper bound of the confidence interval for the relative expected improvement from cross-
partisan conversations, the monetary gain is so minimal that it would not alter the behavior of any participant
in our experiment who, according to her willingness to pay, has a strict preference against interacting with
a counter-partisan. In other words, even if participants’ beliefs about the relative gains from cross- versus
co-partisan conversations were mechanically set at the upper limit of the confidence interval, this marginal
improvement would not be sufficient to shift their preference away from self-selecting into echo chambers.

2n particular, we are able to correctly predict someone’s party affiliation by looking at their answers
63 percent of the time. After engaging in a cross-partisan conversation, this fraction drops to 47 percent.
Moreover, this factual depolarization persists in the follow-up survey.
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depolarization or convergence.

3.2.3. Potential for Learning and Knowledge Extraction

To understand differences in learning from co-partisans and counter-partisans more deeply,
we can decompose actual improvement into two key components: potential for learning and
difficulties in knowledge extraction. We define potential for learning as the number of quiz
questions for which a participant’s partner knows the correct answer and the participant
does not. We define difficulties in knowledge extraction as a participant’s inability to cor-
rectly revise the answer to a question, conditional on her partner having the correct answer.

The decomposition of actual improvement into potential improvement and difficulties
in knowledge extraction is helpful for shedding light on the reasons why participants are
able to learn more from co-partisans than from counter-partisans. The potential for learning
reflects differential knowledge distributions between co-partisan and cross-partisan pairs.
Difficulties in knowledge extraction might stem, for instance, from a lack of trust in the
credibility of the other side of the political aisle, a tendency of cross-partisan discussions to
focus on unproductive questions, or a propensity of such conversations to become heated
and hostile.

Formally, the decomposition works as follows. Let improvement;; denote participant
i’s improvement on the quiz as a result of having a conversation with participant j. Let
potential; ; denote the number of questions that participant i answered incorrectly in the
Initial Quiz and participant j answered correctly. By the law of total expectation, we have

14
E(improvement; ;) = kZ;') E(improvement; j|potential; ; = k) P(potential; ; = k)
where the expectations indicate population-level quantities.

In order to produce one summary measure of perceived difficulties in knowledge ex-
traction, we impose the assumption that, conditional on player j correctly answering k ques-
tions in the Initial Quiz that player i answered incorrectly, player i improves her score
on the Revised Quiz by, on average, pk questions. We can thus interpret § € [0,1] as

parametrizing the perceived ease of knowledge extraction, and we can let it vary by treat-
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ment t € {co, cross}. The assumption allows us to rewrite expected improvement as:
E(improvement; ;) = BE(potential; ) (3.1)

By conditioning the expectations in the expression above on whether participant i is
poised to have a conversation with a co- or counter-partisan, we obtain four measures: two
measures of potential improvement (one from co- and one from counter-partisans), and
two measures of ease of knowledge extraction (again, one from co- and one from counter-
partisans).

Panels A and B of Figure 6 show that impairments to learning in cross-partisan inter-
actions are primarily due to difficulties in knowledge extraction. Specifically, Panel A of
Figure 6 shows that potential improvement is, if anything, larger in cross-partisan conver-
sations than in co-partisan ones. Appendix Figure A.3 shows that this is because knowledge
is distributed across party lines, with Democrats and Republicans being equally informed
on average, but differentially informed across quiz questions. Appendix Figure A.3 also
shows that while both parties are equally informed, our participants are much more pes-
simistic about the knowledge of counter-partisans than they are about the knowledge of
co-partisans.

The fact that, despite the greater potential for learning in cross-partisan conversations,
participants tend to learn less in cross-partisan than in co-partisan interactions must then
be due to greater difficulties in knowledge extraction when meeting counter-partisans. In-
deed, Panel B of Figure 6 shows that, for every question that a participant’s conversation
partner answers correctly and the participant does not, the participant’s score improves by
17 percent less when the partner is a counter-partisan rather than a co-partisan.

Our definition of potential improvement and our decomposition of learning into po-
tential improvement and knowledge extraction make two implicit assumptions. The first
assumption is that the most valuable learning opportunities are instances where exactly
one of the two conversation partners has the correct answer, as opposed to instances where
neither partner has the correct answer. The second assumption is that unlearning, defined
as transitioning from having a correct answer to having an incorrect one as a result of the
conversation, is sufficiently uncommon as to be negligible.

Appendix Table A.8 provides support for both assumptions. First, instances in which
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Figure 6: Actual and Potential Improvement

Notes: Panel A shows potential improvement by treatment. Potential improvement is constructed as follows. First, we select two parties i
and j from the set { Democrat, Republican}. Second, for each question, we calculate the potential improvement for the average affiliate of
party i meeting an average affiliate of party j as the sample-level probability that the affiliate of party i does not know the answer times
the probability that the affiliate of party j does. We then sum these question-level statistics at the quiz level and average across cross- and
co-partisan pairs to produce the bars. In Panel B, we relate potential improvement at the level of individual pairs to actual improvement
in those pairs. We refer to our measure of potential improvement in Panel B as potential improvement (realized), because it refers to
the number of questions, for each participant and for the partner she is randomly matched to in conversation, where the participant
gave an incorrect answer and her partner gave the correct one. Panel B presents regressing actual improvement for each participant on
potential improvement (realized), in a model where the intercept is fixed at 0 as required by Equation 3.1. In the regression, potential
improvement (realized) is interacted with treatment assignment. . and Sy represent the estimated ease of knowledge extraction for the
co- and cross-partisan treatments respectively. In the overlayed scatterplot of Panel B, opacity is proportional to the square root of the
number of observations in each bin. Republican/Democrat-only pairs are reweighted to balance partisan composition across treatment
groups. All outcomes are in number of correct quiz answers (out of 14). The 95 percent confidence intervals and p-value use bootstrapped
standard errors (Panel A) and standard errors clustered at the pair level (Panel B).

conversation partners transition from one correct answer between them to two correct an-
swers are 4 to 5 times more common than instances in which the partners transition from
zero correct answers between them to one correct answer.??> Moreover, transitioning from
one correct answer between the two partners to two correct answers is 16 times more likely
than transitioning from zero correct answers to two correct answers. Second, we do not find
evidence that unlearning plays a significant role in our experiment. Specifically, the fraction
of instances in which at least one partner transitions from a correct answer to an incorrect
one is less than 6 percent.??

Mirroring our results on treatment differences in knowledge extraction, Appendix Ta-

22Here an “instance” is a particular question in which a particular participant pair transitions from one
knowledge state to another.

ZThese results suggest that people who give the correct answer in the Initial Quiz are not simply guessing
randomly. In fact, the results presented in Panel B of Figure 6 are robust to different specifications of potential
learning in which one’s conversation partner is considered to know the correct answer only if she also reports

a high level of confidence in her answer (see Appendix Figure A.4).
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ble A.8 also shows treatment differences in exactly two of the nine possible pairwise tran-
sitions: cross-partisan conversations are significantly less likely to feature transitions from
one correct to two correct answers and they are significantly more likely to lead to stagnant

transitions from one correct answer to one correct answer.

3.2.4. What Drives Treatment Differences in Knowledge Extraction?

We investigate two broad candidate explanations for why it may be harder to extract knowl-
edge from counter-partisans. The first is that cross-partisan conversations may be less con-
ducive to information sharing, for example because information is communicated less ef-
fectively, because participants focus on less productive topics, or because conversations be-
come more heated. The second candidate explanation is that prior prejudice about, or lack
of trust in, a counter-partisan’s knowledge impedes learning and cannot be overcome dur-
ing the conversation.

To study differences in the conversations themselves, we leverage a dataset consisting
of the video recordings of the conversations. In particular, we instructed research assis-
tants, who were blind to treatment status, to watch each conversation and to code it accord-
ing to a pre-specified codebook. Furthermore, we supplemented these hand-coded mea-
sures with machine-extracted audiovisual measures. The human-coded variables capture
interpersonal and communicative behavior, including qualities like openness to listening,
friendliness, assertiveness, and the type of justification offered for answers. The machine-
coded variables are derived algorithmically from video and audio using computer vision
and speech models, extracting nonverbal signals such as body posture, facial action, gaze di-
rection, and predicted emotional states such as happiness, contempt, and anger from voice
(see Appendix Table B.1 for the full list of variables).

To get further traction on the conversations themselves, we also transcribed them and
represented each transcript using a high-dimensional text-embedding model for general-
purpose retrieval (voyage—-4-1large). The embedding model maps text into a 1,024-dimensional
vector that summarizes its semantic content, with the aim of capturing subtle features of
meaning and discourse that may be missed by our codebook.

To study the second candidate explanation, which relies on participants” expectations

and interpretations of the conversations, we leverage variables elicited from participants
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before and after the conversation.

Differences in the conversation. We begin by looking for differences between co- and
cross-partisan conversations that may plausibly drive differences in knowledge extraction.
Figure A.6 shows that, if anything, cross-partisan pairs spend more time on productive
questions, defined as questions for which exactly one of the two partners has the correct
answer. Moreover, the answers participants communicate in both co- and cross-partisan
conversations have above-90-percent fidelity to their actual answers, are expressed with
similar confidence, and are supported by similar levels of justification. Thus, there appear
to be no differences in the transmission of information that could rationalize differences in
knowledge extraction.

More generally, observable differences between co- and cross-partisan conversations
are barely detectable. In Appendix Figure A.7, we check for treatment differences in the
broader set of variables coded by the research assistants and in the audio-visual variables
we extracted. Overall, the conversations look strikingly similar. The only exception to this
rule is that cross-partisan conversations are more likely to involve explicit rejection of the
partner’s answer.

Of course, our hand-coding summarizes only part of the information contained in a
conversation. We therefore turn to the full transcripts and ask whether an embedding-based
classifier can distinguish cross-partisan from co-partisan conversations. The classifier per-
forms better than chance (p = 0.04), indicating that treatment status leaves a detectable sig-
nature in the language of the conversations. However, the magnitude of this signal is small:
the out-of-sample AUC is only 0.559 (see Appendix Table B.3).2* Thus, the transcripts con-
tain a real but substantively limited treatment signal. Co- and cross-partisan conversations
are somewhat distinguishable based on their transcripts, but far from cleanly separable.

To understand what the embedding-based classifier is detecting, we relate the tran-
script embeddings back to the hand-coded features. Only one feature correlates signifi-
cantly with the embeddings: the explicit rejection of the partner’s answer (see Appendix Figure

B.2). This suggests that cross-partisan conversations are somewhat more likely to involve

24The AUC, or area under the ROC curve, measures how well a classifier separates two groups across all
possible classification thresholds. An AUC of 0.5 corresponds to chance performance; an AUC of 1 corre-
sponds to perfect separation.
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direct pushback, but are void of other significant differences.

Differences in participants’ trust. We next turn to the role of expectations and interpre-
tations in shaping knowledge extraction. We have already seen that, although Democrats
and Republicans are equally knowledgeable on average, both sides believe the other side
to be less knowledgeable and neglect the fact that knowledge is distributed across the aisle
(see Appendix Figure A.3). Consistent with this pattern, Appendix Table A.10 shows that,
when asked how knowledgeable they deem their partner specifically, participants are sub-
stantially more pessimistic about counter-partisans. Moreover, this pessimism persists af-
ter the conversation. We also observe similar relative pessimism in an incentivized post-
conversation belief about the partner’s number of correct answers. Finally, it is noteworthy
that the only substantive difference between treatments that we glean from the transcripts is
an expression of distrust, in the form of pushback. Suggestive of trust driving differences in
knowledge extraction, Appendix Table A.10 shows that lower trust in conversation partners
and greater pushback during the conversation are predictive of lower levels of knowledge
extraction.?

Taken together, the evidence suggests that the central obstacle to cross-partisan learn-
ing is neither the absence of useful information, nor a breakdown in the conversation itself,
but rather a failure to credit counter-partisan information. Participants enter cross-partisan
conversations expecting their partners to be less knowledgeable even though Democrats
and Republicans are similarly informed. Moreover, even though co- and cross-partisan
pairs discuss similarly productive questions, transmit answers with similar fidelity and
confidence, justify their answers in similar ways, and look strikingly similar in observable

content and tone, the trust gap persists and predicts failures of knowledge extraction.

2Only post-conversation measures of trust significantly predict knowledge extraction. Crucially, these
measures continue to exhibit lower levels in cross-partisan pairs. The fact that the correlation between trust
and knowledge extraction increases and becomes significant after participants experience the conversation
suggests that participants learn about their partner’s knowledgeability and are better able to predict it ex-
post. The fact that the partisan gap in trust persists suggests that this learning is imperfect and does not lead
to a sufficient reduction in undue prejudice.
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3.3. The Hedonic Value of Conversations
3.3.1. Expected and Realized Hedonic Value

We already saw that, facing cross-partisan conversations, participants were more likely to
voice the concern that the conversation would not be enjoyable. Panel A of Figure 7 confirms
this result in a test that subsumes positive and negative mentions of predicted enjoyment
(as well as the absence of any mentions) in an index.

Panel B of Figure 7 reveals that participants” worries about the relative unpleasantness
of cross-partisan contact are largely unwarranted. The figure depicts agreement with the
statement “I had a good time during the conversation” on a Likert scale from 1 (strongly
disagree) to 4 (strongly agree). We see that the average participant in both conversations
experienced conversations as rather pleasant and that participants were equally likely to
report having had a good time in co-partisan and cross-partisan conversations.

We note that predictions and self-reports are not incentivized and that they are mea-
sured on different scales. Nonetheless, panels A and B of Figure 7 exhibit qualitatively
different patterns: the ex-ante difference in the likelihood of voicing concerns about not en-
joying the conversation is significantly negative, whereas we see no ex-post difference in

self-reported experiences.

3.3.2. Affective Polarization: Short-term Effects

Next, turning to affective polarization, we examine whether cross-partisan conversations
improve how participants feel about individuals affiliated with the opposing political party
relative to their co-partisans. Given the recent rise in affective polarization and its well-
documented negative effects on democratic processes and social cohesion, any reduction in
affective polarization carries significant normative weight (Iyengar et al., 2019; Boxell et al.,
2024).

Consistent with prior findings on the pronounced levels of affective polarization in the
U.S. political landscape (e.g. Druckman and Levy, 2022), our primary measure of affective
polarization, the feeling thermometer, illustrates substantial polarization at baseline. Partic-
ipants rated their feelings toward individuals from the opposing party 39 points colder (on

a scale from 0 to 100) compared to those from their own party.
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Panel A: Expected Enjoyment Index Panel B: Actual Enjoyment

0.25
L
4
L

‘ p»=0.001 ‘ ‘ »=0.320

3
I

2
I

Expected Enjoyment Index
0.00
Actual Enjoyment

-0.25

Co-partisan ' Cross-partisan Co-partisan | Cross-partisan

Figure 7: Expected and Actual Enjoyment

Notes: Panel A shows predicted values from a regression of an expected enjoyment index on a cross-partisan treatment indicator. The
index is coded on {—1,0,+1}: —1 if the participant expects not to enjoy the interaction, +1 if they expect to enjoy it, 0 if they did not
mention enjoyment in the open-ended explanation of their WTP decision. Panel B shows predicted values from regressing reported
enjoyment after the interaction on a cross-partisan treatment indicator; the outcome uses a 1-4 Likert scale (1 = “strongly disagree”, 4
= “strongly agree”). Republican/Democrat-only pairs are reweighted to balance partisan composition across treatment groups. The 95
percent confidence intervals and p-values use robust standard errors (Panel A) and standard errors clustered at the pair level (Panel B).

We find that our intervention substantially mitigates this polarization. First, Figure
8A shows, in a before-after comparison, that cross-partisan conversations reduce the feeling
thermometer gap by ~ 20 percent, indicating a notable improvement in attitudes toward the
opposing party. Second, we employ five distinct measures of affective polarization elicited
after the conversations to estimate the differential effects of cross-partisan versus co-partisan
interactions. Panel B of Figure 8 demonstrates that cross-partisan conversations produce
significant and substantial reductions in affective polarization across all five measures, with
effect sizes ranging from 0.14 to 0.33 standard deviation units.

Because we elicit participant’s baseline willingness to interact, our study can address a
threat to external validity that usually plagues experimental studies on intergroup contact,
i.e. that individuals who select into contact might be more receptive to the depolarizing
effects of intergroup contact than those who choose to opt-out. We find that the correlation
between willingness to interact and affective depolarization is not statistically different from
zero (r = 0.013, p = 0.772), assuaging concerns that the positive effects of cross-partisan

contact on affective polarization are more pronounced for individuals who are more willing

to engage with counter-partisans.
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Panel A: Warmth Distribution Panel B: Affective Polarization
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Figure 8: Affective Polarization

Notes: Panel A shows the distributions of baseline and endline warmth toward one’s own and the other party, restricted to the cross-
partisan treatment group. Kolmogorov-Smirnov test p-value for own-party warmth: 0.954; for other-party warmth: <0.001. Panel B plots
coefficients on a cross-partisan treatment indicator from regressions of the 5 outcome variables and an index of affective polarization
(construction in Section 2.2), measured both immediately after the interaction and again ~100 days later. We deviate from the pre-
registration by including the “Marry opposing party” variable in the polarization index — a more comprehensive and conservative
choice, as discussed in the main text. Republican/Democrat-only pairs are reweighted to balance partisan composition across treatment
groups. The 95 percent confidence intervals use standard errors clustered at the pair level.

3.3.3. Affective Polarization: Persistence of Treatment Effects

To test for the persistence of the depolarizing effects of cross-partisan conversations, we
conducted a follow-up survey approximately 100 days after the main study.?® As previ-
ously discussed, the study was fielded and designed to appear unrelated to the original
experiment, minimizing the chance that participants associate the follow-up survey with
the initial study and give rise to experimenter demand effects.

The primary outcome measure specified in our pre-analysis plan, the feeling ther-
mometer, indicates that the treatment effect of cross-partisan interactions remains positive
and statistically significant in the follow-up survey (p = 0.009). This long-term effect is 92
percent of the immediate effect, and the difference between the immediate and follow-up
effects is not statistically significant at conventional levels (p = 0.541). Figure 8B shows
that the persistence of the effects varies across different outcomes, but that the overall pat-
tern remains consistent. Specifically, on a pre-specified equally weighted index of our five
standardized affective polarization measures, we observe a 0.15 standard deviation reduc-

tion in polarization in the follow-up survey (p = 0.058) when comparing participants in

26 Appendix Table A.2 shows no differential response rates across treatments.
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cross-partisan pairs to those in co-partisan pairs.?”

For additional context, Appendix E presents a meta-analysis that compares our results
to those in the experimental literature on partisan contact.?® Our study is among the largest
and one of a few that involve an obfuscated follow-up study to measure the persistence of
treatment effects (see Appendix Figure E.1). Our standardized short-run treatment effects
are broadly comparable to the meta-analytic effects of interpersonal contact documented in

the literature.

3.3.4. What drives treatment differences in affective polarization?

As we have shown, participants expect cross-partisan conversations to be less enjoyable
than co-partisan ones. Ex post, however, participants report that cross-partisan conversa-
tions are just as pleasant as co-partisan conversations. This pattern mirrors the evidence
from the audiovisual data: along a wide range of observable dimensions, co- and cross-
partisan conversations look strikingly similar (see Appendix Figure A.7). But unlike in the
case of knowledge extraction, participants appear to draw a positive lesson from this simi-
larity. They enter cross-partisan conversations with relatively pessimistic expectations, are
positively surprised by the interaction, and update their views of their conversation part-
ner’s group.

Consistent with this mechanism, Appendix Table A.9 shows that depolarization is
substantially larger among participants who were more affectively polarized at baseline.?’
These are precisely the participants for whom a pleasant cross-partisan conversation should

be most surprising.

?’In the pre-analysis plan we indicated that this index would exclude the fifth polarization outcome, al-
ready found to be less malleable in Levy et al. (2022). If we followed the pre-analysis plan and excluded this
outcome, the gap at follow-up would be larger (0.17 standard deviations) and significant at the 5 percent level
(p = 0.040). On a separate note, Appendix Figure A.5 shows qualitatively similar results when restricting the
analysis to participants observed both in the main study and the follow-up survey.

2The literature on contact has traditionally emphasized interactions between different racial, ethnic, or
social groups. See Paluck et al. (2021) for an older, comprehensive survey of this literature and Lowe (2024) for
a selective survey of studies that had been pre-registered on the AEA-RCT Registry and the EGAP Registry.

2 This finding cannot be the result of mean reversion, since mean reversion should apply equally in co-
partisan and cross-partisan conversations.

32



3.3.5. What features of conversations are depolarizing?

We conclude this section by asking which features of cross-partisan conversations are par-
ticularly depolarizing. This question is of interest to the designers of information environ-
ments. Compared to previous work, our study is uniquely situated to answer it because
of our rich audio-visual data and conversation transcripts. Appendix Table A.9 reports
LASSO regressions using the full set of hand- and machine-coded features of the conver-
sations. Emotional engagement emerges as the key predictor of depolarization in cross-
partisan conversations. This variable captures RA-coded measures of whether a participant
shared something personal, expressed their feelings, or validated their partner’s feelings.
Thus, conversations that feature greater intimacy and bonding affect not only participants’
views of their conversation partner, but also their views of their partner’s party.

This pattern is closely related to mechanisms emphasized in the contact-hypothesis lit-
erature. Classic accounts argue that intergroup contact is most likely to reduce prejudice
when it creates conditions for meaningful, cooperative, and equal-status interaction (All-
port, 1954). Subsequent work emphasizes that contact can reduce prejudice by lowering
intergroup anxiety and increasing empathy and perspective-taking (Pettigrew, 1998; Pet-
tigrew and Tropp, 2006b). Using rich process data, we show that these mechanisms are
pivotal. In particular, our measure of emotional engagement captures both vulnerability,
which is indicative of lower anxiety, and validation of the other person, which is indicative
of greater empathy.

In co-partisan conversations, emotional engagement weakly predicts increased polar-
ization (r = 0.082, p = 0.067).%° This pattern is also intuitive: in these conversations, bond-
ing occurs with a member of one’s own party and increases warmth toward the ingroup. A
corollary of our two results is that echo chambers are especially detrimental to social cohe-
sion when there is scope for friendly and emotionally engaged conversations across party
lines.

Taken together, the results in this section suggest that the effects of cross-partisan con-
versations on affective polarization are substantial and largely persistent. The follow-up

study also helps abate potential concerns about experimenter demand, as the effects are

30This effect is driven by increased warmth towards co-partisans (p = 0.026), and not by changes in warmth
towards cross-partisans (p = 0.545).
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present in an obfuscated and seemingly unrelated elicitation. Finally, our results suggest
that contact depolarizes through a form of positive surprise, with more emotionally en-

gaged cross-partisan conversations leading to greater depolarization.

4. Conclusion

Our experiment delivers new evidence on the drivers and consequences of co- and cross-
partisan conversations centered on facts about politics. We identify a preference for co-
partisan over cross-partisan conversations that might contribute to the prevalence of echo
chambers even where geographical sorting offline and algorithmic sorting online are not
at play. Our finding that both hedonic and instrumental motives play a role in driving
the preference for co-partisan interactions likely makes self-selection into such interactions
more robust to the exact nature and objective of the interaction than it would otherwise be.

A nuanced picture emerges when we look at the consequences of cross-partisan con-
tact. On information aggregation, we document significant difficulties in extracting knowl-
edge from counter-partisans: our participants struggle to harness the benefits of knowledge
that is distributed across the aisle. As a result, policies that encourage cross-partisan inter-
actions may not significantly enhance cross-partisan information sharing. Because the con-
versations do little to change broadly correct beliefs about overall learning and mistaken
beliefs about the informedness of counter-partisans, policies that induce cross-partisan in-
teractions are also not likely to reduce future self-selection on informational grounds. At
the same time, our results suggest the intriguing possibility that policies that correct prej-
udice about the other side’s informedness can both increase the willingness to engage in
cross-partisan contact and improve how much individuals learn from cross-partisan con-
tact. Future work could put the potential of such policies to foster cross-partisan learning to
an experimental test.

On social cohesion, our findings suggest that encouraging cross-partisan interactions
may durably reduce affective polarization. This stands in contrast to Santoro and Broock-
man (2022), who find that conversations about political ideology broadly do not depolarize.
Our results suggest that neither avoiding disagreement nor avoiding politics is a necessary

condition for cross-partisan contact to work. What matters is positive emotional engage-
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ment, and conversations about politics can readily provide it.
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Online Appendix for “Talking across the Aisle”

Luca Braghieri Peter Schwardmann Egon Tripodi

Instructions and Protocols

You can find a complete set of experimental instructions and other detailed protocols in the

replication package, which is available at https://osf.i0/r56b8/.

A. Additional Tables and Figures

Table A.1: Quiz Questions and Answers

)

@

®)

4)

# Label Question Options
Q1 Inflation What was the path of inflation a) It was low throughout
over the last three years? b) It was high throughout
¢) It first increased and then decreased
d) It increased throughout
e) It decreased throughout
Q2 Declare War Which part of government has a) Congress
the power to declare war? b) The Senate
¢) The President
d) The Department of Defense
e) The Secretary of State
Q3 Spend Least ~ What does the US government a) National Security
currently spend the least on? b) Healthcare
¢) Social Security
d) Foreign Aid
e) Education
Q4 Enforce Laws ~ Which branch of government is a) The Legislative branch
responsible for carrying out and b) The Judicial branch
enforcing laws? c) The Executive branch
d) The Deliberative branch
e) The Enforcing branch
Q5 Gun Checks  According to a survey of USgun  a) Exactly zero percent
owners, what percentage of guns  b) Between 0 and 25 percent
is obtained without background c) Between 25 and 50 percent
checks? d) Between 50 and 75 percent
e) More than 75 percent
Q6 House Who among the following was a) Nancy Pelosi
Speaker never a speaker of the US House  b) Mike Johnson
of Representatives? ¢) Mitch McConnell
d) Kevin McCarthy
e) John Boehner
Q7 Healthcare Compared to countries like a) A quarter as much

Colombia, Finland and Italy, how
much of their GDP do Americans
spend on health care?

b) Half as much

¢) About the same

d) Twice as much

e) Four times as much



https://osf.io/r56b8/

Q8 Gun Deaths What is the biggest contributor to  a) Suicides
gun-related deaths in the United b) Hunting accidents
States? ¢) Police shootings
d) Murders
e) Shooting range accidents
Q9 Trump Which of the following a) They tend to be ineffective
Vaccines statements best describes Donald ~ b) They are dangerous and can cause autism
Trump’s most recent view of ¢) They are very important and people should get vaccinated
vaccines, such as those for d) We need more research on whether certain vaccines work
measles and COVID? e) Everybody should be forced to get vaccinated
Q10 Deported Which administration deported a) George Bush
Most the most immigrants? b) Bill Clinton
c) George W. Bush
d) Barack Obama
e) Donald J. Trump
Q11 Biden Police ~ Which of the following a) Biden supports “defund the police” unequivocally
statements best describes Joe b) Biden supports “defund the police” unequivocally, but has not
Biden’s position on policing and ~ condemned police violence against African Americans
the "defund the police’ ¢) Biden does not support “defund the police”, but has condemned
movement? police violence against African Americans
d) Biden does not support “defund the police” and has not
condemned police violence against African Americans
e) Biden has never commented on police violence or the “defund
the police” movement
Q12 Food Stamps ~ What fraction of the US a) Between 0% and 10%
population is on food stamps? b) Between 11% and 20%
¢) Between 21% and 30%
d) Between 31% and 40%
e) Between 41% and 50%
Q13 Senate Who is the current senate a) John Fetterman
Majority majority leader? b) Mitch McConnell
¢) Paul Ryan
d) Newt Gingrich
e) Chuck Schumer
Q14 Immigrants Roughly, how many a) 100 000
unauthorized immigrants resided  b) 500 000
in the US in 2021 (including those  ¢) 1 million
who overstayed their visas)? d) 5 million
e) 10 million
B1 Lowest Tax Which of the following countries  a) Switzerland
has the lowest corporate income b) United States
tax? c) Germany
d) Mexico
e) Ireland
B2 Fewest Police  Which of the following countries  a) France
has by far the fewest police b) Spain
officers per capita? ¢) Russia
d) United States
e) Argentina
B3 Obama Sec. Who was Secretary of State a) Al Gore
of State during Barack Obama’s second b) Hillary Clinton
term as president (2013-2017)? ¢) John Kerry
d) Joe Biden
e) Ash Carter

Notes: The correct options are highlighted in green. The questions and options are presented to the participants in the order displayed
above. The three questions denoted "B" in Column (1) are surprise bonus questions that were asked in the post-experiment survey to
detect participants that use google or Al to find correct answers.



Table A.2: Attrition

) @ ®) @)
Attrition in Attrition in Completed Completed
Main Experiment Main Experiment Follow-Up Follow-Up
Crosspartisan Interaction 0.0389 0.0353 0.0346 0.0274
(0.0320) (0.0323) (0.0302) (0.0306)
Player Party: Democrat -0.0247 -0.0465
(0.0226) (0.0298)
Sample mean 0.202 0.202 0.687 0.687
Observations 1245 1245 993 993
R? 0.002 0.003 0.001 0.004

Notes: Columns (1) and (2) report attrition regressions among participants who reached the treatment screen and were not assigned the
decider role: 1,245 randomly assigned, 993 completing the main experiment. Columns (3) and (4) report regressions for successfully
completing both the main experiment and the follow-up survey (administered ~98 days later); of the 993, 682 completed the follow-up.
The regressions are not reweighted. Standard errors clustered at the pair level in parentheses. * p<0.1, ** p<0.05, *** p<0.01.

Table A.3: Incentivized Expected Improvement Elicitation

@ 2
Improvement Bias
Incentive for E[Improv] -0.00344 -0.272
(0.128) (0.225)
Sample mean 1.447 1.065
Observations 993 993
R? 0.000 0.002

Notes: This table reports regressions of actual improvement and estimate bias (expected improvement minus actual improvement) on an
indicator for whether the expected-improvement question was incentivized. To check whether incentives induced participants to game
the expected-improvement question, we incentivized this question for only half of our participants; they learned of the incentive after
stating their expectation but before answering the Revised Quiz. Republican/Democrat-only pairs are reweighted to balance partisan
composition across treatment groups. Standard errors clustered at the pair level in parentheses. * p<0.1, ** p<0.05, *** p<0.01.



Table A.4: Balance Robustness

Participants who... reached random matching, completed the conversation, completed follow-up.
@ @ ®) ) ©) © @) ® ©)
Co Cross  p-value Co Cross  p-value Co Cross  p-value
(weight) (weight) (1)-(2) | (weight) (weight) (4)-(5) | (weight) (weight) (7)-(8)
Age 42.485 42.48 0.998 42.107 42.581 0.594 44.275 44.716 0.678
(0.613) (0.588) (0.630) (0.629) (0.753) (0.749)
Female 0.469 0.448 0.492 0.475 0.458 0.589 0.481 0.437 0.266
(0.022) (0.021) (0.023) (0.023) (0.029) (0.027)
White 0.794 0.778 0.506 0.781 0.784 0.893 0.798 0.801 0.923
(0.017) (0.018) (0.018) (0.019) (0.022) (0.022)
Race: Black 0.143 0.132 0.608 0.149 0.123 0.242 0.135 0.114 0.402
(0.015) (0.015) (0.016) (0.015) (0.018) (0.017)
Race: Asian 0.084 0.110 0.138 0.090 0.113 0.224 0.089 0.114 0.274
(0.012) (0.013) (0.013) (0.014) (0.016) (0.017)
Latino Identity 0.077 0.062 0.36 0.077 0.066 0.49 0.073 0.047 0.15
(0.012) (0.010) (0.012) (0.011) (0.015) (0.011)
Graduated College 0.220 0.220 0.995 0.205 0.211 0.808 0.206 0.185 0.495
0.018)  (0.018) (0.018)  (0.019) 0.022)  (0.021)
Household Income over 50k 0.713 0.721 0.764 0.705 0.715 0.742 0.708 0.704 0.905
(0.020) (0.019) (0.021) (0.020) (0.026) (0.025)
Urban Residence 0.545 0.517 0.366 0.535 0.520 0.628 0.526 0.487 0.322
(0.022) (0.021) (0.023) (0.023) (0.029) (0.027)
Republican 0.518 0.495 0.471 0.501 0.499 0.940 0.519 0.513 0.892
(0.022) (0.021) (0.023) (0.023) (0.028) (0.027)
Voted for Trump 0.430 0.393 0.221 0.412 0.402 0.770 0.439 0.425 0.736
(0.023) (0.021) (0.024) (0.022) (0.029) (0.027)
Voted for Biden 0.461 0.495 0.253 0.473 0.491 0.578 0.462 0.478 0.689
(0.022) (0.021) (0.023) (0.023) (0.028) (0.027)
Affective Polarization (baseline) ~ 39.283 39.769 0.781 38.986 39.967 0.597 39.940 39.370 0.803
(1.249) (1.222) (1.318) (1.306) (1.671) (1.564)
Confidence in Initial Quiz 64.305 63.792 0.597 64.632 63.935 0.490 65.427 64.931 0.679
(0.687) (0.683) (0.718) (0.708) (0.886) (0.809)
Score in Initial Quiz 6.478 6.552 0.682 6.448 6.583 0.482 6.474 6.900 0.071*
0.127)  (0.129) 0.135)  (0.137) 0.166)  (0.167)
Observations 567 545 1,112 510 487 997 341 341 682

Notes: This table reports covariate balance tests for participants reaching three different stages of the experiment, complement-
ing the attrition results in Appendix Table A.2. Each block reports means and robust standard errors across treatment groups.
Republican/Democrat-only pairs are reweighted to balance partisan composition across treatment groups. Columns (1)-(2) report
participants reaching the random assignment stage: 1,245 randomly assigned, 1,112 reporting all covariates. Columns (4)—-(5) report the
conversation sample: 999 randomly matched, 993 completed the main survey, 2 excluded for incomplete covariates. Columns (7)—(8)
report participants who completed the follow-up survey. Columns (3), (6), and (9) report p-values from Kruskal-Wallis tests. * p<0.1, **
p<0.05, *** p<0.01.

Table A.5: Specification Checks (p-Values)

1) (2) 3 4 ©®) (6)
Weights Weights Controls No weights, IP weights P weights

only and controls only no controls only and controls
WTP (Fig. 3A) 0.046 0.040 0.031 0.063 0.063 0.029
Negative WTP (Fig. 3B) 0.008 0.007 0.005 0.008 0.008 0.004
Expected improvement (Fig. 5A) 0.001 0.001 0.001 0.003 0.003 0.001
Actual improvement (Fig. 5B) 0.064 0.100 0.087 0.101 0.100 0.076
Feeling thermometer (Fig 8B, top row) <0.001 <0.001 <0.001 <0.001 <0.001 <0.001
Affective polarization index (Fig 8B, top row) <0.001 <0.001 <0.001 <0.001 <0.001 <0.001
Feel. therm. at follow-up (Fig 8B, bottom row) 0.009 <0.001 <0.001 <0.001 <0.001 <0.001
Aff. pol. index at follow-up (Fig 8B, bottom row) 0.058 0.007 0.009 0.003 0.003 0.010

Notes: This table shows p-values for our main results under different regression specifications. Rows correspond to outcome vari-
ables, with the relevant figure number in parentheses. Column (1) is our main specification, with Republican/Democrat-only pairs
reweighted to balance partisan composition across treatment groups. Column (2) adds controls. Column (3) keeps controls but drops
the reweighting. Column (4) drops both. Column (5) estimates the average treatment effect via inverse-probability weighting using
a probit propensity model; column (6) is the same with controls. Controls: age, gender, partisan affiliation, baseline polarization.
Standard errors are robust for outcomes measured before the interaction and clustered at the pair level for outcomes measured during
or after.



Table A.6: WTP Robustness Check
1) 2 3) ) @) (6)

WTP ($) WTP () WTP ($) WTP ($) WTP negative WTP negative

Cross-partisan -0.631** -0.650** -0.836™** -0.836™** 0.0751*** 0.0754***

(0.316) (0.316) (0.282) (0.281) (0.0280) (0.0279)
Controls v v v
Sample Full Full WTP < 16 WTP < 16 Full Full
Sample mean 12.185 12.185 11.026 11.026 0.250 0.250
Observations 993 993 867 867 993 993
R? 0.004 0.021 0.011 0.030 0.008 0.029

Notes: This table reports regressions of various WTP measures on a cross-partisan treatment indicator. Columns (3) and (4) restrict the
sample to participants whose reported WTP was strictly below 16 (the maximum possible value). The “sample mean” in columns
(5) and (6) is the fraction of the sample reporting negative WTP. Controls: age, gender, partisan affiliation, baseline polarization.
Republican/Democrat-only pairs are reweighted to balance partisan composition across treatment groups. Robust standard errors
in parentheses. * p<0.1, ** p<0.05, *** p<0.01.

Table A.7: WTP Robustness Check, Based on Open-

Ended Responses
Disturbance Suspicious Complicated
Afraid

Cross-partisan -0.00287 0.00825 -0.00789

(0.00696) (0.00755) (0.0106)
Sample mean 12.185 12.185 12.185
Observations 993 993 993
R? 0.000 0.001 0.001

Notes: This table reports regressions of hand-coded explanations of participants’” WTP decisions on a cross-partisan treatment indicator.
“Disturbance afraid” means the participant indicated being afraid of being interrupted (e.g., by a pet or a child) during the conversation;
“Suspicious” means the participant believed the conversation would not actually happen; “Complicated” means the participant did not
understand. Republican/Democrat-only pairs are reweighted to balance partisan composition across treatment groups. Robust standard
errors in parentheses. * p<0.1, ** p<0.05, *** p<0.01.

Table A.8: Transition Frequencies, in %
&) 2 3)

Co-partisan ~ Cross-partisan  p-value

Improvement

Both wrong to both right 1.34 1.19 0.638
Both wrong to one right 4.25 4.65 0.473
One wrong to both right 22.38 19.74 0.029
Worsening

Both right to both wrong 0.11 0.06 0.505
One right to both wrong 5.43 5.87 0.477
Both right to one wrong 111 1.42 0.249
No change

Both right to both right 22.11 22.18 0.972
Both wrong to both wrong 25.54 24.04 0.302
One right to one right 17.74 20.85 0.011
Observations 7097 6748

Participants 509 484

Notes: Columns (1) and (2) report relative frequencies of transition types between the Initial and Revised Quiz; Republican/Democrat-
only pairs are reweighted to balance partisan composition across treatment groups. The unit of observation is the individual-question
level. Column (3) reports p-values from regressions of each transition type on cross-partisan treatment, with the same reweighting and
standard errors clustered at the pair level.



Table A.9: Depolarization Predictors and Baseline-to-Posterior Affective Polarization

Panel A. Cross-partisan depolarization Panel B. Posterior affective polarization gap
) @ M
Brasso BoLs
Emotional engagement 0.109 0.177*** Cross-partisan -4.530%**
(0.045) (1.166)
Interim: partner knew more 0.015 0.078 Prior affective gap 0.916***
(0.053) (0.017)
Partner speech on chitchat 0.008 0.059 Cross-partisan x prior affective gap  -0.090***
(0.063) (0.029)
Social potency -0.005  -0.082*
(0.044)
Speech on own correct questions  -0.003 -0.048
(0.048)
Observations 450 993
R? 0.063 0.792

Notes: Panel A shows the five largest absolute nonzero coefficients selected by LASSO for cross-partisan depolarization, followed by
post-LASSO OLS estimates on the selected predictors. Depolarization is coded as the change from prior to posterior affective polarization
gap, so positive coefficients indicate greater depolarization. Panel B shows a full-sample weighted OLS regression of posterior affective
polarization gap on treatment, prior gap, and their interaction. Standard errors clustered at the pair level in parentheses below each OLS
coefficient. * p<0.1, ** p<0.05, *** p<0.01.

Table A.10: Improvement Predictors: Treatment and Interaction Effects
@ @

Treatment Effects Interaction Effects

Pre-conversation: Partner knows more -0.176%** 0.040
(0.043) (0.039)
During conversation: Rejection count 0.128** -0.042**
(0.065) (0.021)
Post-conversation belief about partner score -0.799%** 0.026**
(0.167) (0.013)
Post-conversation: Partner knew more -0.136%** 0.132%**
(0.043) (0.036)

Notes: Column (1) reports the cross-partisan treatment effect on each row variable. Column (2) reports the interaction-term coefficient in
separate regressions of actual improvement on each row variable, interacted with potential improvement. Republican/Democrat-only
pairs are reweighted to balance partisan composition across treatment groups. Standard errors clustered at the pair level in parentheses.
* p<0.1, ** p<0.05, *** p<0.01.



Panel A: Reasons and WTP

Panel B: Reasons across conditions
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Figure A.1: Reasons for WTP Decision (other)

Notes: Panel A shows the coefficients from regressing WTP on hand-coded explanations participants gave regarding their WTP decision.
Row variables: Mentions partner’s party — participant mentions the partner’s political affiliation; Confident — confident in their own
answer, nothing to learn; Uninformed partner — partner unlikely to be well-informed, nothing to learn; Similar partner — partner likely
knows the same answers; Social anxiety — worried due to shyness or social anxiety; Fear of being lectured — does not want to be lectured or
confronted; Look incompetent — worried about appearing incompetent; Right thing — talking to the other person is the right thing to do;
Indifferent — explicit indifference. Panel B shows predicted values from regressions of each hand-coded explanation on a cross-partisan
treatment indicator; stars indicate a significant difference between co- and cross-partisan groups. Republican/Democrat-only pairs are
reweighted to balance partisan composition across treatment groups. The 95 percent confidence intervals use robust standard errors. *
p<0.1, ** p<0.05, *** p<0.01.
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Figure A.2: Expected Improvement (Post Interaction) by Partisan Composition

Notes: Panel A shows predicted values from regressing expected improvement after the interaction on a cross-partisan treatment indicator.
Panel B shows the difference-in-differences estimator of expected improvement before and after the intervention. Republican/Democrat-
only pairs are reweighted to balance partisan composition across treatment groups. The 95 percent confidence intervals use standard
errors clustered at the pair level.



Panel A: Democrats' Expectations
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Panel B: Republicans' Expectations

Panel C: Truth
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Figure A.3: Expected and Actual Shares of Correct Responses

Notes: The figure shows the expected and actual shares of correct responses by respondents affiliated with different parties. Each row is
a question from the factual quiz (crosswalk in Appendix Table A.1). Rows are ordered by the Republican-Democrat difference in correct-
answer shares on the Initial Quiz, in decreasing order. Panel A: Democrats’ expectations about Democrats and Republicans. Panel B:
Republicans’ expectations about Democrats and Republicans. Panel C: actual shares of correct responses to the Initial Quiz, by party, in

our main sample.
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Figure A.4: Actual Improvement and Potential Improvement with Confidence Thresholds

Notes: The figure regresses actual improvement on potential improvement, conditional on the partner’s confidence in their Initial Quiz
answer exceeding threshold k, in a no-intercept model (Equation 3.1). Potential improvement is interacted with treatment, with 8. and S
estimating the ease of knowledge extraction in the co- and cross-partisan treatments. Panels correspond to different confidence thresholds:
Panel A (k = 60 percent), Panel B (k = 70 percent), and Panel C (k = 80 percent). In the overlaid scatterplots, opacity is proportional to
the square root of the bin sample size. Republican/Democrat-only pairs are reweighted to balance partisan composition across treatment
groups. All outcomes are in number of correct quiz answers (out of 14). The 95 percent confidence intervals and p-values use standard

errors clustered at the pair level.
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Figure A.5: Affective Polarization (Restricted Sample)

Notes: The figure plots coefficients on the cross-partisan interactions indicator from regressions of the 5 outcome variables and a
standardized index of their means. The sample is restricted to follow-up respondents (N = 682). All outcomes are standardized.
Republican/Democrat-only pairs are reweighted to balance partisan composition across treatment groups. The 95 percent confidence
intervals use standard errors clustered at the pair level.
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Figure A.6: Answers and Confidence during the Conversation

Notes: The figure shows participant behavior during the quiz discussion. Panel A presents total speech time in seconds by participant
across question types — productive questions are those where exactly one partner has the correct answer; unproductive questions are
those where either both or neither do. Panel B presents confidence expression and confidence levels of stated answers — first the sample
mean of having expressed any confidence around an answer, then the confidence level conditional on expressing any. Panel C presents
match rates for answer choices across treatments — match rate is 1 if the answer the participant gives in the call matches their answer in
the Initial Quiz, 0 if they state a different answer, and blank if they did not share their answer. Panel D presents the rates at which each
justification type was given. Data on in-call behavior (Panels B-D) was hand-coded by research assistants blind to treatment. Panels B-D
include question fixed effects. Significance levels come from regressions with standard errors clustered at the pair level, * p<0.1, ** p<0.05,
*** p<0.01.



Panel A: Conversational behaviors (hand-coded) Panel B: Audio-emotive and nonverbal features
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Figure A.7: Treatment Effects on In-Conversation Behavior

Notes: Panel A shows the effect of cross-partisan treatment on different behaviors observed during the call; in-call behaviors were hand-
coded by research assistants blind to treatment. Panel B shows the same treatment effect on audio-visual indicators during the conver-
sation: facial features were elicited using MediaPipe Pose, and audio-emotional features were extracted using Microsoft’s WavLM Large
model for categorical emotion detection. All outcomes are standardized.



B. Analysis of the Videos of the Conversations

The audio tracks from each pair’s interaction videos were transcribed using the pre-trained
transcription model provided by Vosk, an offline open-source speech recognition toolkit.
Specifically, we employed vosk-model-en-us-0.42-gigaspeech, a “generic U.S. English model
trained by Kaldi on Gigaspeech” (Shmyrev et al., 2024). The transcription output included
the recognized words along with their start and end times.

To attribute transcribed words to individual speakers and determine the temporal or-
der of their speeches (a process known as diarization), we used NVIDIA’s NeMo frame-
work (Harper et al., 2024). This framework leverages vocal pitch and other audio features
to identify speech zones and assign speaker labels. We utilized the pre-configured settings
for telephone recordings from the diar_infer_telephonic.yaml file on NeMo’s GitHub page
and fixed the number of speakers to two. To construct a speaker-level speech dataset, we
mapped the diarization output to the transcribed words.!

To ensure accuracy, our team manually reviewed each interaction video to match par-
ticipant identifiers with the speakers recognized by NeMo. We also verified the quality of
the diarization output by checking whether speech from different speakers was properly
distinguished.? Additionally, two research assistants compared all transcripts against the
original video calls to resolve any discrepancies in speech recognition.

For categorizing the processed transcriptions, we employed the OpenAl ChatGPT-3.5
Turbo APIL The API was used to classify each transcribed segment by determining which
quiz question was being discussed or identifying digressions coded as “chitchat.” The al-
gorithm analyzed each segment in the context of surrounding text and metadata. To ensure
accuracy, two research assistants manually reviewed all categorizations and resolved any
errors in the automated classifications.

In addition to transcription, we extracted fundamental pitch (FO) and other acoustic
features from the diarized speech segments using Parselmouth (Jadoul et al., 2018), a Python

library for Praat software (Boersma and Weenink, 2021). The final dataset is structured at

1Occasionally, a single speaker’s continuous speech was split into multiple zones. To address this, we
merged consecutive segments belonging to the same speaker if the gap between them was less than a second.

2In rare cases where the NeMo framework failed to differentiate speakers, we manually corrected the
diarization and appended the revised transcription to the dataset.


https://alphacephei.com/vosk/models
https://github.com/NVIDIA/NeMo/blob/main/examples/speaker_tasks/diarization/conf/inference/diar_infer_telephonic.yaml

the speech-segment level. For instance, a sample transcribed segment might read, “and
then there’s the thing it’s deliberative or enforcing.” For analyses conducted at the category
level, we concatenated the transcribed text in chronological order.

Conversation behavior during the video call was coded by five research assistants in
the Spring of 2026. Research assistants were assigned videos at random, they were blind to
treatment, and were not involved in any other coding related to this study. They coded a set
of variables at both the individual and individual-question level; the full list, together with
the scale, source, and definition of each variable, is presented in Appendix Table B.1. We
turther standardize some of these hand-coded variables and aggregate them into behavioral
indices. We construct a “warmth index” which includes the level of being friendly and
polite, the level of being open to listening, a binary indicator for letting the conversation
partner finish their sentence (Rapport 7), and a binary indicator for giving the partner visual
affirmation (Rapport 1). We also construct a “humor index,” composed of binary indicators
for both non-threatening (Rapport 8) and threatening humor (Rapport 9). The “positive
reinforcement index” aggregates binary indicators for complimenting the partner, having a
generally positive conversation, and showing interest in the conversation partner (Rapport
10). Finally, we construct an “emotional engagement index,” which uses binary indicators
for sharing feelings and emotions (Rapport 5), validating the partner’s feelings (Rapport 6),
and sharing something personal (Rapport 3).

We supplemented this hand-coding with automated extraction of nonverbal and par-
alinguistic features from the recordings. From the video, we used MediaPipe Bazarevsky
et al. (2020) to obtain body-pose landmarks — from which we derive posture and gesture
measures such as head height and wrist movement. We used OpenFace Hu et al. (2025) to
extract facial action-unit activations and gaze direction. From the audio, we isolated each
participant’s speech segments and applied a WavLM-large model fine-tuned for categorical
emotion recognition Feng et al. (2025), which assigns each segment a probability distribu-
tion over eight interpretable emotion classes. All automated features were computed per
participant over the full call and can be found in Appendix Table B.1. We also construct
standardized nonverbal behavioral indices from these measures. We construct a “smiling
index” using the cheek raiser (AU06) and lip corner puller (AU12) action units. We also

construct a “gaze direction index” which uses gaze pitch and gaze yaw measures. Lastly,
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we construct a “head movement index,” using head sway and shoulder movement.

The conversation data offers valuable insights into how interactions unfold. Figure
B.1 examines what participants focus on during their conversations. Although participants
were not explicitly required to discuss the quiz, they devoted most of their time to quiz-
related topics, with only a small portion of the conversation dedicated to chitchat. Inter-
estingly, the distribution of time across topics shows only minor differences between treat-
ments.

One might hypothesize that participants in cross-partisan interactions avoid discussing
contentious issues where they disagree. If this were the case, such avoidance could con-
tribute to explaining the lower knowledge extraction observed in cross-partisan conversa-
tions. Table B.2, however, suggests otherwise: participants spend more time discussing
points of disagreement, with this tendency being even more pronounced in cross-partisan
interactions. Specifically, column (1) shows that questions involving disagreement between
conversation partners are discussed in greater depth, while column (2) reveals that cross-
partisan interactions place an even stronger emphasis on disagreements compared to co-
partisan ones.

In the next appendix section, we delve further into the conversation data to identify

the factors contributing to the treatment gap in knowledge extraction.

Table B.1: Variable Overview

Variable Scale Source Level Description
Handcoded Variables
Open to listening 1-5 Video  Individual Rating of how open the participant is to listening
to their partner
Friendly and polite 1-5 Video  Individual Rating of how friendly and polite the participant
is
Hedging vs. assertive 1-5 Video  Individual Rating of tone, from hedging (1) to assertive (5)
Positive conversation evaluation 0-1 Video  Individual Whether the participant evaluates the conversa-

tion positively
Compliment partner in general 0-1 Video  Individual Whether the participant compliments their part-

ner in general terms

Rapport 1: Affirmation 0-1 Video  Individual Consistently gives affirmation (e.g. nodding,
verbal, smiling)

Rapport 2: Self-introduction 0-1 Video  Individual Introduced themselves

Rapport 3: Personal disclosure 0-1 Video  Individual Shared something more personal

Continued on next page
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Table B.1 — continued from previous page

Variable Scale Source Level Description
Rapport 4: Common ground 0-1 Video  Individual Acknowledged and remarked on common
ground in response to the partner, excluding
simply giving the same answer
Rapport 5: Emotional sharing 0-1 Video  Individual Shared feelings or emotions
Rapport 6: Emotional validation 0-1 Video  Individual Validated the partner’s feelings or emotions
Rapport 7: Non-interruption 0-1 Video  Individual Mostly lets the partner finish their thoughts and
does not consistently interrupt
Rapport 8: Non-threatening humor 0-1 Video  Individual Non-threatening humor (e.g. self-deprecating,
politically correct)
Rapport 9: Threatening humor 0-1 Video  Individual Threatening humor (e.g. sarcasm, edgy jokes)
Rapport 10: Showed interest 0-1 Video  Individual Showed interest in the partner (e.g. asked open,
person-centred questions)
Initial answer in call 0-5 Video  Individual-question Initial answer choice for the question in the call
Revised answer in call 0-5 Video  Individual-question Revised answer choice for the question in the call
Expressed confidence 0-1 Video  Individual-question ~Whether participant explicitly expresses a confi-
dence level
Expressed confidence level 0-100 Video  Individual-question Numeric confidence level expressed (only when
Expressed confidence = 1)
Open to revise question 0-1 Video  Individual-question = Whether the participant is open to revising their
answer
Rejected answer 0-1 Video  Individual-question ~Whether the participant rejects the proposed/-
partner’s answer
Requested justification 0-1 Video  Individual-question ~Whether the participant requests a justification
Justified answer 0-1 Video  Individual-question ~Whether the participant justifies their own an-
swer
Justification 1: Factual recall 0-1 Video  Individual-question Justification based on factual recall
Justification 2: News/media 0-1 Video  Individual-question Justification based on news or media
Justification 3: Personal experience 0-1 Video  Individual-question Justification based on personal experience
Justification 4: Inference 0-1 Video  Individual-question Justification based on inference or reasoning
Justification 5: Identity /partisan 0-1 Video  Individual-question Justification based on identity or partisanship
Justification 6: Professional expertise  0-1 Video  Individual-question Justification based on professional expertise
Machinecoded Variables
MediaPipe Pose
Mean shoulder angle —m, ] Video  Individual Mean angle of the shoulder line (radians); body
orientation/lean
Mean head height 0-1 Video  Individual Mean normalised vertical nose position; proxy
for upright posture
Hand-near-face proportion 0-1 Video  Individual Proportion of frames with a wrist close to the
face
Mean wrist movement >0 Video  Individual Mean frame-to-frame wrist displacement (nor-
malised); gesture activity
OpenFace
AUO06 cheek raiser Cont. Video  Individual Mean activation of AU06 (cheek raiser)

12
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Table B.1 — continued from previous page

Variable Scale Source Level Description

AUI12 lip corner puller Cont. Video  Individual Mean activation of AU12 (lip corner puller; smil-
ing)

Gaze pitch Cont. Video  Individual Mean vertical gaze angle (radians)

Gaze yaw Cont. Video  Individual Mean horizontal gaze angle (radians)

Microsoft WavLM speech-emotion model

Anger 0-1 Audio  Individual Mean predicted probability of anger across the
participant’s speech segments

Contempt 0-1 Audio  Individual Mean predicted probability of contempt across
speech segments

Disgust 0-1 Audio  Individual Mean predicted probability of disgust across
speech segments

Fear 0-1 Audio  Individual Mean predicted probability of fear across speech
segments

Happiness 0-1 Audio Individual Mean predicted probability of happiness across
speech segments

Neutral 0-1 Audio  Individual Mean predicted probability of neutral across
speech segments

Sadness 0-1 Audio  Individual Mean predicted probability of sadness across
speech segments

Surprise 0-1 Audio  Individual Mean predicted probability of surprise across

speech segments
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Figure B.1: Speech Length by Question
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Notes: The figure shows the time participants spend discussing each question and engaging in small talk (chitchat). Questions are denoted
Q1, Q2, ..., Q14 and listed in Table A.1. The dependent variable is the total duration of a participant’s speech in each x-axis category.
The figure shows predicted values from a regression on the participant-question level dataset. Republican/Democrat-only pairs are
reweighted to balance partisan composition across treatment groups. The 95 percent confidence intervals use standard errors clustered at
the pair level. The speech analysis excludes 4 participants: 3 with audio issues who relied on hand gestures, and 1 whose video was not
saved due to a technical glitch.
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Table B.2: Share of Speech and Disagreement

D 2
Nb Words Nb Words
Disagreement 18.44** 17.00%**
(0.755) (1.044)
Cross 0.655
(1.143)
Disagreement x Cross 2.953**
(1.494)
Social Potency 4.392%*
(1.969)
Confidence on Initial Quiz -0.00597
(0.0136)
Question FE v v
Participant RE v v
Observations 11192 11192
Participants 984 984

Notes: This table examines the relationship between the time conversation partners spend on a question and whether they disagree about
its answer. The dataset is at the participant-question level; we include participant-level random effects and question fixed effects. The
speech analysis excludes 9 participants: 3 with audio issues who relied on hand gestures, 1 whose video was not saved, and 5 who
engaged only in small talk (chitchat). Standard errors clustered at the pair level in parentheses. * p<0.1, ** p<0.05, *** p<0.01.

Table B.3: Classifier Performance: Can Algorithms Tell Co- and Cross-Partisan Conversa-
tions Apart?

(@) @ ©)
Representation of the conversation Number of features Out-of-sample AUC  Permutation p
TF-IDF (bag of words) vocab 0.502 0.365
Hand-coded dialogue moves (RA) 66 0.503 0.073
LLM-rated conversation features 135 0.545 0.082
Full-text embeddings (voyage-4-large) 1,024 0.559 0.040

Notes: Each row reports the out-of-sample AUC of a classifier trained to predict whether a conversation is cross- or co-partisan from a dif-
ferent representation. N = 499 conversations (243 cross-partisan, 256 co-partisan). AUC is estimated via 5-fold stratified cross-validation.
Permutation p-values come from 300-1,000 random permutations of the treatment label. AUC of 0.50 is chance performance. TF-IDF re-
sults use L1-regularized logistic regression on bag-of-words features, selected from the best-performing unigram, bigram, or trigram spec-
ification with truncated SVD. Hand-coded dialogue moves use L1-regularized logistic regression on 66 RA-coded dialogue-move rates,
including friendliness, hedging, justifications, rapport, rejection, and related conversational behaviors. LLM-rated conversation features
include warmth, assertiveness, reasoning quality, and disagreement patterns, using the best-performing classifier among LASSO, ran-
dom forest, and gradient boosting. Full-text embeddings use L1-regularized logistic regression on 1,024-dimensional voyage-4-large
embeddings of the full transcripts, using an 8,192-token context window. The best representation—full-text neural embeddings—exceeds
chance only modestly, and the hand-coded LASSO sets all 66 coefficients to exactly zero.
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Figure B.2: Correlations of Conversation Features with the Embedding Classifier’s Discrim-
inant Direction

Notes: Each dot is the standardized coefficient from a separate univariate OLS of the embedding classifier’s discriminant-direction score on
the listed conversation feature; horizontal lines are 95 percent confidence intervals. Positive coefficients indicate features more prevalent
in conversations identified as cross-partisan by the classifier (full-text voyage-4-large embeddings; see Table B.3). Hand-coded and
MediaPipe indices follow Appendix Figure A.7: rapport components are first taken as the max across the 14 quiz questions for each
participant, then averaged across the two participants in each conversation, z-scored, and combined via row-mean. Features are grouped
by category and sorted within category by signed B. N = 486499 conversations depending on feature availability.
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C. Partisan Differences in Cross-partisan Contact

Our main analyses compared cross-partisan and co-partisan conversations without differ-
entiating between Democrats and Republicans. Here, we revisit the key findings separately
for each party. The results are qualitatively similar across groups and align with the aggre-
gated analysis presented in the main text. However, splitting the sample reduces statistical
power, limiting our ability to detect partisan differences with confidence.

Figure C.1 shows that Democrats exhibit a significantly lower willingness to pay for
cross-partisan conversations compared to co-partisan ones. They are also considerably more
likely to express a strict preference against interacting with counter-partisans than against
co-partisan interactions. For Republicans, these preferences are less pronounced; the gaps
are smaller and not statistically significant.

Both parties expect to learn less from counter-partisans, but this effect is more pro-
nounced and statistically significant only for Republicans (Figure C.2, Panels A and C).
When it comes to actual learning, participants from both parties learn less from counter-
partisans, but neither effect is statistically significant at conventional levels (Figure C.2,
Panels B and D).

Regarding the hedonic experience of the conversation (Figure C.3), both parties enter
cross-party interactions with greater pessimism. This pessimism appears stronger among
Democrats. Post-conversation, Republicans report enjoying cross-partisan conversations as
much as co-partisan ones, while Democrats show a slight and marginally significant prefer-
ence for co-partisan interactions.

Finally, as illustrated in Figure C.4, cross-partisan conversations lead to substantial re-
ductions in affective polarization for both parties. Since cross-partisan contact requires mu-
tual willingness to engage — given that either participant can choose to walk away — the
observed decrease in affective polarization among both Republicans and Democrats under-
scores the potential of such interactions to foster social cohesion. These findings bolster
optimism that policies encouraging cross-partisan contact may promote greater harmony in

future exchanges.
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robust standard errors.

Expected Improvement

Expected Improvement

Figure C.2: Expected and Actual Improvement, by Party

Notes: Panel A [C] shows predicted values from a regression of expected improvement on a cross-partisan treatment indicator, for
Democrats [Republicans]. Panel B [D] shows the same for actual improvement. Republican/Democrat-only pairs are reweighted to
balance partisan composition across treatment groups. The 95 percent confidence intervals use robust standard errors (Panels A, C) and
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Figure C.1: Willingness to Pay, by Party

Notes: The figure shows predicted values from regressions where Republican/Democrat-only pairs are reweighted to balance partisan
composition across treatment groups. Panels A and B: Democrats. Panels C and D: Republicans. The 95 percent confidence intervals use
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Figure C.3: Expected and Actual Enjoyment, by Party

Notes: Panel A [C] shows predicted values from a regression of an expected enjoyment index on a cross-partisan treatment indicator, for
Democrats [Republicans]. The index is coded as in Figure 7. Panel B [D] shows predicted values from regressing reported enjoyment
after the interaction on a cross-partisan treatment indicator, for Democrats [Republicans], on a 1-4 Likert scale (1 = “strongly disagree”,
4 = “strongly agree”). Republican/Democrat-only pairs are reweighted to balance partisan composition across treatment groups. The 95
percent confidence intervals and p-values use robust standard errors (Panels A, C) and standard errors clustered at the pair level (Panels
B, D).
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Figure C.4: Affective Polarization, by Party

Notes: Panel A [C] shows the distributions of baseline and endline warmth toward one’s own and the other party, restricted to the cross-
partisan treatment group and to Democrats [Republicans]. Panel B [D] plots coefficients on a cross-partisan treatment indicator from
regressions of the 5 outcome variables and an equally weighted index, for Democrats [Republicans]. Outcomes are measured immediately
after the interaction and again ~100 days later, and standardized. We deviate from the pre-registration by including the “Marry opposing
party” variable in the polarization index (more comprehensive and conservative, as discussed in the main text). Republican/Democrat-
only pairs are reweighted to balance partisan composition across treatment groups. The 95 percent confidence intervals use standard
errors clustered at the pair level.
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D. Factual Polarization

D.1. Correlates of Factual Polarization

What drives factual polarization? To explore this question, we construct a measure of base-
line factual alignment, which captures the extent to which participants’ responses to the
baseline quiz align with Democratic or Republican perspectives. This measure ranges from
very Democratic (1) to very Republican (5).3

Table D.1 shows that baseline factual alignment is significantly correlated with two
key factors: self-reported ideological intensity, which ranges from very liberal (-3) to very
conservative (3), and news consumption slant, measured as the average slant of the self-
reported media consumed, ranging from very liberal (-1) to very conservative (1).

Table D.1: Correlates of Baseline Factual Alignment
@) @

Factual Factual
Alignment Alignment

News Slant 0.156***

(0.0597)
Reported Ideology 0.0268"**

(0.00735)

Observations 417 993
Sample mean 2.538 2.567
R? 0.015 0.013

Notes: Baseline factual alignment is constructed using ChatGPT-4 to rank all possible quiz answers from most Democratic-aligned (1) to
most Republican-aligned (5); for each participant we then average across the seven questions where the share of correct responses differs
significantly between Democrats and Republicans. Ideology intensity ranges from very liberal (—3) to very conservative (+3). News
consumption slant is the average slant of the media a participant reports consuming, ranging from very liberal (—1) to very conservative
(41). Republican/Democrat-only pairs are reweighted to balance partisan composition across treatment groups. The lower N in Column
(1) reflects that not everyone consumes news. Robust standard errors in parentheses, * p<0.1, ** p<0.05, *** p<0.01.

D.2. Treatment Effect on Factual Polarization

To analyze the degree of factual polarization among Democrats and Republicans within
each treatment condition, we use linear discriminant analysis (LDA). LDA is particularly
well-suited for this analysis because it performs well with smaller sample sizes. Specifi-
cally, we employ a leave-one-out classification method, predicting each participant’s parti-

san affiliation based on their responses to individual quiz questions. We then calculate the

3Specifically, using ChatGPT-4, we rank all possible answers to the quiz questions on a scale from most
aligned with Democratic views (1) to most aligned with Republican views (5). For each participant, we then
calculate their average alignment across the seven quiz questions where the share of correct responses differs

significantly between the parties.
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share of participants whose party affiliation is correctly predicted. A higher share of correct
predictions indicates that participants” responses are more closely aligned with their party
affiliation, suggesting greater factual polarization. To assess statistical significance, we per-
form chi-squared tests for identical distribution across conditions and compute p-values.
Figure D.1 shows that the degree of factual polarization, as proxied by the share of
correctly predicted responses, is similar across the two conditions in the Initial Quiz. How-
ever, in the cross-partisan condition, the share of correctly predicted responses decreases
significantly, indicating a reduction in factual polarization. Although the differences be-

tween conditions become less pronounced in the follow-up survey, they remain statistically

significant.
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Figure D.1: Factual Polarization, Linear Discriminant Analysis

Notes: We predict participants” political party affiliation using leave-one-out linear discriminant analysis (LDA) on their responses to
the Initial, Revised, and follow-up quizzes. Accuracy can fluctuate below 50 percent when no systematic difference between classes
is detected. The p-values come from Pearson’s chi-squared tests for whether the distribution of correctly classified observations is the
same across cross- and co-partisan treatments. The before- and after-interaction analyses use the 993 main-study participants; the follow-
up analysis uses the 682 follow-up respondents. Results are qualitatively unchanged when restricting throughout to the 682 follow-up
respondents.
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E. Interpersonal Contact: Meta-analysis

We conduct a meta-analysis to examine the short- and long-term effects of interpersonal
contact interventions on reducing prejudice and increasing social cohesion. By aggregating
evidence, we contextualize our quantitative results within the broader literature and com-
pare design features across studies. This exercise illustrates that our study is the largest to
date in estimating the long-term effects of contact interventions and that the effect sizes of
cross-partisan contact that we estimate on our pre-registered measures of social cohesion
(affective polarization) align with the publication-bias-adjusted meta-analytic effects of this
literature (both for short- and for long-term effects).

As detailed in the protocol of this meta-analysis in the replication files, for each study,
we identify the outcome of interest and categorize the interventions by type of contact,
intensity, mode of interaction (virtual vs. in-person), whether long-term outcomes are mea-
sured (and the time frame), and whether beliefs about the expected value of contact were
assessed prior to the interaction. Figure E.1 plots the standardized short- and long-term
effects of these interventions against study sample sizes. Similar to findings by DellaVigna
and Linos (2022) on nudge interventions and Goette and Tripodi (2024) on social recognition
interventions, we observe that larger studies tend to report smaller effect sizes — a pattern
potentially attributable to publication bias. For both short- and long-term effects, we es-
timate publication-bias-corrected meta-analytic effects using the methodology of Andrews
and Kasy (2019) and report these estimates in the figure.

In Table E.1, we address concerns that specific features of our intervention might limit
its comparability to other studies. Notably, the effect size of cross-partisan interactions in
our study is comparable to those of studies with similar characteristics (e.g., cross-partisan,
pre-registered, and virtual). Moreover, it is not substantially different from the effect sizes

observed in other types of interventions.
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Figure E.1: Meta-Analysis

Notes: Effect-level details are in the replication files. Long-term effects are those measured after the date of intervention. Standardized
effects are the ratio of the mean difference to the control-group standard deviation. p-values come from t-tests for equality of means.
Publication-bias-corrected estimates follow Andrews and Kasy (2019), assuming symmetry and t-distribution of effect sizes. When sample
sizes are not reported separately by condition, we impute by halving the total. p is the correlation between standardized effect and sample
size; the p-value refers to the significance of that correlation.

Table E.1: Meta-Analytic Effects, Short-Term

Publication

Study sample N Unweighted bias-adjusted
By category
Ethnic 19 0.71 0.57
Cross-partisan 15 0.28 0.22
LGBT 12 0.29 0.24
Racial 11 0.25 0.22
Refugee 3 0.68 0.53
Miscellaneous 13 0.33 0.10
Pre-registered
Yes 18 0.30 0.29
No 55 0.46 0.36
Virtual 27 0.32 0.18
In-person 46 0.47 0.40
Full sample 73 0.42 0.30

Notes: The sample is 73 estimates from 52 papers measuring short-term effects of contact interventions. Publication-bias-adjusted effects
follow Andrews and Kasy (2019), assuming symmetry and t-distribution of effect sizes. “Miscellaneous” covers categories with fewer
than 3 studies (neurodivergent, schizophrenic, overweight, religious, generational, sectarian, urban-rural, ex-offender contact). Studies
with both in-person and virtual contact are coded as in-person. Studies reporting only long-term outcomes are excluded.
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