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Abstract

Since the publication of Ahler and Sood (2018), a growing literature finds that
correcting partisan citizens’ misperceptions about the out-party reduces affective
polarization. However, Ahler and Sood’s original experiment also shows that
“merely asking” respondents to report their perceptions (without any correction
of misperceptions) leads to a statistically significant reduction in affective po-
larization. This result has been largely ignored in subsequent research, but has
important implications for both theory and practice. In this preregistered report,
we propose to replicate Ahler and Sood’s important result using a well-powered,

pre-registered survey experiment.



Introduction

An innovative and growing body of work has emphasized the importance of affective polar-
ization for understanding politics in the United States and abroad. In the U.S., this work
typically defines partisan affective polarization as the difference between one’s feelings toward
their own party relative to their feelings toward their outparty (see e.g., Druckman and
Levy 2022). As Ahler and Sood (2018) famously show, affective polarization can be reduced
by correcting citizens’ misperceptions about the demographic make-up of the out-party.
Subsequent work builds on their finding. Lees and Cikara (2020) and Marsh (2023) each
correct misperceptions about partisan beliefs. Ruggeri et al. (2021) examine the effect of
corrections in different countries. Broockman, Kalla, and Westwood (2023) use corrections to
experimentally manipulate affective polarization. And scholars and practitioners have taken
these results seriously. Five of the 25 treatments in Voelkel et al.’s (2024) “megastudy” of
interventions to reduce affective polarization focus “a great deal” on correcting misperceptions
of the out-party.

While the work following Ahler and Sood focuses almost entirely on correcting mis-
perceptions, Ahler and Sood are careful to include a condition in their experiment that
merely asks respondents to report their perceptions of the out-party, without a correction.
Although not widely appreciated in subsequent research, Ahler and Sood find that merely
asking respondents about the demographic make-up of the out-party—uwithout any correction
of misperceptions—also reduces affective polarization. Indeed, they do not find a statistically
significant difference between (A) the effect of asking perceptions and (B) the effect of asking
perceptions and then correcting misperceptions. We argue that this result merits further
attention because, if replicable, it offers an alternative intervention for reducing affective
polarization and it opens up new opportunities for theoretical advancement for understanding

the antecedents of affective polarization.



Despite the centrality of Ahler and Sood (2018) to the literature on affective polarization,
its primary experiment has yet to receive a complete, well-powered replication.! Instead,
it has received only partial replications (e.g., Broockman, Kalla, and Westwood 2023) or
extensions (e.g., Lees and Cikara 2020; Ruggeri et al. 2021). In each case, subsequent work has
focused on the effects of corrections. The results of these extensions have been mixed, leading
Dias et al. (2024, p. 2) to emphasize the need to “explore other interventions that could
be plausibly implemented at scale.” By ignoring the effect of “merely asking,” academics
and practitioners alike may be missing a simple and effective method to reduce affective
polarization. Yet it is hard to blame anyone for focusing on correction effects, given the
large amount of subsequent attention to correction as an intervention (e.g., Voelkel et al.
2024). In contrast, as we explain below, it would risky to rely on an intervention of merely
asking without replication of the original experiment. We therefore propose to replicate the
experimental design from Ahler and Sood (2018) using (1) a larger sample size, (2) a more
powerful experimental design, and (3) an improved measure of affective polarization. As an
added benefit, the proposed replication allows us to validate the increasingly popular pre-post
design (Clifford, Sheagley, and Piston 2021; Jordan, Ollerenshaw, and Trexler 2025) for the
study of affective polarization.

Isager et al. (2023) argue that we ought to prioritize replicating claims with (1) the
highest value and (2) the highest uncertainty. Concretely, Isager, van 't Veer, and Lakens
(2021) argue that we can roughly approximate “value” with citations and “uncertainty” with
sample size. Ahler and Sood (2018) is an extremely well-cited paper and their tests use

relatively small sample sizes.? Using this framework focusing on value and uncertainty, we

LAhler and Sood (2018) also provide a variety of observational analyses. We focus specifically on the
experimental design and results reported in Figure 4A on p. 997.

2Importantly, though, Rainey (2025b) notes that citations and sample size are only rough heuristics, which
can be misleading in the absence of more detailed arguments about value and uncertainty. Further, Feldman
(2025) notes several other tangible benefits of close replication not contained in the concept of “replication
value” (Isager et al. 2023), all of which apply to our study.



argue below that Ahler and Sood’s results, especially with respect to merely asking, should be
a high-priority for replication. First, Ahler and Sood (2018) has received exceptional amount
of scholarly and popular attention. Second, a general interest is emerging in exploring more
interventions that influence affective polarization. Third, merely asking has practical benefits
for survey experiments and a compelling theoretical rationale. Fourth, the evidence for the

effect of merely asking on affective polarization remains weak.

The Legacy of Ahler and Sood (2018)

Ahler and Sood (2018) has received a great deal of attention from both the popular media and
academics. It has been cited in over 100 stories from over 60 different news outlets, leading
to an Altmetric Attention Score greater than every other article published in the Journal
of Politics and placing it in the top 5% of all research from any discipline in the Altmetric
database (Altmetric 2018). It has been cited by 742 academic papers in the Google Scholar
database, as of December 31, 2025. In their review of the affective polarization literature,
Iyengar et al. (2019, 139) write, “scholars have shown that correcting misperceptions about
party supporters reduces animus toward the other side (Ahler and Sood 2018).” This example
not only demonstrates a typical reference, but also highlights the central role Ahler and Sood
play within the affective polarization literature. Iyengar et al. (2019) argue that correcting
misperceptions is one of only two methods shown to reduce affective polarization (as of its
2019 publication). And they cite only Ahler and Sood for evidence of this causal pathway.
Subsequent work has largely, though not entirely, found evidence in support of the
claim that correcting misperceptions tends to reduce affective polarization. For instance,
Broockman, Kalla, and Westwood (2023) offer a well-powered, partial replication of Ahler
and Sood’s experiment. In their replication, they find that subjects who receive corrections

for their out-party misperceptions, relative to those in a pure control group, tend to have (1)



warmer affect toward the out-party, (2) cooler affect toward the in-party, and hence (3) lesser
differences between in-party and out-party affect. Their design cannot estimate the effect of
merely asking because it lacks a treatment group that asks respondents about misperceptions
without correcting them.

More recently, Voelkel et al. (2024) field a survey experiment to over 30,000 respondents
with 25 distinct treatments designed to reduce affective polarization. The 25 treatments
were chosen by a group of experts to be the “most promising” among 253 submissions. Of
the 25 selected, five of the treatments relied a “great deal” on correcting misperceptions,
though none correct the demographic misperceptions that are the focus of Ahler and Sood
(2018).3 Nonetheless, these five treatments each reduced affective polarization relative to a

pure control.

Demand for Alternative Interventions

Though a variety of studies have found apparent correction effects, Dias et al. (2024) argue that
alternative interventions are needed to meaningfully reduce affective polarization. By their
count, only 65% of prior correction studies yield estimates indicating that corrections reduce
affective polarization by a statistically significant margin. They also field two experiments
examining correction effects on affective polarization.* In each experiment, they randomly
vary the magnitude of corrections they provide, with some subjects receiving corrections
close to their baseline perceptions and others receiving corrections further from their baseline
perceptions. They show that larger corrections do not tend to produce statistically significant
differences in either in-party affect or out-party affect. Based on these results, (Dias et al.

2024, p. 6) conclude:

“the present research suggests that correcting out-party misperceptions is not an

3And, again, none of those treatments merely ask perceptions without also correcting misperceptions.
4They report a total of three experiments, but only two include affective polarization as an outcome.



especially promising intervention. For these reasons, we encourage researchers to
determine when corrections work; to stress-test other promising, individual-level

interventions; and to explore new, scaleable interventions.”

In addition to these concerns, at least two logistical challenges are likely to impede the
effectiveness of corrections in some contexts.

1. First, corrections are likely to be less effective when implemented by someone who has
yet to develop a credible reputation among the target audience. Since corrections are
intended to change beliefs, we should expect their effectiveness hinges on a recipient’s
assessment of a source’s credibility. Source credibility has long played a central role in
theories of information processing and persuasion (Petty and Cacioppo 1984; Traberg
and van der Linden 2022). Indeed, Ecker et al. (2022) conduct a review of the
misinformation correction literature, concluding, “even though credibility matters less
for correction sources compared with misinformation sources, corrections are ideally
delivered by or associated with high-credibility sources. There is also emerging evidence
that corrections are more impactful when they come from a socially connected source
(for example, a connection on social media) rather than a stranger.”

2. Second, Druckman (2023) demonstrates that corrections are less effective in competitive
information environments. That is, corrective messages have limited impact when
external actors provide alternative interpretations or contradictory information. Given
the conflictual nature of partisan politics, many relevant applications will occur in such
contexts.

These challenges highlight the need for interventions that do not require the acceptance and

integration of new, surprising information.



The Promise of Merely Asking

Given the need for alternative interventions, we argue that merely asking merits further
attention. It has a compelling theoretical rationale, and, if the effect is large, important

practical benefits.

Theoretical Rationale

Why might merely asking reduce affective polarization? Ahler and Sood (2018, p. 975)

theorize:

lasking about the demographic composition of the outparty] very likely changes
people’s beliefs about the parties’ composition. As we contend above, people’s
“mental pictures” of parties reflect party-stereotypical groups. These pictures
implicitly map to inflated beliefs about shares of party-stereotypical groups.
However, being forced to offer explicit, precise numerical estimates of the shares
of different groups in the party disrupts the tendency to think about parties in
terms of prototypes. It forces people to take stock of some of the large numbers
that the pictures in their heads map to and to revise their beliefs to lower,
more plausible numbers. Experimental data support such a mechanism: more

“considered” responses tend to be less inflated than “automatic” responses (Ahler

and Sood 2017).

Ahler and Sood’s explanation aligns with research on information processing and social
identity. Many prominent models of information processing and judgment rely on dual-
process models (e.g., Chaiken 1980; Kahneman 2011; Petty and Cacioppo 1986). These
models suggest people rely on one of two modes of processing when evaluating information

or forming judgments. The first mode is fast, often automatic or unconscious. The second



mode is slower, and more conscious and deliberate.’

People typically default to the first
mode unless they are given reason to expend more effort. As Ahler and Sood note, if people
are asked to stop and think, they tend to rely less heavily on automatic judgments and
mental shortcuts. Moreover, people often abandon automatic responses when their accuracy
or applicability is called into question (Maheswaran and Chaiken 1991). In this case, merely
asking about the composition of the outparty may draw the respondent’s attention to their
uncertainty about these questions.® And thus, this uncertainty may reduce the extremity of
antipathy toward the outparty by disrupting the automatic affective response.”

Social identity theory offers a complimentary perspective. Drawing from this perspective,

Green, Palmquist, and Schickler (2002, p. 8) posit that an individual’s partisan identity

hinges on their perception of the social groups that support each party:

“Social identification involves comparing a judgment about oneself with one’s
perception of a social group. As people reflect on whether they are Democrats
or Republicans (or neither), they call to mind some mental image, or stereotype,
of what these sorts of people are like and square these images with their own
self-conceptions. In effect, people ask themselves two questions: What kinds
of social groups come to mind as I think about Democrats, Republicans, and

Independents? Which assemblage of groups (if any) best describes me?”

This perspective suggests that corrections reduce affective polarization by altering these
perceptions. But merely asking also has the potential to do so by priming some social groups
and thus reducing the relative salience of others. When one asks themselves how they feel

about the outparty, the social groups they were just asked about are likely to come more

SRather than discrete modes of judgment, these may best be thought of as poles of a continuum (Evans
and Stanovich 2013).

6In addition, even while overestimating the size of these groups in the outparty, people tend to estimate
that each group constitutes only a minority of the party (Ahler and Sood 2018, 967). Therefore, merely
asking sends the implicit signal that the majority of the outparty are mot group members.

"Indeed, attitude extremity and certainty have a strong, positive association (Krosnick et al. 1993).



readily to mind (Zaller and Feldman 1992). And, as we discuss above, having been made
aware of their own ignorance about these groups, the subsequent affective judgment should

be more positive.

Practical Benefits

Many of the same mechanisms that shape responses to corrections are likely to operate in
response to merely asking. And if the effect of merely asking is large, it offers a relatively
affordable alternative intervention to corrections for the purposes of manipulating affective
polarization. We mean this in the following concrete, narrow sense: it takes less survey time
to merely ask than to ask and correct. For instance, the Cooperative Election Study (CES)
uses a point system that translates to one point per second of survey time. According to the
2023 CES definitions, the items asking for respondent perceptions follow a “grid” format,
which costs 10 points plus 5 points per item. With four items, this grid costs 30 points. The
correction treatment includes those same four items along with about 80 words of text to
deliver the corrections. The CES charges one point for four words of informational text and
thus the correction treatment would cost an additional 20 points. Therefore, the 30-point

merely asking treatment is about 40% shorter than the 50-point correction treatment.

Uncertainty about the Effect of Merely Asking

Yet the value of merely asking as an intervention depends on the existence and magnitude of
the effect. And this portion of the Ahler and Sood’s design has not been directly replicated.
In contrast, Ahler and Sood’s correction effect has been replicated carefully by existing
work—most recently and closely by Broockman, Kalla, and Westwood (2023).

Despite an absence of direct replication, a number of studies have fielded similar designs,



but differ in several crucial ways.® In particular, these studies tend to correct different types
of misperceptions or examine outcomes other than partisan affective polarization (e.g., Braley
et al. 2023; Druckman 2023; Landry et al. 2023). For instance, Lees and Cikara (2020)
correct misperceptions about the out-party’s reactions to various policies. Their control group
is asked about their perceptions of the out-party and two different treatment groups are
asked—and then told—the correct answers. But their outcome variable is an assessment of
out-party obstructionism on a specific policy rather than general affect toward the out-party.
Nonetheless, they find that the groups receiving the correction evaluate the out-party as less
obstructive than do individuals whose perceptions were not corrected. But, without a pure
control, the study cannot shed light on the effect of merley asking relative to not asking.

Without direct replication, the evidence for the effect of merely asking rests on Ahler
and Sood’s original results. While Ahler and Sood find a statistically significant effect for
merely asking, their experiment appears under-powered and their evidence might overstate
the impact of merely asking about the composition of the out-party on affective polarization.

The estimates that Ahler and Sood report are quite large—they find that merely asking
about perceptions of the out-party decreases affective polarization by about 4.9 points on the
101-point feeling thermometer scale. This estimate is about 80% as large as their estimated
effect of correcting misperceptions. However, they rely on a relatively small sample, so their
confidence intervals are rather wide.

Table 1 shows the statistical power and exaggeration ratio (Gelman and Carlin 2014) for
various effect sizes that are both substantively plausible and consistent with their data. The
statistical power is the chance of rejecting the null hypothesis of no effect for a particular
assumed true effect. The exaggeration ratio (or “T'ype M error”) is how many times larger

the expected estimate is than the true effect, filtering out estimates that are not statistically

8For reviews of relevant studies, see Bursztyn and Yang (2022); Hartman et al. (2022); Moore-Berg and
Hameiri (2024).
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significant.

Table 1: Statistical power and exaggeration ratio for plausible effect sizes, based on Ahler
and Sood.

e . . Power Power . .
Description Effect Size (Two-Tailed)  (One-Tailed) Exaggeration Ratio
Ahler and Sood’s estimate for merely asking 4.9 pts 8% 87% 1.02
Half of Ahler and Sood’s estimate for correcting misperceptions 3.2 pts 43% 56% 1.19
Lower bound of Ahler and Sood’s 90% CI for merely asking 2.0 pts 20% 30% 2.27

For Ahler and Sood’s estimate of the effect of merely asking, their experiment has an
adequate power of 87% for a one-tailed test. However, this estimate is surprisingly large—
perhaps implausibly so—thus it is important to consider the statistical power for smaller
effect sizes. First, we consider an effect of 3.2 points, or half as large as Ahler and Sood’s
estimate for the effect of correcting misperceptions. This effect is still substantively large,
but plausible. In this case, the statistical power drops to 56%, which falls below the typical
minimal threshold of 80%. Second, we consider an effect of 2.0 points, which is the lower-
bound of Ahler and Sood’s 90% confidence interval for the effect of merely asking and about
30% of Ahler and Sood’s point estimate correcting misperceptions. Below, we argue 2.0 is
the smallest effect of substantive interest. In this scenario, the statistical power shrinks to
about 30% for a one-tailed test. The exaggeration ratio is 2.27, which means that statistically
significant results tend to overestimate the true effect by about 127%.

Further, in their replication of Ahler and Sood, Broockman, Kalla, and Westwood (2023)
find an effect of only 3.9 points on the 101-point scale for correcting these misperceptions.
This is a smaller effect than Ahler and Sood find for merely asking. This underscores the
importance of carefully reproducing Ahler and Sood’s results. From the “replication value”
perspective (Isager et al. 2023), these claims are both (1) substantively and theoretically

valuable and (2) quite uncertain.
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Research Design

We propose a design that largely mimics Ahler and Sood’s experiment summarized in their
Figure 4A and discussed on pp. 974-978. Our Figure 1 summarizes this design, which
includes three conditions: Tell, Ask, and Control. In the Tell condition, respondents are
asked their perceptions of the out-party and then have any misperceptions corrected; in the
Ask condition, respondents are merely asked their perceptions of the out-party (without any
correction); in the Control condition, respondents are not asked their perceptions nor do they

receive any correction.

Randemization

Control Condition Ask Condition Tell Condition
Measures of Perceptions Measures qf Perceptions
about Composition of Out-Party about Composition of Out-Party

Correction of Misperceptions
about Composition of Out-Party

Measure of Affective Polarization

Figure 1: This figure shows Ahler and Sood’s (2018) original experimental design.

We make three important changes to their original design: (1) we substantially increase
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the sample size of the study, (2) we implement a pre-post and quasi-pre-post design to
increase the precision of our estimates, and (3) we use a new measure of affective polarization
(in addition to Ahler and Sood’s original measure).

This design allows us to test the Correction Hypothesis and the Merely Asking Hypothesis:

The Correction Hypothesis: The Tell treatment decreases affective polariza-

tion (relative to the Control).

The Merely Asking Hypothesis: The Ask treatment decreases affective

polarization (relative to the Control).

A replication of the Correction Hypothesis is justified by its importance in the affective
polarization literature and the doubts raised by Dias et al. (2024). However, these are not
our primary reasons for including the 7Tell condition in our experiment. We include the
better-studied Tell condition in our experiment so that we can compare our results for the
less-studied Ask condition. Indeed, if we are unable to replicate Ahler and Sood’s results
for merely asking, it will be helpful to know whether (or not) we are able to replicate their
results for correcting misperceptions.’ Further, including both conditions will allow us to

better inform future work by bounding their relative efficiency.

Experimental Conditions

Following Ahler and Sood (2018), we assign respondents to one of three conditions: Tell, Ask,
and control.
Tell Condition: In the Tell condition, we ask respondents to provide their perceptions of

the demographic composition of the out-party. We ask Republican respondents to

9There are several reasons why we might not be able to replicate Ahler and Sood’s original finding in
support of the Correction Hypothesis. Most importantly, we make two methodological adjustments: a pre-post
design and an alternative measure of affective polarization (although we include their original measure as
well). While we carefully justify these changes, we must make sure that we can replicate their relatively
well-studied hypothesis with these two changes.
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report the percentage of Democrats they think are Black; atheist or agnostic; union
members; and gay, lesbian, or bisexual. We ask Democratic respondents to report
the percentage of Republicans they think are evangelical Christian; earn more than
$250,000 per year; live in the South; and are age 65 years or older. We follow up by
providing respondents with the correct percentages. We provide the correct response
and the percentage difference between their response and the actual percentage.!® We
ask respondents how surprised they are by the correct answers.

Ask Condition: In the Ask condition, we ask respondents to provide their perceptions of
the demographic composition of the out-party, just as with the Tell condition. However,
respondents in the Ask condition do not receive the correct percentages.

Control Condition: In the control condition, we neither ask respondents their perceptions

of the out-party nor do we provide the correct percentages.

Outcomes

We focus on three outcome measures: the out-party feeling thermometer (following Ahler and
Sood 2018), the difference between the in-party and out-party feeling thermometer (following
Brookman, Kalla, and Westwood 2023), and the recently developed Affective Polarization
Scale (Campos and Federico 2025).

As our primary outcome, we follow Ahler and Sood (2018) and use the out-party
feeling thermometer. More recently, Druckman et al. (2022) also use the out-party feeling
thermometer.

As a secondary outcome, we follow other researchers such as Broockman, Kalla, and
Westwood (2023), and use the difference between the in-party and out-party feeling ther-
mometers to measure affective polarization. Broockman, Kalla, and Westwood’s data suggest

that the difference measure might yield more statistical power compared to the out-party

0More information about how we estimate the correct responses can be found in Appendix B.
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feeling thermometer.

As another secondary outcome, we use the nine-item Affective Polarization Scale that
Campos and Federico (2025) develop using the concept of affective polarization or “political
sectarianism” by Finkel et al. (2020). Finkel et al.’s conception of affective polarization has
three components: othering, aversion, and moralization. See Landry et al. (2024) for a very
similar measure.

Table 2 provides the nine-items.

Table 2: Final 9-Item Affective Polarization Scale

Othering

[ feel as though [in-party] are very different from [out-party].
[Out-party]| live in a different world from us [in-party].
[Out-party] act in ways that us [in-party] could never un-
derstand.

Aversion ) . ,
e As a [in-party], I would not want to be friends with someone

who was a [out-party].

e If I found out a friend of mine was a [out-party], I would
want to stop spending time with them.

e *Although I do not agree with their political views, there
are people I like who are [out-party].

Moralization ) ] ) _
e My identity as a [in-party] is connected to my core moral

beliefs.

e My identity as a [in-party| reflects my beliefs about the
difference between right and wrong.

e My identity as a [in-party] is rooted in moral principles.

Note: (*) denotes reverse coded items.

Pre-Treatment Measures

Following Clifford, Sheagley, and Piston (2021), we include pre-treatment measures of

affective polarization that are closely related to the outcomes. In the survey, we separate
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these pre-treatment measures from the experimental treatments and the outcomes by several
demographic questions and an unrelated survey experiment vignette.!' In the analysis, we
adjust for these pre-treatment measures (Lin 2013).'2

We ask identical versions of the feeling thermometer questions pre- and post-treatment,
which Clifford, Sheagley, and Piston (2021) refer to as a pre-post design. Importantly, both
Clifford, Sheagley, and Piston (2021) and Jordan, Ollerenshaw, and Trexler (2025) show that
the attenuation in the treatment effect compared to a post-only design is relatively small.'?

We also use the three items in Table 3 to create an alternative scale that serves as a
quasi-pre-treatment measure of the nine-item scale. As Campos and Federico (2025) show,
these three alternative items are closely related, both conceptually and empirically, to the
items in their final nine-item scale.!* Also, the alternative scale uses different items, reducing
concerns that respondents will simply remember and repeat their answers to the pre-treatment
items. However, Clifford, Sheagley, and Piston (2021) and Jordan, Ollerenshaw, and Trexler

(2025) show that this should not be a major concern.

1The unrelated survey instrument is reported in Appendix C.

12 Jordan, Ollerenshaw, and Trexler (2025) show that the pre-post design attenuates treatment effects by
about 20% compared to a post-only design. But controlling for these pretreatment measures shrinks standard
errors by about 50%. In general, the standard errors shrink by about [1—+/1 — r2]%, where r is the correlation
between the pre- and post-treatment measures (Bloom 1995; Rainey 2025a). For the pre-post design to
increase statistical power, the (percent) shrinkage in the standard errors must be greater than the (percent)
attenuation in the treatment effect. Setting [1 — /1 — r2]% > 20% and solving for r, we need |r| > 0.6. The
smallest correlation that Jordan, Ollerenshaw, and Trexler (2025) observe across their 6 x 3 = 18 designs
and samples is about 0.73 and the median is about 0.86. In our pilot data, the correlation between pre- and
post-treatment measures is usually above 0.8, which would generate a 40% shrinkage in the standard error.
For concreteness, a 20% attenuation in the treatment effect and a 40% shrinkage in the treatment effect
would increase the ratio of the treatment effect to the standard error by (100% — 20%)/(100% — 40%) = 1.33,
which is equivalent to a 77% increase in sample size. If the ratio for the post-only design were 2.5 (80%
power), then the ratio for the pre-post design would increase to 3.3 (95% power). This would decrease the
rate of Type II errors by about 75%.

13In a pilot study with 250 respondents, we find that the pre-treatment out-party feeling thermometer has a
correlation of 0.87 with the post-treatment out-party feeling thermometer (pooling across the three conditions).
The pre-treatment difference in feeling thermometers has a correlation of 0.91 with the post-treatment difference
in feeling thermometers. Appendix D provides the details. This correlation suggests that the pre-post strategy
of Clifford, Sheagley, and Piston will shrink the standard error by about (1 — /1 —0.92) x 100% = 57%.

14Tn the pilot study, the pre-treatment alternative scale has a correlation of 0.78 with the post-treatment
scale. Again, see Appendix D for details. Adjusting for a pre-treatment measure with a correlation of 0.8
with the outcome will shrink the standard error by about (1 — /1 —0.82) x 100% = 40%.
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Table 3: Alternative Three-Item Affective Polarization Scale

Othering Republicans/Democrats seem out of place when they are around
us [Democrats/Republicans].

Aversion Identifying as a [Republican/Democrat] rather than a [Demo-
crat/Republican] makes someone a bad person.

Moralization As a [Democrat/Republican], my feelings about politics are con-
nected to my core moral beliefs.

Figure 2 summarizes the design.

Sample

We will field the experiment to 3,000 US respondents through CloudResearch Connect, paying
each respondent $2 to complete the survey.'® While CloudResearch Connect does not provide
representative samples of the United States population, an ongoing literature consistently
demonstrates that “results from convenience samples provide estimates of causal effects
comparable to those found on population-based samples” (Mullinix et al. 2015, p. 122)
and recent work suggests that CloudResearch Connect respondents are especially useful for

experiments with a high requirement for attention (Stagnaro et al. 2024).16

Estimation and Testing

To estimate the effect of the treatment(s) using the pre-post and quasi-pre-post designs, we
estimate the average treatment effect (ATE) with ordinary least squares and estimate the

standard errors using the HC2 Huber-White sandwich estimator (MacKinnon and White

5Following Ahler and Sood (2018), each pure independent in the sample will be assigned at random to
receive either the Republican or Democratic items. In an exploratory analysis, we will also provide the
estimates of the treatment effects after dropping pure independents.

16Many crowdsourced survey experiments appear in recent issues of top journals. See examples in the
APSR (Hansen 2023; Graham 2023b; Graham and Singh 2023; Zarate, Quezada-Llanes, and Armenta 2023;
Kreft and Agerberg 2023; Pérez, Robertson, and Victina 2023), AJPS (Kim 2023; Virgin 2023; Kobayashi
et al. 2023; Powers and Altman 2023; Singh and Tir 2023; Graham 2023a), and JOP (Andrews, Delton, and
Kline 2023; Renshon, Yarhi-Milo, and Kertzer 2023; Abrajano, Elmendorf, and Quinn 2023; Chow and Han
2023; Velez, Porter, and Wood 2023; Elder and Hayes 2023).
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Pre-Treatment Measures of Affective Polarization
n-party and out-party feeling thermometer; alternative Affective Polarization Scale items)

|

Unrelated Two-Minute Vignette Experiment

|

Randomization

Control Condition Ask Condition Tell Condition
Measures of Perceptions Measures of Perceptions
about Composition of Out-Party about Composition of Out-Party

!

Correction of Misperceptions
about Composition of Out-Party

| }

Post-Treatment Measures of Affective Polarization

and out-party feeling thermometer; standard Affec

Figure 2: This figure shows our experimental design.

1985). Table 4 shows the control variables we use for each outcome. In each case, we center
the control variables at their sample averages and interact each control variable with the
treatment (Lin 2013). We use 90% Wald confidence intervals to evaluate our directional

hypotheses (McCaskey and Rainey 2015).

Power Analysis

We demonstrate adequate power for our experiment in two ways. First, we compare our
sample size to previous research. Second, we use pilot data to conservatively estimate the

minimal detectable effect with 80% power, and compare this estimate to the smallest effect
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Table 4: This table summarizes the outcome measures, pre-treatment measures that we adjust
for in our regression models, and the design. For the measures based on feeling thermometers,
we adjust for respondents’ answer to an identical question asked pre-treatment as well as the
sum of the three alternative scale items. For the Affective Polarization Scale, we use the sum
of the nine-item scale and adjust for the difference in feeling thermometer scores as well as
the sum of the alternative scale items, giving us a quasi-pre-post design.

Control Variables (Measured

Outcome Pre-Treatment)

Design

(i) Out-Party Feeling Thermometer
Out-Party Feeling Thermometer and (ii) Alternative, Three-Item Pre-Post
Affective Polarization Scale
(i) Difference in Feeling Thermometers
Difference in Feeling Thermometers and (ii) Alternative, Three-Item Pre-Post
Affective Polarization Scale
(i) Difference in Feeling Thermometers
Affective Polarization Scale and (ii) Alternative, Three-Item Quasi-Pre-Post
Affective Polarization Scale

of substantive interest.

We Obtain More Precise Estimates than Earlier Studies

Ahler and Sood’s experiment has about 275 respondents per condition. Broockman, Kalla,
and Westwood’s (2023) replication has about 500 respondents per condition. We plan to have
about 1,000 respondents per condition. This should give us (1 — %) x 100% = 48%

smaller standard errors than Ahler and Sood and <1 — %) x 100% = 29% smaller
standard errors than Broockman, Kalla, and Westwood. However, as we explain above, we
include the pre-treatment measures to further reduce the standard errors . And we carefully

estimate this reduction with a pilot study, described below.

We Have At Least 80% Power

To estimate the minimal detectable effect with 80% power using our pre-post and quasi-pre-
post designs described in Table 4, we use Rainey’s (2025) rules for pilot data. In the planning

stage, we collected pilot data that mimic the full study, except with 250 respondents rather
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than 3,000. We perform the planned analysis on the pilot data, and then we use the standard
errors from the pilot data to conservatively predict the standard errors in the full study. We
report the minimum detectable effects (Bloom 1995; Rainey 2025a) for 80% and 95% power.

But what effect sizes are we interested in detecting? We are interested in effects as small
as about two points on the out-party feeling thermometer scale. For comparison, Ahler and
Sood estimate that the effect of the Ask treatment is about 4.9 points on the 101-point scale,
with a 90% confidence interval of [2.0, 7.8]. For the Tell treatment, they estimate an effect of
6.4 points [3.5, 9.3]. Broockman, Kalla, and Westwood (2023) estimate a comparable effect of
the Tell treatment of 3.9 points [1.2, 6.7]. Given that the purpose of our study is to replicate
Ahler and Sood’s findings for their Ask treatment, the lower-bound of their 90% confidence
interval seems like a natural threshold to target and an effect of 2.0 points on the 101-point
scale seems substantively reasonable as well.

Table 5 shows that our design is well-powered to detect effects of about two points on the
101-point out-party feeling thermometer scale. Conservatively, we have 80% power to detect
effects of about 1.64 points, and we have 95% power to detect effects of about 2.16 points.!”

While we must avoid mindlessly applying hard and fast, generic rules about the smallest
effect of substantive interest, it can be helpful to consider effect sizes rescaled to the (pooled,
pilot) sample standard deviation or “Cohen’s d.” Conservatively, we have 80% power to
detect rescaled effects of d = 0.07 for the out-party feeling thermometer, d = 0.05 for the
difference between the in- and out-party feeling thermometer, and d = 0.08 for the Affective
Polarization Scale. Cohen (1988) tentatively suggests d = 0.2 as a threshold for “small”
effects. Lovakov and Agadullina (2021) derive empirical thresholds for social psychology and
suggest d = 0.15 as a threshold for “small” effects, which falls at their 25th percentile. Effects
of d =0.11 and d = 0.07 fall at their 20th and 15th percentiles, respectively. By either of

these guidelines, we are well-powered to detect “small” effects, though we must treat these

"Removing the conservative bias, we have 95% power to detect an effect of about 1.95 points.
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Outcome Adjusting For Conservative Conservative

MDEgqgy; MDEg59
Out-Party FT Variables in Table 4 L4 216
Difference in F'T Variabléz(;g(,Table 4 igf/; 2;1f8))
Affective Polarization Scale Variabljsv”i,r];zTable 4 0]7); ig;

Table 5: This table shows our conservative estimates of the minimum detectable effect (MDE)
at 80% and 95% power for our planned 3,000-respondent survey experiment. To compute these
MDES, we use use Rainey’s (2025) rules for pilot data with our completed 250-respondent
pilot study. Based on prior research, we are interested in effects larger than about 2.0 points
on the 101-point feeling thermometer scale. Statistically adjusting for pre-treatment measures
of the feeling thermometers and our alternative, three-item variant of Campos and Federico’s
(2025) Affective Polarization Scale allows us to reliably detect this effect. For comparison,
Ahler and Sood’s original experiment has a minimum detectable effect of about 4.4 points
with 80% power—our design offers a meaningful improvement.

context-free, default thresholds with skepticism.

Null Results

In case the treatment effect is not statistically significant, we can use an equivalence test
(Rainey 2014) to assess whether we can reject meaningful positive effects. Using Rainey’s
(2025) rules for pilot data, we can conservatively estimate the standard error for the full
study as 0.65, which implies a 90% confidence interval with a width of 2 x 1.64 x 0.65 = 2.13.
Thus, if the estimated treatment effect is not statistically significant, then we will certainly
be able to reject effects larger than 2.13 points (and probably much smaller effects), which is

about the smallest effect of substantive interest.
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Results

The Correction Hypothesis

[Results to be added here.]

The Merely Asking Hypothesis

[Results to be added here.]

Exploratory I: The Difference Between Correcting and Merely
Asking

Our experiment is not designed to compare the Ask and Tell conditions—there are substan-
tively important differences between these two conditions that we are not well-powered to
detect.'® However, we can use a 90% confidence interval to bound the comparisons between
these conditions (McCaskey and Rainey 2015), which might be somewhat informative for

future research.

[Results to be added here.]

Exploratory II: The Effects of the Treatments on the Three Com-

ponents of the Scale

While we do not have specific, theory-driven predictions about the effects of the treatments

on the three components of the Affective Polarization Scale, we report estimates of the effects

18We have 80% power to detect differences of about 1.64 points on the 101-point scale. For example, if
the Tell treatment has an effect of three points and the Ask treatment has an effect of two points, then the
correction has a 50% larger effect than merely asking. This one point increase is substantively meaningful,
but we do not have adequate statistical power to detect it reliably.

22



of both treatments on each of these three outcomes. In each model, we adjust for the sum of

the alternative, three-item scale.

Exploratory IIl: The Effects of the Treatments on Response Laten-
cies

In addition to estimating the effect of the Ask and Tell on the responses to our outcome
measures, we explore their effects on the sum of response times (in logged milliseconds) to
our post-treatment outcome measures. As we noted above, it could be that merely asking
respondents to report their perceptions of the out-party disrupts their default fast, automatic,
and unconscious affective responses and causes them to respond in a slow, conscious, and
deliberate manner. We use the same estimation strategy as the main analysis, adjusting for
the sum of response times across the pre-treatment measures. For this analysis, we drop
outliers on the post-treatment latencies. On the low end, we define outliers as those who
spend less than 200 milliseconds per word of survey text (Zhang et al. 2020). On the high
end, we define outliers as those whose response times exceed the third quartile 4+ 2.5 x the

inter-quartile range (see Vankov 2023).

Exploratory I'V: Dropping Inattentive Respondents

Ahler & Sood do not drop inattentive respondents and thus our primary analysis will not
either. But we will report exploratory analysis that re-estimates the treatment effects after
dropping low-attention respondents. To distinguish low-attention respondents from medium-
and high-attention respondents, Berinsky et al. (2021) recommend including multiple attention
items formatted in a grid. We therefore include a grid of attention items immediately after
the pre-treatment measures (see Appendix A for item text). Following their recommendations,

we scale these items using a two-parameter item response theory model and report estimates
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after dropping the bottom quintile of attention.

Exploratory V: Dropping Independents

Ahler & Sood randomly assign independents to an out-party and in-party. Our primary
analysis follows this choice. But we will report an exploratory analysis that re-estimates the

treatment effects with independents removed.

Conclusion

[Conclusion to be added here after data collection.]
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