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Abstract

Affective polarization has grown into a burgeoning subfield of American politics and
political behavior research. Focusing on an individual’s attachment toward their own
party and animosity toward the other party, mounting evidence points to an unprece-
dented rise in partisan animosity in the United States. However, little research has
been done to probe and understand the latent dimensions that inform partisan affect
and influence an individual’s policy support. Using a nationally representative sample
of 3,300 US adults, we aim to better understand the relationship between affect and
policy support. Specifically, we contribute to the literature by first identifying multiple
dimensions of an individual’s level of partisan affect using various scaling methods,
while also using Bayesian Aldrich-McKelvey scaling to recover a robust estimate of
individuals’ ideology. Second, we look at how these levels of affect and ideology influ-
ence and moderate the effect of in- and out-party cues. Furthermore, we employ a new
method, causal forest, to explore heterogeneous treatment effects based on observable
characteristics, with an emphasis on individuals’ levels of affect and ideological position.
Overall, we find that out-party cues, but not in-party ones, have heterogeneous effects
on individuals’ policy support. Specifically, we find that affect (both thermometer-
level and social distance), not ideology, conditions the effects of out-party policy cues.
Those who have larger differences of in- minus out-party affect having larger negative
reactions to these cues.
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1 Introduction

Research in psychology and political science has consistently found that citizens process in-

formation in biased ways. The kind of information we pay attention to, the way in which we

incorporate it, and how we evaluate it, is driven by motivation. Reasoning is always moti-

vated in the sense that it is directed toward a goal (Kunda 1990). Prior stored information

plays a key role in guiding the way in which we evaluate new information in at least two ways.

First, when faced with new evidence, individuals are more likely to accept information that

is consistent with their previous beliefs and more critical with information that challenges

their priors (Ditto and Lopez 1992). Second, cognition is often affectively charged, concepts

stored in long-term memory are associated with positive or negative affect. In turn, these

affectively charged concepts shape the way in which we process new information (Lodge and

Taber 2013).

In politics, these two mechanisms mostly work in tandem. Partisans’ reasoning, this is,

reasoning driven by the need of arriving to a conclusion that is consistent with the one of the

party a citizen identifies with (Lodge and Hamill 1986), can be explained by either of these

two causal channels. Republicans may accept and incorporate new information based on the

consistency of the new information with their prior beliefs (motivated bias) or because the

information is provided by a Republican official triggering positive affects (hot cognition).

However, because these two mechanisms work together, at an empirical level, it is very

difficult to disentangle their unique contribution to attitude bias. In this article, we evaluate

the extent to which political affect and ideology moderate information processing.

We evaluate the extent to which affect and ideology shape attitudinal bias, and thus

policy support, among Democrats and Republicans using a survey experiment. Participants

in our study were exposed to three hypothetical legislative bill proposals on a proposed

$12/hour minimum wage increase, a border protection budget increase, and an increase in

American farm subsidies. We chose the first two of those bills because they can easily be

mapped to the current partisan divide, but are relatively moderate and lower salience than,
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for example, abortion or gun control. While Democrats support and Republicans disapprove

increasing minimum wages, the opposite is true for attitudes regarding border protection.

The farm subsidies bill was chosen as a relatively non-partisan policy. Overall, these three

bills were selected to 1) generally cover a left-right continuum, and 2) to be moderate enough

that the partisan cue is plausible. For each individual and each one of these bills, respondents

were randomly exposed to one of three conditions: a Republican cue, Democratic cue, and

non-partisan group cue.

By allowing combinations that are ideologically inconsistent (e.g., Republicans supporting

minimum wage increases or Democrats supporting border protection budget increases) we

seek to identify the distinct effect of affect and ideology on political cueing. While we expect

the effect of affect and ideology to be in the same direction when participants are exposed

to ideologically consistent cues, we expect the opposite for ideologically inconsistent ones.

Accordingly, the experimental design provides us with a unique opportunity to untangle the

effects of affect and ideology.

Our contributions to this literature are two-fold: First, we estimate affect and ideology

utilizing scaling methodologies that both more granularly capture these concepts and that

adjust for differential item-functioning (DIF). Previous studies on cueing effects have tended

to use rough measures, particularly self-identified ideology. Second, whereas previous liter-

ature relies on standard conditional average treatment effect (CATE) calculations (mostly

by using interactive ordinary least squares regressions; e.g., Kam 2005, Barber and Pope

2019), we exploit a methodology designed explicitly for detecting treatment effect hetero-

geneity and calculating CATEs: causal forests (CF; Wager and Athey 2018). This agnostic,

and relatively conservative, approach to detecting heterogeneity, which incorporates all mea-

sured covariates, gives us confidence that our CATEs are both not spurious and accurately

calculated. Furthermore, we also utilize CF to evaluate the relative importance of affect

and ideology as cueing moderators, finding that both are integral for determining out-party

cueing treatment effects.
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In line with previous research, we find that partisanship has a strong effect on information

processing. Both Democratic and Republican cues strongly shape policy support. However,

contrary to both recent and seminal work on cuing effects, we find that while in-party cues

do have positive effects, they are not conditioned by other covariates (with the exception

of Republican respondents with the border funding policy). We believe that these contrary

findings are the result of using both better measures of affect and ideology (and our use

of spatial knowledge, rather than political knowledge) as well as our use of causal forests.

Furthermore, our results from our causal forest show that our multiple measures of affect

are by far the most important moderators of treatment effects. The relative importance of

affect outweighs the capacity of any other predictor at accurately predicting heterogeneity

in the effects, including ideology. Contrary to what previous research suggests, we find little

evidence of political interest or spatial knowledge as a source of heterogeneity.

2 Affect, Ideology, and Cognition

The literature on political cognition has systematically shown that partisanship plays a

fundamental role in shaping information processing. Both Democrats and Republicans are

more likely to accept information that is congruent with their partisan loyalties (Ditto and

Lopez 1992), leading to sharp gaps in perceptions of political events (Bartels 2002).

However, it is not clear what are the key mechanisms that drive these perceptual differ-

ences. According to Lodge and Taber’s dual-process model of information processing (2013),

perceptual differences arise from unconscious affective processes that then shape conscious

and cognitive reactions to political events. Accordingly, the way in which we evaluate po-

litical events is deeply related to affectively charged, difficult to control processes. Lodge

and Taber (2013) highlight two channels through which information processing becomes af-

fectively charged: (1) hot cognition and motivated bias, and (2) affect priming and affect

contagion. While both of these channels operate at an unconscious level and are affectively

driven, their theoretical underpinning is different. While the first channel is related to feel-
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ings that are intrinsic to the stimulus, the second channel is related to affect that is only

incidentally related. In simple terms, on one side, hot cognition and motivated bias arise

from the content of the message: the nature of a given policy or the stand regarding a par-

ticular issue or debate. On the other, affective priming and contagion are more related to

the way in which a message is conveyed and who the messenger is.

This means that partisan perceptual gaps can arise through two commonly related but

distinct channels, the content of a particular message, and the characteristics of the messen-

ger. Accordingly, we expect these two channels to have distinct effects over the way in which

citizens process information.

Prior attitudes play a fundamental role for the first of these two channels. The way in

which citizens feel about an issue can positively or negatively charge new information. In

particular, individuals are more likely to accept information that is consistent with their

prior views and to reject inconsistent information. While consistent information is quickly

incorporated, individuals tend to use more cognitive resources counterarguing inconsistent

information. That is, when people feel strongly about an issue, they tend to engage in

both confirmation and disconfirmation biases (Taber and Lodge 2016). Consistent with this

theoretical model, previous literature on partisan cueing has found that when individuals

receive information about the policy positions of either in- or out-party elites, they adjust

their positions (Bullock 2011, 2020).

The second channel is driven by elements that are incidental to a particular stimulus,

particularly the messenger’s identity and characteristics, and how the message is delivered.

Individuals who have high negative affect towards the Republican party can reject a stim-

uli, for example a policy proposal, not based on the nature of the proposal, but because

the proposal is supported by someone who the individual does not like. This means that

individuals can negatively charge a message, even in cases when they agree with the policy

content. In fact, previous research has shown that individuals’ partisan affect can increase

the probability of accepting in-party congruent misinformation and decrease the probability
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of accepting out-party congruent misinformation (Jenke 2023).

Because these two channels have different cognitive underpinnings, we expect each one of

them to operate independently and to have distinct effects over the ways in which individuals

process political information.

• Hypothesis 1: An (out-)in-party cue will (decrease) increase support for a given policy

regardless of the ideological bent of the policy.

• Hypothesis 2: Liberal and conservative ideological positions increase the support for

ideologically congruent policies, regardless of what partisan group supports the policy.

• Hypothesis 3a: Positive in-party affect increases support for policies that are supported

by a co-partisan group, regardless of the particular content of the policy.

• Hypothesis 3b: Negative out-party affect decreases support for policies that are sup-

ported by an out-party group, regardless of the particular content of the policy.

Finally, it is worth highlighting that the two channels through which information becomes

affectively charged commonly work in tandem. Because the content of a message is usually

related to the characteristics of the messenger, when citizens are exposed to information that

is congruent with their priors, it usually comes from a source that is associated with positive

affect. In practical terms, Democrats tend to support liberal policies and Republican tend

to support conservative ones. Accordingly, separating the effects of these two channels is

particularly challenging at an empirical level. In the next section, we present an experimental

design that is uniquely tailored to confront these challenges.

2.1 Experiment Details

Our experiment follows a relatively standard cueing experiment, where individuals are pre-

sented with three bills (randomly ordered):
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{Cue} has proposed a bill to increase the federal minimum wage to $12 an hour from its

current level of $ 7.25 an hour. This change is intended to increase incomes for low-

wage workers while limiting related costs for affected businesses.

{Cue} has proposed to increase the US Customs and Border Protection budget by 20%. The

stated purpose is to increase efficiency and safety at US border crossings.

{Cue} has proposed a bill to increase subsidies for American farmers due to rising competition

from markets abroad. This is intended to both protect American farmers and to keep

the cost of food low for Americans.

Where “{Cue}” is block-randomized within the party identification blocks of our respon-

dents, specifically Democrats (plus leaners), Republicans (plus leaners), and Independents.

Respondents were block randomized into three different groups for each one of the bills:

control, Republican treatment, Democratic treatment.

We selected these proposals based on their general ideological bent, and made sure to have

them be relatively “moderate” proposals to ensure that the proposals and the groups that

supported them seemed believable. Specifically, the minimum wage bill is generally expected

to be seen as liberal, the Border Protection budget as conservative, and the farming subsidy

as nonpartisan/non-ideological. Because the cues are randomized for each one of the policy

proposals, some respondents were presented conservative proposals with a Democratic cues,

and liberal proposals with a Republican cue.

Figure SX in the appendix illustrates the baseline policy support of our three policies in

the control (nonpartisan group) condition by PID. In general, . Our range of support, and

the granularity of our support variable, across all three of our policies and within each PID,

gives us reason to believe that our experiment is not deeply subject to ceiling or floor effects.

6



2.1.1 Block Randomization

Before the experiment, respondents were first asked for their party identification. This was

done to allow for block-randomization in our sample, where individuals within each PID

(Democrat, Republican, Independent) were then randomly assigned to treatments for each

cue. This was done to ensure that we had adequate power to estimate the effects of each

cue, by each policy, by each PID. If standard randomization were used, it could lead to

imbalanced PID by cues and policies. For example, Respondents assigned to the Republican

Elite cue for the minimum wage policy, leading us to be unable to estimate the effect of

that cue on that policy for Democratic or Independent respondents. To ensure the success

of this randomization approach, we first simulated data before fielding and, after the survey

was completed, we checked the distribution of respondents to each cue by each policy by

PID. The largest difference between any PID, cue, and policy combination is 4% with

the vast majority of combinations maintaining a less than 1% difference. We also conduct

standard balance tests for each treatment condition by our set of analyzed covariates. We

find no difference between any of the conditions across all of our covariates, on average. The

distribution of our respondents and the results of our balance tests are reported in Table SX

and Table SY in our appendix.

3 Data

Our data comes from a nationally-representative, novel dataset of American adults collected

online by the survey firm Lucid in September and October of 2022. The dataset contains

3,359 observations, and was collected with quotas based on Census data for gender, race,

region, and age; details regarding the representativeness of this sample can be found in

Table A1 of the appendix. Along with this data, we also collect data on other covariates:

demographics, religion, political interest and identification, political attitudes, affect and

ideology.

To ensure quality responses from our respondents, we include a single attention check
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and consent to provide honest and accurate answers. Respondents who failed the atten-

tion check or refused to consent to providing good answers, were immediately prevented

from completing the survey and thus entering our dataset. Furthermore, we also check for

“straightliners” (individuals who answer quickly and select the same response for all stimuli

in a grid-question) among those who did complete the entire survey (Kim et al. 2019). We

identify and remove 261 individuals who straightlined in various parts of our survey resulting

in a complete dataset of 3,098 respondents. 1

3.1 Scaling Ideology & Affect

We collect standard measures of both affect and ideology. We use standard measures from

the American National Election Study (ANES) for self-reported ideology (on a 7-point Likert

scale from “Extremely liberal” to “Extremely conservative”) and feeling thermometers for

both the Democratic and Republican Parties (0–100 with 0 being coldest and 100 being

warmest feelings). Traditionally, a standard partisan affect measure is then calculated by

taking the difference between an individual’s feeling thermometer towards their in-party and

out-party (Iyengar et al. 2019), resulting in a -100–100 point scale.

While the previous literature has tended to use these measures in their raw format (e.g.,

Barber and Pope 2019), simply taking an individual’s self-reported ideology and, in the rare

cases partisan affect is measured, raw affect measures, we instead opt to leverage three dif-

ferent scaling methodologies to recover more robust measures of ideology, thermometer-level

affect, social distance, and trust, respectively.2 First, we both include multiple measures of

affect and scale them given previous findings suggesting that simple thermometer-level affect

does not capture the entire phenomenon (Bankert 2020; Druckman and Levendusky 2019;

1This sample size is still more than sufficient to satisfy 90% power for the average treatment effects reported
in this study.

2Importantly, we do test self-reported ideology and the standard measure of affect for thermometers, in-party
thermometer minus out-party thermometer. However, social distance and trust scores require some sort
of scaling method (Druckman and Levendusky 2019), so we do not test another formulation. Using both
self-reported ideology and the standard measure of thermometer-affect we recover similar directional results,
albeit with larger confidence bands, in all cases. Consequently, we opt to report the results using our scaled
measures and raw/standard measures in the main text and SECTION S3 of the appendix, respectively.
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Kingzette 2020). In general, this gives us more leverage to identify the general effects, or at

least the importance, of various, robust measures of affect. Second, we opt to scale ideology

using Bayesian Aldrich-McKelvey Scaling (BAM), given the distinct problem of differential-

item functioning that occurs with ideological self-placements (Hare et al. 2015). Overall, and

especially compared to the previous literature, these robust and various measures of affect

and ideology give us the ability to more confidently calculate conditional treatment effects

in our sample. For interested readers, the details of these specific procedures, including

information on the raw measures collected in the survey, are included in section S3 of the

appendix.

4 Results

This section proceeds by first testing how the effect of political cues is moderated by parti-

sanship. Consistent with previous research, we find that the way in which citizens process

information is shaped by partisan loyalties. With those baseline results, we then test for het-

erogeneous treatment effects of affect and ideology using Causal Forest. This methodology

better enables us to first test for any treatment effect heterogeneity and then, if there is, to

identify which variables are causing the heterogeneity.

4.1 Baseline Results

Using a simple OLS regression, with unadjusted standard errors, we calculate conditional

average treatment effects (CATEs) by respondent PID, reporting our results in Figure 1.3

Figure 1 is broken down into two panels, with the left representing the pooled Democratic

cues and the right representing the pooled Republican cues. Effects for these cues (Y-axis)

are presented with 95 and 80% confidence-intervals—thin and thick lines, respectively—and

are broken down within each panel by a respondent’s self-reported PID (X-axis; leaners are

3For a table of these same results, please see section SZ in the Appendix. Furthermore, we also calculate these
effects using a Causal Forest and bootstrapped standard errors, finding similar effect sizes and confidence
intervals. Results are also included in section SZ of the Appendix.
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included in weak PIDs). Overall, we find results that are highly consistent with previous

research. In general, partisans are influenced by both in- and out-party cues across the pooled

policies. Furthermore, the effect sizes and significance increase by the strength of PID, for

both Democrats and Republicans. Independents, as we may expect when not controlling for

ideology, consistently have null effects across both Democratic and Republican treatments.

Figure 1: Pooled Cue CATE Estimates by Respondent and Cue PID

One notable trend among these results is the general size of the effects of out-partisan

cues (e.g., Republican treatments among Democratic respondents). In general, the effect

sizes tend to be larger and the confidence bands further away from zero. These results clearly

suggest that PID or, as is more likely, PID as some rough substitute for some dimension

of underlying ideological and/or affective beliefs are influencing the effects of these cues.

Consequently, we move to further investigate these potential influences.

While these results are promising, in that they are consistent with previous findings

surrounding simple partisan policy cues, there are limitations to using standard OLS for

calculating CATEs. Specifically, there is no clear test for detecting real treatment effect het-

erogeneity above and beyond checking the statistical significance of the conditioning variable.
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Furthermore, the specification of the regression used to calculate any CATEs has significant

influence on whether or not these variables do appear statistically significant. Specifically,

this manifests itself in two ways: 1) the choice of a simple interaction between the treatment

assignment and the conditioning variable of interest or in calculating treatment effects by

subsetting each regression to the conditioned variable group; and 2) in the decisions of both

what variables to condition on and what covariates should be included in the calculation

of any given CATE. Finally, as with any estimation technique, OLS necessarily assumes

additive, linear effects, which significantly constrains the estimation of any CATEs.

Given these limitations, and our distinct interest in accurately estimating CATEs for

respondents’ ideology, affect, and spatial knowledge, we opt to use a causal forest to not

only calculate our CATEs, but to first even determine if treatment effect heterogeneity ex-

ists in our experiment. The following section proceeds by first detailing the causal forest

methodology; second, reporting the results of our causal forest heterogeneity tests and sub-

sequent variable importance score calculations; and finally, reporting our CATE estimations,

including interaction effects, for important conditioning variables.

4.2 Causal Forests

In general, machine learning methods have been employed for the task of prediction, and

not necessarily for inference. However, recently a variety of machine learning algorithms

have been adapted specifically for different causal inference problems (Athey and Imbens

2016; Athey and Wager 2019; Chernozhukov et al. 2022). 4 In this paper, we employ one

of these new methods, causal forests, a method designed to detect and estimate treatment

effect heterogeneity.

Causal forests adapt the random forest estimator (Breiman 2001). Random forests are

an ensemble of individual decision trees optimized to minimize prediction error (i.e., MSE,

AUC, etc.). Instead of optimizing for prediction error, causal trees optimize for maximum

4See Grimmer, Roberts, and Stewart 2021 for more detail.
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treatment effect heterogeneity. Additionally, the causal forest employs subsample splitting:

half of the data is using to choose splits in the causal trees, and the other half is used to

estimate the leafs. Subsample splitting ensures the causal trees are not overfitting on the

training data. Once the causal forest is estimated, to test for treatment effect heterogeneity

we employ a heteroskedasticity robust, omnibus test developed by Chernozhukov et al. 2022.

5 In brief, the test takes an input causal forest model and generates a best linear fit of the

CATEs on held-out data. It then uses the results of this linear fit to evaluate the quality of

the CATE estimates. This test acts as both an omnibus heterogeneity test and also, returns

calibration information such that the fit of the causal forest model can be evaluated.

While we believe this estimation procedure is superior to subgroup analysis, in that

it’s more robust to model specification and more difficult to game, it does come at a cost.

Because the causal forest employs sub-sample splitting, it doesn’t use all of the training data

to estimate the CATEs. As such, this approach does add some noise relative to subgroup

analysis, and can thus be viewed as conservative in some contexts. However in our view, this

is a price worth paying, as subgroup analysis is only superior to causal forest when the model

is very well specified, and moreover, that the researcher knows this perfect specification ex

ante. This is hardly ever the case.

For the purpose of this article, we execute 12 separate causal forest models across the

three different policy cues and subsetting by party ID.

4.3 Treatment Effect Heterogeneity and Variable Importance

Based on the test detailed above, we check to see if treatment effect heterogeneity exists in

our experiment based on our full set of covariates. We run this test for each policy separately,

subsetting also by PID, reporting the results below in Table 1. Across all cues we find distinct

evidence for treatment effect heterogeneity, but only for out-party cues, with the exception

of the in-party cue for increased border funding for Republican respondents. This suggests

5Implemented by the grf R package.
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that the effect of an in-party cue on support for any of these policies, is generally consistent

across all of our measured covariates. However, for these out-party cues, for both Democrat

and Republican respondents, there appears to be significant heterogeneity.

Table 1: Treatment Effect Heterogeneity Checks by Policy Cue and Pooled

Treatment Party ID Min. Wage Border Funding Farm Subsidy Pooled

Democratic Democrats
Cue Republicans X X

Independents

Republican Democrats X X X X
Cue Republicans X

Independents X

Consequently, we further employ causal forests to determine which variables are leading to

this heterogeneity, reporting the bootstrapped (100 trial) calculation of variable importance

for predicting heterogeneous treatment effects below in Figure 2.6

Importance is calculated for each variable as a weighted sum of how often, and at what

depth, a variable appears in all of the trees of a given causal forest model. The logic of

this is that splits earlier on in any given tree are necessarily more important for prediction

than those later, and since each tree is a random selection of variables its important to sum

across all trees in the forest. Finally, the scores themselves are relative, in that the sum of

all scores is equal to 1. The higher a variable’s score, the higher its relative importance is

in accurately predicting heterogeneity in our experiment. For a detailed explanation of the

calculation of these variable importance scores, see SZ of the appendix.

As seen in Figure 2, consistent across all three policies (and pooled policies), for out-

party cues and for Democratic and Republican respondents, our measures of affect, specifi-

cally thermometer and social distance affect, are the most important variables for capturing

treatment effect heterogeneity (with the exception of the border funding Republican cue and

respondents). Interestingly, ideology is by far the most important predictor for independent

6We employ bootstrapping here as changes in the random number generator employed can lead to slightly
different variable importance estimates.
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Figure 2: Variable Importance for Estimating Heterogeneous Treatment Effects

respondents. Those who are on the right (conservative) part of the scale have positive reac-

tions to Republican cues, whereas those on the left (liberal) part of the scale have negative

reactions. This makes sense, in that it appears that ideology for independent respondents

14



acts as almost a proxy for party identification.

4.4 CATE Estimation for Affect and Ideology

We proceed in this section by calculating CATEs for affect (thermometer-level affect and

social distance) and ideology by both Democratic and Republican respondents for out-party

cues.7 To do this, we map the causal forest CATE predictions over different pre-treatment

covariates. These CATE estimates are derived from separate causal forest models trained

on the pooled policy cues and subsetting respondents by party ID.

One benefit of using this method, is that we are able to calculate CATEs while including

all three of our moderating variables of interest. Consequently, the significant results below

are not the effects of these moderating variables in a vacuum, rather they are the effects

of these variables when including all other covariates. For all of our CATE estimations,

we include ideology, thermometer-level affect, social distance, partisan trust, and spatial

knowledge. Figure 3 shows individual CATEs for each variable (rows) by PID (columns) for

pooled, out-party cues. Each panel also shows the ATE (with 95% confidence bands) for the

given PID.

7Results broken down by policy for Democratic respondents reveal the same underlying treatment effect
heterogeneity. As well, plots for our other covariates reveal no significant treatment effect heterogeneity.
As a result, we opt to report plots for all policies and covariates in section SX in the appendix.
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Figure 3: CATEs for Democratic Respondents by Variable and PID
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Clearly, there is significant treatment effect heterogeneity across both thermometer-level

affect and social distance. For Democratic (Republican) respondents, those on the left (right)

16



side of both scales have very large negative treatment effects whereas those on the right (left)

side of the scale have essentially null effects. In contrast, ideology has no clear conditioning

role for treatment effects for either Democratic or Republican respondents.

Based on the results above, we opt to explore in-depth the potential interaction CATEs

for both thermometer-level affect and social distance. We do this by calculating the partial

dependence between affect and social distance for out-party cues with pooled policies for

Democratic and Republican respondents. This is done simply by calculating the CATE by

both a given level of thermometer and social distance affect from both pooled, out-party cue

causal forests. Figure 4 reports the partial dependence plots for thermometer (Y-axis) and

social distance (X-axis) affect for out-party cues by PID (columns) for the pooled policies.
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Figure 4: Partial Dependence Plots for Thermometer & Social Distance Affect

Clearly, those who are at the extreme end of both affect scales have greater negative

treatment effects than those who are less extreme on one or both of the scales. Simply put,
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those who have higher partisan affect as a sum of both of our measures of affect, have greater

negative treatment effects than their counterparts.

5 Discussion

In this paper we explore the role of affect and ideology as moderators of information pro-

cessing. Based on Lodge and Taber’s (2013) dual-process model of information processing,

we argue that affect and ideology play a distinct role shaping the way in which political

information is processed. While the model assumes that both processes are unconscious and

lead to affectively charged processing, they have different theoretical underpinnings. We the-

orize that perceptual gaps can arise through intrinsic and extrinsic elements of a particular

message. In concrete, this means that affect and ideology can shape information processing

in different ways.

We test these expectations using an experimental design that allows us to separate the ef-

fects of affect and ideology. By randomizing Democratic and Republican cues to conservative

and liberal proposal, our experimental design allowed us to evaluate if affect and ideology

in fact play a distinct role shaping information processing. Given that we are interested in

heterogeneous treatment effects, we use Causal Forest to evaluate these expectations.

Somewhat surprisingly, we find that affect, not ideology, is the most important moderator

on the effect of partisan policy cues. However, we argue that this may be the case based on

the relatively moderate bent of our policies. Essentially, we believe that individuals do not

have highly concrete preferences for these policy proposals that are directly determined by

their underlying ideology. In a different experiment with more salient, ideological policies,

we would expect ideology to play more of a role (at least with predicting baseline policy

support). Importantly, we also find that the importance of affect is far greater than political

knowledge, a variable that previous work has identified as a key moderator (e.g., Barber

and Pope 2019). Furthermore, we only find significant heterogeneous effects for out-partisan

cues, whereas for in-party cues, it appears that cueing effects are relatively constant.
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Finally, we find that both thermometer-level affect and social distance affect have highly

significant, interactive effects on predicting treatment effects. Those who have higher dif-

ferences in their in- minus out-party affect react much more negatively to out-party cues

than their other, less extreme copartisans. At a theoretical level, our findings suggest that

affect priming and affect contagion play a much more important role than hot cognition and

motivated bias, affectively charging political information, at least for the American public.
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