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ABSTRACT2

Large-scale surveys often contain multiple related response dimensions whose joint structure is3
difficult to understand using traditional one-dimensional summaries. We propose a visualization4
framework that combines model-based estimation and two-dimensional heatmaps to reveal5
multidimensional patterns in survey responses. The framework can be paired with a variety of6
statistical or machine learning models and is designed to facilitate interpretation of complex7
survey data through subgroup decomposition, temporal comparison, and exploration of joint8
response structures. We apply the framework to national survey data from 2014 to 2021 and9
show that the resulting heatmaps reveal multidimensional structure that is difficult to detect10
from one-dimensional summaries alone, including clustering, polarization, and differences11
in issue alignment across policy pairs and population groups. The framework is particularly12
valuable when associations between policy dimensions are weak and their relationships cannot13
be readily be inferred from one-dimensional summaries. The framework can be implemented14
with both conventional regression models and flexible machine-learning approaches, with the15
latter generally providing closer in-sample fit to the observed policy scores. More generally,16
the proposed framework provides a scalable and interpretable tool for studying interconnected17
attitudes in multidimensional survey data.18

Keywords: multidimensional visualization, random forests, XGBoost, SVR, heatmaps19

1 INTRODUCTION

Recent scholarship underscores that data visualization in political science is not a neutral act of presentation20
but a consequential practice shaping interpretation, belief, and policy engagement. For instance, Tartaglione21
and de-Wit (2025) demonstrate experimentally that how variability in out-party political views is visualized22
critically affects misperception: while interval summaries modestly reduce inflated beliefs about partisan23
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extremism, full distribution displays achieve the strongest correction and diminish support for anti-24
democratic actions. This finding aligns with broader arguments that visualization embeds social and25
political choices rather than serving as a passive communication device (Nash et al., 2022; Engebretsen and26
Kennedy, 2020). Empirical work on citizen-state interfaces, such as Hagen et al. (2019), further illustrates27
how visual analytics of petition data can render public opinion more legible and actionable for policymakers,28
even while raising challenges of interpretation and alignment. At a conceptual level, both Engebretsen and29
Kennedy (2020) and Curini and Franzese (2020) highlight the multiple political roles of visualization—as30
governance tools, communicative resources, and exploratory devices capable of revealing unexpected31
patterns or diagnosing data problems. Pedagogical and design-oriented contributions complement this32
perspective: Zigerell (2023) stresses training students to evaluate and improve visualization practices33
by emphasizing clarity, cognitive accessibility, and the communication of uncertainty, while Segaran34
and Hammerbacher (2009) emphasize principles of honesty and transparency in graphical design. Taken35
together, these studies converge on the view that visualization choices are methodologically consequential36
and normatively significant, shaping not only how evidence is interpreted but also how political issues and37
public engagement are structured.38

One domain where these visualization approaches are especially relevant is the study of political39
polarization. Research has documented polarization in U.S. politics from multiple perspectives: rising40
ideological uniformity and partisan animosity (Pew Research Center, 2014), debates over whether change41
reflects mass extremism or party sorting (Fiorina and Abrams, 2008; Abramowitz and Saunders, 2008), and42
the emergence of affective polarization driven by partisan alignment (Mason, 2015). Other work highlights43
reinforcing mechanisms through socio-cognitive biases and media exposure (Wang et al., 2020), agent-44
based models of feedback loops (Axelrod et al., 2021), and the interplay of inequality and identity divisions45
(Stewart et al., 2021). Recent conceptual and methodological work on polarization contributes valuable46
perspectives (Kleinfeld, 2023; Mehlhaff, 2024; Langford, 2023), but most studies focus on single-policy47
domains. This underscores the need for visualization methods that capture polarization across multiple,48
interconnected policy areas, offering more holistic insights into the dynamics of division.49

A central goal of this paper is to facilitate the examination of joint patterns of policy preferences rather50
than analyzing each issue separately. Existing studies in political science often focus on a single policy51
dimension at a time, such as attitudes toward immigration, gun control, or trade, which may overlook52
how preferences align across multiple issue areas. Policy preferences are inherently multidimensional, and53
meaningful patterns often emerge through the alignment of attitudes across multiple issue areas rather than54
within any single policy dimension alone. However, multidimensional response structures are often more55
difficult to summarize, visualize, and interpret than individual policy dimensions, which has contributed56
to the continued reliance on one-dimensional analyses. Understanding these joint structures can reveal57
clustering, heterogeneity, polarization, and issue-alignment patterns that may be difficult to discern from58
separate one-dimensional summaries.59

To address this challenge, we propose a model-based visualization framework that combines model-60
based estimation with visualization of joint response distributions. The framework is designed to facilitate61
exploration of multidimensional survey structure across policy domains, demographic groups, and time62
periods. By providing interpretable visual summaries of estimated response patterns, the approach can63
be applied systematically across policy pairs, population groups, survey years, and alternative modeling64
strategies. Our emphasis is on visualizing model-based estimates rather than raw survey responses. To65
clarify the contribution of the estimation step, the framework contrasts model-based heatmaps directly66
against raw-score heatmaps. This comparison demonstrates that fitted-score visualizations can uncover joint67
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preference structures that raw frequency plots obscure due to sparsity, sampling variability, or subgroup68
imbalance. Direct visualization of raw survey data is fundamentally limited to counting frequencies on69
a static grid, leaving it vulnerable to sampling variability, sparse regions of the response space, and70
demographic imbalances, particularly when examining joint dimensions. Crucially, it does not incorporate71
the additional rich, multidimensional demographic covariates that actually shape those attitudes. Model-72
based estimation, in contrast, incorporates these very covariates into the estimation step and stabilizes73
patterns by borrowing information across respondents, yielding a covariate-aware representation that offers74
deeper insight into the joint policy space.75

The proposed framework is not tied to any specific estimation method. Instead, it is designed to improve76
understanding of complex survey data by providing a common visualization framework for examining77
estimated response structures. The goal is to help researchers identify substantively meaningful patterns78
that may be difficult to detect from raw data or separate one-dimensional summaries alone.79

We illustrate the framework using policy preference data from the Cooperative Election Study (CES),80
a large-scale national survey that measures attitudes across multiple policy domains and demographic81
groups. These examples highlight several ways in which the proposed approach can be used to explore82
multidimensional survey structure. First, the partisan decomposition of healthcare and abortion preferences83
shows that the aggregate distribution contains a multipolar structure that is not well summarized by a84
single left–right average or by either policy dimension alone (Section 3.4). Second, the temporal analysis85
of abortion–trade and immigration–trade preferences shows that both the location of policy clusters and86
the strength of issue alignment change over time (Section 3.5). Third, the within-party subgroup analysis87
demonstrates how demographic decomposition can reveal sources of internal heterogeneity, with gender88
accounting for much of the Republican subgroup structure in the environment–gun control policy space89
(Section 3.6). Together, these examples illustrate how the framework can be used to identify clustering,90
issue alignment, temporal change, and subgroup heterogeneity in multidimensional survey data.91

The remainder of the paper is organized as follows. We first introduce the Cooperative Election Study92
(CES) dataset and the key variables used in the analysis in Section 2.1. We then present our multidimensional93
heatmap framework in Section 2.2, to reveal patterns of ideological alignment across pairs of policy94
domains. Section 3 reports the empirical findings using the CES dataset from 2014 to 2021. Finally,95
Section 4 summarizes the methodological contributions of the framework and concludes with notes on96
reproducibility and directions for future research.97

2 MATERIALS AND METHODS

2.1 Datasets for Analysis98

We demonstrate our visualization framework by examining trends in political polarization using the99
Cooperative Election Study (CES) dataset. Formerly known as the Cooperative Congressional Election100
Study (CCES), CES is a widely used dataset in political and social science research. Utilizing CES data,101
Kuriwaki et al. (2024) analyze racial voting patterns across U.S. congressional districts; McCabe et al.102
(2024) show that healthcare-based voter registration initiatives are particularly effective at reaching younger103
and more racially diverse populations; and Brown et al. (2025) investigate the rural-urban political divide104
in the U.S. Originally launched in 2006, the CES has become an essential resource for examining political105
attitudes, voting behavior, and demographic trends in the United States. Each survey cycle includes over106
50,000 respondents, providing a highly representative sample suitable for detailed subgroup analyses.107

Frontiers 3



Jingtian Yu et al. Survey Visualization

The CES dataset’s large sample size and longitudinal coverage from 2006 to 2021 make it well suited108
for our visualization framework. In this paper, a heatmap refers to a two-dimensional binned display in109
which the horizontal and vertical axes represent two policy preference scores, and the color intensity of110
each cell represents the proportion of respondents whose scores fall in that region of the joint policy space.111
In raw-score heatmaps, these scores are observed policy scores; in model-based heatmaps, they are fitted112
policy scores obtained from the estimation step. This structure allows us to conduct detailed subgroup113
analyses and track how polarization patterns change across multiple policy domains over time.114

2.1.1 Response variable: policy preference scores115

We define policy preference scores from CES survey responses to summarize respondents’ positions116
across several policy domains. The analysis uses the Cumulative CES Policy Preferences dataset (Dagonel,117
2021), which combines policy preference questions from CES surveys over time. In this study, we focus118
on the policy domains listed in Table 1. Each item is coded numerically so that the response can be119
incorporated into a domain-specific score.120

For each policy domain, we construct a raw score by summing the positively oriented components and121
subtracting the negatively oriented components, as summarized in Table 2. For example, the raw abortion122
score is constructed as123

sabortion = −abortionalways + abortionconditional + abortion20 weeks + abortionprohibition.

The component names in Table 2 refer to the subscripts of the survey-question variables listed in Table 1.124
This construction aligns the direction of the policy scores so that higher values correspond to more125
restrictive, interventionist, or regulation-supportive positions within the corresponding policy domain.126

Each raw policy score is normalized to the interval [0, 1]:127

Spolicy =
spolicy −min(spolicy)

max(spolicy)−min(spolicy)
.

This normalization makes the policy scores comparable across domains with different numbers of128
component questions.129

Policy domains were included in model fitting only for survey years in which the corresponding130
component items were available. Policy-year combinations with unavailable items were excluded from131
the year-specific modeling datasets; these exclusions are listed in Table S1. For available policy domains,132
respondent-level scores were treated as missing when any required component item for that domain133
was missing, and no item-level imputation was used. The model-fitting datasets were then restricted to134
respondents with nonmissing policy scores, demographic covariates, and survey weights.135

The additive construction treats the component items within each policy domain as contributing equally136
after their response directions are aligned. This choice is consistent with prior public-opinion research that137
uses multiple survey items to construct more reliable measures of policy attitudes and to summarize related138
issue positions within broader domains (Ansolabehere et al., 2008; Ansolabehere and Jones, 2010). Similar139
additive or domain-level indices have also been used in empirical studies of political attitudes and policy140
preferences (Hetherington et al., 2016; Reid et al., 2025; Lindh and Andersson, 2025), including work141
on gun-policy attitudes using multiple reform items (Hansen and Dolan, 2025). In the present study, the142
score is designed as a transparent and reproducible domain-level index for visualization, rather than as a143
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Abortion
abortionalways Always allow abortion
abortionconditional Allow abortion only under certain cases
abortion20 weeks Ban abortion after 20 weeks
abortionprohibition Total prohibition of abortion

Environment
envirocarbon Allow EPA to regulate carbon dioxide emissions
envirorenewable Require states use a minimum amount of renewable fuels
enviroairwateracts Strengthen EPA enforcement of Clean Air and Water acts
Gun Control
gunsassaultban Ban assault rifles
gunspermits Ease ability to obtain concealed-carry permits

Immigration
immiglegalize Grant conditional legal status to undocumented
immigborder Increase border security between US-Mexico
Health Care
healthcareaca Repeal the Affordable Care Act
healthcareacamandate Restore ACA mandate requiring everyone to be insured
healthcaremedicare Provide Medicare for all Americans
Military
militaryoil Approve of military ensuring oil supply
militaryterroristcamp Approve of military to destroy terrorist camp
militarygenocide Approve of military to intervene in genocide or civil war
militarydemocracy Approve of military to assist in spread democracy
militaryprotectallies Approve of military to protect US allies under attack
militaryhelpun Approve of military to help the United Nations uphold international law

Spending (1 = Increase, 3 = Maintain, 5 = Decrease)
spendingwelfare Spending preferences on welfare
spendinghealthcare Spending preferences on health care
spendingeducation Spending preferences on education
spendingpolice Spending preferences on law enforcement
spendinginfrastructure Spending preferences on transportation/infrastructure
Trade
tradechina Tariffs on goods imported from China
tradecanmex include Tariffs on steel and aluminum INCLUDING from Canada and Mexico

Note: Survey question wording may differ across years; see Dagonel (2021) for details.

Table 1. Policy preference questions from CES and brief description

latent-variable measurement model with item-specific loadings or weights. The resulting scores therefore144
summarize respondents’ expressed positions across the available items in each domain using a common145
scale.146
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Policy score Positive components Negative components

Abortion conditional, 20 weeks, prohibition always
Environment carbon, renewable, airwateracts –
Gun control assaultban permits
Immigration border legalize
Health care acamandate, medicare aca
Military oil, terroristcamp, genocide, democracy, protectallies,

helpun
–

Spending welfare, healthcare, education, infrastructure police
Trade china, canmex include –

Note: Positive components enter the corresponding policy score with a positive sign, while negative
components enter with a negative sign. Each raw score is then normalized to the interval [0, 1].

Table 2. Construction of policy preference scores

After defining the policy preference scores, we first examine their one-dimensional distributions over147
time. Figure 1 shows the yearly marginal distributions of policy preference scores from 2014 to 2021 across148
the policy domains. These plots are useful for checking whether a single policy domain shifts over time149
and for identifying years with more concentrated or more dispersed marginal distributions.150

However, Figure 1 also illustrates the limitations of one-dimensional summaries for the purpose of151
studying multidimensional polarization. Each panel displays only one policy domain in one year, so the152
figure separates the policy dimensions rather than showing how they are jointly organized. As a result, it153
cannot answer questions such as whether respondents with high immigration scores also tend to have high154
trade scores, whether two policy domains form distinct clusters, or whether polarization emerges through155
combinations of issue positions rather than through marginal shifts alone. Two populations can have similar156
one-dimensional distributions but very different joint structures across policy pairs. For this reason, Figure 1157
is informative as a descriptive baseline, but it is not sufficient for our main goal of analyzing alignment,158
clustering, and heterogeneity across multiple policy dimensions.159

This limitation motivates the use of two-dimensional heatmaps in the following analysis. By placing160
two policy scores on the horizontal and vertical axes and using color intensity to summarize concentration161
in the joint policy space, the heatmaps reveal cross-policy structure that is not visible from the marginal162
distributions alone.163

2.1.2 Explanatory variables164

To examine the drivers of polarization using the model-based visualization framework, we incorporate165
a set of demographic characteristics from the Cumulative CES Common Content dataset (Kuriwaki,166
2023), including gender, race, education level, geographic location, and self-identified partisanship. These167
variables serve as explanatory inputs to our models and are used to generate fitted policy scores for the168
visualization framework. They provide the basis for examining how multidimensional policy preferences169
vary across demographic groups and for decomposing observed patterns by subgroup.170

Among these, education level and geographic location are treated as ordinal variables. Higher values171
of education correspond to higher educational attainment levels (e.g., from high school to graduate172
degree), while higher values of the geographic variable indicate more rural settings. To derive geographic173
information, we use county-level Federal Information Processing Standards (FIPS) codes to merge the174
CES data with the 2023 Rural-Urban Continuum Codes (RUCC) from U.S. Department of Agriculture,175
Economic Research Service (2023). The RUCC classifies counties on a scale that captures both population176
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size and proximity to urban centers, allowing us to systematically assess the rural-urban context of177
each respondent. An important aspect of longitudinal survey analysis is the consistency of respondent178
characteristics over time. In this study, we observe that the demographic composition of the survey sample179
remained relatively stable across multiple years. This stability is advantageous, as it reduces the likelihood180
that observed changes in policy preferences or attitudes are driven by shifts in the underlying population181
structure. Instead, it strengthens the interpretation that temporal trends reflect genuine changes in public182
opinion rather than sampling variability. Consistent demographics also enhance the comparability of model183
estimates and subgroup analyses across years, allowing for more reliable inference about evolving policy184
preferences within and between demographic groups.185

(a) (b)

Figure 1. Policy preference distributions and respondent composition. (a) Distribution of policy
preference scores by year and topic, 2014–2021. The panels show yearly distributions across four policy
domains: abortion, environment, gun control, and immigration. Each row corresponds to a policy topic,
and each column corresponds to a survey year. Bar heights represent the proportion of respondents at each
score level, allowing comparison of opinion shifts over time. (b) Distribution of explanatory variables from
2014 to 2021. The panels show the yearly composition of five demographic variables used in the analysis:
partisanship, race, gender, education level, and rural–urban classification. Each pie chart represents the
proportion of respondents in each category for a given year. The distributions are relatively stable across
years, indicating limited demographic drift in the dataset and supporting year-to-year comparisons.

2.2 Methods186

The goal of the proposed framework is to visualize multidimensional policy preferences in a way that187
reveals joint structure across policy domains. Direct visualization of raw survey responses is often limited188
by discrete response scales and sparse combinations of response patterns. To address this issue, we first189
use demographic characteristics to obtain model-based estimates of policy preference scores and then190
visualize the joint distribution of these scores using two-dimensional heatmaps. The resulting model-based191
heatmaps provide a smoother, demographically informed representation of the policy space, facilitating the192
identification of clusters, issue alignment, subgroup differences, and temporal trends.193
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2.2.1 Estimation step for policy preference scores194

Our visualization framework is built on estimated policy preference scores. For each survey year and195
policy domain, we use respondents’ demographic characteristics to obtain a model-based estimated score.196
These estimated scores are then used as the input to the two-dimensional heatmaps described below.197

The framework is intentionally model-agnostic. Any supervised method that maps respondent198
characteristics to policy preference scores can be used. In the empirical analysis, we implement four199
common estimation models: linear models (LM), random forests (RF), support vector regression (SVR),200
and extreme gradient boosting (XGBoost, abbreviated XGB). These models provide different ways to201
summarize the relationship between demographic characteristics and policy preferences, but they are not202
themselves the methodological focus of the paper. Instead, they serve as alternative engines for producing203
estimated scores that can be visualized within the same graphical framework.204

The linear model provides a familiar regression-based benchmark for social science applications. In205
this setting, each policy preference score is modeled as an additive function of demographic covariates,206
similar to standard survey analyses that estimate how attitudes vary by partisanship, race, gender, education,207
geography, and other respondent characteristics. Its main advantage is transparency: the fitted values are208
generated from a simple and interpretable structure, making the linear model a useful baseline against209
which more flexible estimation methods can be compared. Random forest is a tree-based ensemble method210
that can accommodate mixed covariate types and capture nonlinearities and interactions without requiring a211
prespecified functional form. Support vector regression provides a smoother nonlinear estimation approach212
through kernel-based regression. XGB is a boosting-based tree ensemble that sequentially improves213
performance while incorporating regularization. For all four models, the cumulative survey weights are214
used as observation weights to align the estimation step with the survey design.215

The purpose of using estimated scores is to construct a smoothed, demographically informed216
representation of policy preferences. Furthermore, demographic covariates are incorporated to estimate217
policy preferences conditional on observed respondent characteristics. The resulting heatmaps therefore218
summarize systematic demographic structure in the policy space rather than merely smoothing observed219
response frequencies. Compared with heatmaps based directly on raw response scores, model-based220
heatmaps reduce sparsity in the two-dimensional policy space and capture systematic variation associated221
with observed respondent characteristics. This allows the visualization to highlight joint policy structures,222
temporal changes, partisan decomposition, and subgroup heterogeneity within a common graphical223
framework.224

Because our contribution is the visualization of estimated policy-preference distributions rather than225
the development or comparison of estimation algorithms, formal model comparison is outside the scope226
of this study. We use four estimation models only to show that the proposed heatmap workflow can be227
implemented with both conventional regression models and more flexible machine-learning approaches.228

2.2.2 Workflow for constructing heatmaps from model-based estimations229

Our visualization framework combines supervised estimation with two-dimensional heatmaps to reveal230
how policy attitudes co-vary across issues. The workflow proceeds in five steps.231

1. Construct policy-domain responses. For each survey year, we construct policy preference scores232
for all available policy domains using the same coding rules applied throughout the data pipeline. If a233
policy response is unavailable in a given year, that policy-year combination is excluded from model234
fitting.235
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2. Process demographic covariates. For the same respondents, we assemble a common set of236
demographic explanatory variables, including variables such as gender, race, education, partisanship,237
and geographic location. Covariates are processed consistently across all four estimation models so238
that differences in the final heatmaps reflect differences in model structure rather than differences in239
input construction.240

3. Fit year-specific estimation models. For each survey year t and each policy domain d, we fit one of241
the four models described above to estimate policy scores from demographics:242

Ŝ
(t)
id,m = f̂

(t)
d,m

(
X

(t)
i

)
, m ∈ {LM,RF, SVR,XGB}.

This yields a estimated score for every respondent, policy domain, year, and model. The model-specific243
estimations preserve a common output structure, which facilitates downstream comparison across244
modeling approaches.245

4. Construct heatmaps from estimated policy pairs. For any two policy domains, say d1 and d2, we246
pair the estimated scores247 (

Ŝ
(t)
id1,m

, Ŝ
(t)
id2,m

)
for all respondents and divide the two-dimensional score space into a regular grid. Each respondent248
is then assigned to a grid cell according to the pair of estimated scores, and the cell frequency is249
represented by a color gradient. The resulting heatmap summarizes the joint distribution of model-based250
policy preferences for that year and model.251

5. Compare heatmaps across years and groups. Because the estimation step is repeated separately252
by year and policy domain, the same procedure can be used to compare heatmaps over time and253
across demographic subgroups. This makes it possible to examine whether clustering, policy bundling,254
or polarization patterns shift across survey years or vary across population groups. Although the255
framework can be implemented with different estimation models, our focus is on using these models256
as alternative ways to generate policy-score estimations rather than on formally comparing model257
performance.258

The key advantage of this workflow is that it provides a common framework for examining the joint259
distribution of policy preferences across policy domains, demographic groups, survey years, and estimation260
models. By placing LM, RF, SVR, and XGB within the same visualization pipeline, the framework provides261
a scalable and flexible tool for studying polarization and multidimensional issue alignment in survey data.262

2.2.3 Advantages model-based heatmaps263

Traditional raw-score summaries describe the distribution of each policy score separately. These one-264
dimensional plots are useful for showing marginal shifts over time, but they cannot reveal whether265
respondents with similar positions on one issue also tend to share positions on another issue. As a result,266
they may overlook clustering, dispersion, and issue bundling across policy domains.267

Model-based heatmaps address this limitation by modeling the full dataset and then visualizing the joint268
distribution of estimated policy scores. This approach has two main advantages over one-dimensional269
raw-score distributions. First, it represents two policy dimensions simultaneously, making it possible to270
detect joint structures such as clusters, diagonal alignment, multipolar patterns, or diffuse distributions that271
are not visible from marginal plots alone. Second, it incorporates multiple demographic covariates into the272
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estimation step, so the resulting heatmaps summarize systematic variation in policy preferences associated273
with respondent characteristics such as partisanship, gender, race, education, and geography.274

Compared with the raw-score two-dimensional distribution, the model-based heatmap provides a clearer275
view of the underlying joint organization of policy preferences. The raw two-dimensional plot is useful as a276
transparent descriptive benchmark, but because the observed scores are discrete, the distribution can appear277
as a small number of isolated response combinations. Furthermore, the raw display is strictly limited to278
the two policy dimensions being plotted, ignoring other highly informative individual characteristics that279
explain the data. The model-based heatmap instead places respondents in a smoother, continuous policy280
space after incorporating demographic covariates, making it easier to detect diagonal alignment, clustering,281
multipolar structure, and intermediate groups. A direct comparison is provided in Section 3.2, where the282
model-based heatmap reveals a three-pole structure that is less apparent in the raw-score display.283

In this sense, model-based heatmaps complement the raw-score summaries by providing a more284
comprehensive view of policy alignment. Rather than focusing only on marginal variation within separate285
policy domains or on discrete raw-score combinations, they summarize conditional relationships in a286
common two-dimensional framework, making multidimensional polarization patterns easier to detect and287
interpret.288

3 RESULTS

This section illustrates the proposed model-based visualization framework through a series of examples that289
progress from simple to more complex applications. We begin by introducing the model-based heatmap290
and demonstrating how joint policy preferences can be visualized in a two-dimensional policy space. We291
then compare model-based and raw-score visualizations, examine examples with different levels of policy292
alignment, and explore how the framework can be used to investigate partisanship, temporal dynamics,293
and subgroup heterogeneity. Together, these examples illustrate how model-based heatmaps can reveal294
multidimensional patterns in survey data that are difficult to discern from one-dimensional summaries295
alone.296

3.1 Introducing the model-based heatmap297

Figure 2 presents the model-based heatmap for the full population in 2015, based on a RF model, with298
estimated gun control scores on the horizontal axis and estimated immigration scores on the vertical axis.299
Each tile represents the proportion of respondents whose estimated scores fall in that bin. The color scale300
ranges from light blue for very low proportions to yellow, orange, and red for increasingly dense regions,301
so warmer colors indicate where respondents are most concentrated.302

The main feature of the figure is a two-cluster structure. One cluster appears in the upper-middle region,303
corresponding to relatively high immigration scores and moderate gun-control scores. A second cluster304
appears in the lower-right region, corresponding to high gun-control scores and lower immigration scores.305
These two high-density regions suggest that the joint distribution is not centered around a single average306
profile, but instead organized around two distinct modes.307

The marginal histograms and density curves are consistent with this interpretation. Along the bottom, the308
distribution of estimated gun-control scores is concentrated in the middle-to-high range. Along the left,309
the immigration distribution shows multiple local concentrations rather than a single peak. Together, the310
heatmap and marginals show that the full population exhibits a structured, bimodal pattern in joint policy311
preferences.312
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Figure 2. Joint policy preferences in a single year. RF-based heatmap of estimated gun control and
immigration scores for the full population in 2015. The horizontal axis shows estimated gun control
scores, and the vertical axis shows estimated immigration scores. Cell color represents the proportion
of respondents in each two-dimensional bin, with warmer colors indicating higher concentration. The
marginal histograms and density curves summarize the corresponding one-dimensional distributions along
each policy dimension.

3.2 Comparing raw-score and model-based heatmaps313

Figure 3 compares the raw-score visualization and the model-based heatmap for public healthcare314
and immigration preferences in 2019. In both panels, the horizontal axis represents public healthcare315
preferences, ranging from market-based to government-led, and the vertical axis represents immigration316
preferences, ranging from legalization to restriction. The raw-score plot in panel (a) provides a direct317
descriptive summary of the observed response combinations. Because the raw scores take only a limited318
number of possible values, the distribution is represented by isolated bubbles on a discrete grid. This319
display serves as a transparent baseline, but the joint structure is difficult to interpret beyond the most320
common response combinations. The model-based heatmap in panel (b) shows a more organized joint321
distribution. Rather than exhibiting a single central cluster or a simple two-pole division, the RF-based322
heatmap displays three visible concentrations. One concentration appears near the market-based healthcare323
and restrictive-immigration region, a second appears near the mixed region, and a third appears near324
the government-led healthcare and legalization region. Together, these concentrations form a downward325
diagonal pattern, suggesting that healthcare and immigration preferences are jointly structured but not well326
summarized by a single marginal distribution or a simple binary division.327

This comparison highlights the added value of the model-based visualization. The raw-score plot records328
the observed response frequencies, but the discreteness of the raw scale can obscure broader patterns329
in the joint policy space. By incorporating respondent characteristics through the estimation step and330
visualizing the resulting estimated scores in a common two-dimensional space, the heatmap makes the331
multipolar structure more apparent. In this example, the most notable pattern is the emergence of a332
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(a) (b)

Figure 3. Comparison between raw-score and model-based heatmaps. Joint distribution of public
healthcare preferences and immigration restriction preferences for the full population in 2019. Panel (a)
shows the raw-score visualization, where the policy scores are observed on a discrete response scale and
the dot size and color represent the proportion of respondents in each raw-score combination. Panel (b)
shows the RF-based estimation heatmap, where respondents are placed in a continuous two-dimensional
policy space using estimated scores. Warmer colors indicate higher concentrations of respondents. The
model-based heatmap reveals a clearer three-pole structure that is less apparent in the raw-score display.

three-pole distribution, including an intermediate mixed pole that is less clearly separated in the raw-score333
display.334

The comparison in Figure 3 helps readers see how the proposed framework relates to the observed335
policy scores while making multidimensional patterns more interpretable than raw-score heatmaps alone.336
The raw-score heatmaps show the observed distribution of constructed policy scores, while the model-337
based heatmaps provide smoothed summaries of fitted policy-preference distributions conditional on the338
covariates included in the model. The main contribution of the framework remains the visualization of339
policy-preference patterns rather than formal model validation or model selection.340

3.3 Comparing high- and low-correlation heatmaps341

Figure 4 contrasts two examples that highlight how the heatmap depends on the relationship between342
the two policy dimensions. In panel (a), the 2018 SVR-based heatmap for abortion and spending shows a343
strong positive association. Most of the mass is concentrated along a narrow diagonal band, indicating that344
respondents with higher estimated abortion scores also tend to have higher estimated spending scores. In345
this case, the heatmap mainly reinforces a pattern that is already suggested by the marginal distributions.346

Panel (b) tells a different story. The 2021 XGB-based heatmap for immigration and trade is more weakly347
structured and less tightly concentrated along a single diagonal. Although both one-dimensional marginals348
indicate where respondents are concentrated on each individual policy, they do not reveal how those349
respondents are paired across the two dimensions. Here, the heatmap provides information beyond the350
marginal densities by showing the joint arrangement of the mass in two-dimensional policy space.351
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(a) (b)

Figure 4. Contrasting joint structures in policy combinations. Comparison of two model-based
heatmaps with different joint structures. Panel (a) illustrates a strong positive association, with the mass
concentrated along a narrow diagonal band. Panel (b) illustrates a weaker association, where the joint
distribution is more diffuse and the heatmap reveals structural features that are not apparent from the
marginal density plots alone.

This comparison illustrates an important point: when two policy dimensions are highly correlated, the352
heatmap is visually simpler and closer to what the marginals imply. When the correlation is lower, the353
heatmap becomes more informative because it reveals joint structure that cannot be recovered from the354
one-dimensional density plots alone.355

3.4 Resolving multipolar structure356

Figure 5 shows the RF-based joint distribution of estimated preferences on public healthcare and abortion357
access in 2021, separately for the full population and for Republican, Independent, and Democratic358
respondents. Both policy scores are normalized to the interval [0, 1]. Higher healthcare scores correspond to359
stronger support for government-led healthcare, while higher abortion scores correspond to more restrictive360
attitudes toward abortion access. Because the plot is based on random forest estimates, it summarizes361
policy preferences after incorporating demographic covariates and their interactions.362

The population-level distribution displays a clear multipolar structure rather than a single central cluster.363
One concentration appears near the market-based healthcare and restrictive-abortion region, while another364
appears closer to the government-led healthcare and abortion-access region. This indicates that the joint365
distribution of policy preferences is not well described by a single left–right average or by either policy366
dimension alone.367

The partisan decomposition shows that partisanship is a major source of this structure. Republican368
respondents are concentrated closer to the market-based healthcare and restrictive-abortion region, while369
Democratic respondents are concentrated closer to the government-led healthcare and abortion-access370
region. Independent respondents occupy a more intermediate region, helping connect the two partisan poles371
in the aggregate distribution.372
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Figure 5. Decomposition of policy preference distribution by partisanship. RF-based heatmaps of
estimated public healthcare preferences and abortion access preferences in 2021. The horizontal axis
represents healthcare preferences, ranging from market-based to government-led, and the vertical axis
represents abortion preferences, ranging from access to restriction. Columns show the full population,
Republican respondents, Independent respondents, and Democratic respondents. Warmer colors indicate
higher concentrations of respondents in the corresponding two-dimensional preference bin. The panels
show how the aggregate distribution decomposes into distinct partisan-specific patterns.

More broadly, this two-dimensional decomposition illustrates the value of examining policy preferences373
jointly. A one-dimensional summary could show partisan differences on abortion or healthcare separately,374
but the heatmap shows how these preferences align within respondents and how the aggregate multipolar375
pattern arises from distinct partisan-specific distributions.376

3.5 Capturing temporal dynamics of policy preferences377

(a) (b)

Figure 6. Temporal change in joint policy structures. Time-varying heatmaps showing the joint
evolution of (a) abortion vs. trade and (b) immigration vs. trade preferences. Over time, the clusters
shift across the two-dimensional policy space, reflecting changes in average attitudes. At the same time, the
joint distributions become more diffuse, indicating weakening associations and increasing heterogeneity in
policy alignment.
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Figure 6 presents the joint distribution of individuals’ policy preferences combining (a) abortion and trade378
and (b) immigration and trade, with trade scores interpreted such that higher values reflect more stringent379
foreign trade policies. Each panel shows population-level and partisan-specific distributions across multiple380
survey years.381

1. Shifts in the location of clusters on the policy plane: Over time, the population distributions382
move across the two-dimensional space, indicating that the average relationship between abortion (or383
immigration) and trade preferences evolves. For instance, in the abortion-trade plots (Panel a), clusters384
shift upward along the trade dimension, suggesting a general trend toward stricter trade positions385
in later years. A similar shift is visible in the immigration-trade plots (Panel b), though with more386
variation across parties. These movements highlight how changes in broader political discourse or387
external events (e.g., global trade tensions, immigration debates) are reflected in joint policy attitudes.388

2. Increasing dispersion of the distributions: In both abortion-trade and immigration-trade389
combinations, the distributions become more scattered over time. Earlier years show concentrated390
clusters, while later years display wider spreads across the 2D plane. This indicates a weakening of the391
correlation structure: abortion and trade, or immigration and trade, were once more tightly linked but392
now exhibit greater heterogeneity. Individuals are increasingly likely to hold stringent views on one393
issue while adopting moderate or permissive positions on the other, producing more cross-pressured or394
non-aligned combinations.395

Together, these dynamics suggest that the electorate is not static in its policy bundling. Partisan alignment396
remains important, but both the center of mass (average position) and the strength of correlation between397
issues shift over time, reflecting broader political and social changes. Crucially, these temporal trends are398
only visible in the two-dimensional heatmaps—one-dimensional distributions of abortion, immigration,399
or trade alone would show marginal shifts but would not reveal the changing alignment between issue400
preferences.401

3.6 Revealing subgroup variations and within-party structure402

Figure 7 visualizes the joint distribution of Republican respondents’ estimated scores on environmental403
protection (x-axis; higher = stronger pro-environment stance) and gun control (y-axis; higher = stricter404
regulation). The first row shows all Republicans, followed by subgroups defined by geography (Big Metro405
vs. Other Counties), education (College vs. Non-college), and gender (Female vs. Male).406

1. Aggregate Pattern: Republicans as a whole exhibit a bimodal distribution with two clear poles: one407
group favoring both environmental protection and gun control, and another opposing both. This pattern408
reveals a significant within-party divide on how these two policy domains align.409

2. Geographic and Educational Subgroups: The bimodal pattern persists when Republicans are divided410
by geography or education, suggesting that urban-rural differences and educational attainment do not411
explain the observed heterogeneity. Both subgroups maintain clusters at similar positions, indicating412
consistent polarization across these dimensions.413

3. Gender Subgroups: When divided by gender, the two-pole structure largely disappears. Female414
Republicans cluster toward the pro-environment and pro gun-control region, whereas male Republicans415
concentrate near the opposite end. This finding suggests that gender differences are particularly visible416
within the Republican subgroup for this policy combination and are associated with the observed417
subgroup heterogeneity.418
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Figure 7. Within-party decomposition by demographic variables. Subgroup analysis of Republican
respondents’ joint preferences on environment (x-axis) and gun control (y-axis). The overall two-pole
structure—pro-environment/pro-gun-control versus anti-environment/permissive-gun—remains visible
after stratifying by geography and education, but largely disappears after stratifying by gender. This pattern
suggests that gender accounts for a significant portion of the within-party heterogeneity in this joint policy
space.

The two-dimensional visualization reveals ideological variation that conventional one-dimensional419
visualizations may overlook. By leveraging model-based estimated scores, this approach exposes420
demographically driven substructures—in this case, gender-based cleavages—that contribute to apparent421
within-party polarization. The framework thus provides a useful tool for exploring intra-party dynamics,422
identifying demographic sources of heterogeneity, and informing future research and policy analysis.423

3.7 Interpreting subgroup heatmaps based on fitted scores424

The subgroup heatmaps in Figures 5 and 7 are based on model-fitted policy scores and should therefore425
be interpreted as model-based subgroup summaries rather than purely descriptive raw-score distributions.426
Because subgrouping variables, such as partisanship and gender, are also included as predictors in the427
fitted-score models, subgroup differences may reflect both observed variation in policy responses and428
the model’s representation of covariate-specific structure. In this sense, the visualization inherits the429
assumptions, smoothness, and flexibility of the fitted model. For example, heatmaps based on a linear430
model may primarily reflect additive and approximately linear covariate relationships, while more flexible431
specifications can represent localized nonlinearities and interactions more readily.432

This model dependence is not a limitation unique to the heatmap display, but a general feature of any433
visualization based on fitted values. In our main subgroup examples, we use random forests because they434
provide a flexible nonparametric specification that can capture nonlinear and interaction patterns without435
requiring them to be specified in advance. Nevertheless, the resulting heatmaps should still be interpreted436

Frontiers 16



Jingtian Yu et al. Survey Visualization

as smoothed model-based summaries, not as direct replacements for the observed score distributions. To437
aid interpretation, we provide corresponding raw-score subgroup heatmaps in the Supplementary Material438
(Figures S1–S2). Overall, the main subgroup patterns remain visible in the raw-score heatmaps, although439
the patterns are less visually distinct when subgroup combinations become more complex, as in the440
decomposition shown in Figure S2. This comparison clarifies that fitted-score heatmaps complement, rather441
than replace, raw-score visualizations.442

4 DISCUSSION

The proposed framework is intended to provide an interpretable visualization of multidimensional policy-443
preference patterns across domains, years, and subgroups. A design choice in this framework is the444
construction of domain-level policy scores from multiple survey items. These scores should be interpreted445
as transparent descriptive indices rather than as full measurement models. Because the component items446
within each policy domain are weighted equally, each item contributes the same amount to respondents’447
locations in the two-dimensional policy space. This equal-weighting assumption supports reproducibility448
and consistent comparison across years, policy domains, and fitted-score models, but it may also affect449
the resulting heatmaps. Alternative weighting schemes or latent-variable approaches could place greater450
emphasis on particular items and may therefore shift some respondents’ positions. Future work could451
extend the proposed visualization framework by incorporating alternative score-construction strategies and452
examining how sensitive the visualized policy-preference patterns are to those choices.453

The proposed visualization framework demonstrates how integrating estimation models with two-454
dimensional heatmaps can enhance the analysis of complex survey data. Unlike conventional plots based455
on raw scores, the model-based approach generates visual representations that reflect how policy attitudes456
co-vary after incorporating multiple demographic and contextual factors. By allowing the estimation step457
to be implemented using linear models (LM), random forests (RF), support vector regression (SVR), or458
extreme gradient boosting (XGB), the framework is not tied to any single modeling choice. Instead, it459
provides a general visualization strategy that can be paired with a wide range of estimation methods.460

By combining model-based estimation with interpretable visualization, the framework moves beyond461
traditional descriptive summaries to provide a model-informed view of survey data. The resulting heatmaps462
reveal joint policy structures, subgroup variation, and temporal dynamics within a common graphical463
framework, while the use of different estimation models demonstrates that the visualization approach is464
adaptable across both classical and machine-learning methods. This flexibility makes the framework a465
scalable tool for studying how multiple interdependent factors are associated with public attitudes.466

Substantively, the empirical results show that the framework can uncover patterns that are difficult to467
detect from separate one-dimensional policy summaries. In particular, the heatmaps reveal multipolar468
structures in aggregate opinion, changes in the alignment between policy domains over time, and within-469
party subgroup differences that point to specific demographic sources of heterogeneity. These findings470
illustrate that the approach is not only a visualization tool, but also a useful way to examine how policy471
attitudes are organized, aligned, and differentiated across groups and years.472

All analysis and visualization steps are implemented in the surveyMDV R package, which is available on473
GitHub (https://github.com/yu-jingtian/surveyMDV). The package provides functions for constructing and474
visualizing multidimensional policy-preference heatmaps, along with example data and worked examples475
demonstrating the complete workflow. These examples allow users to reproduce the figures and analyses476
presented in this paper and adapt the framework to their own survey datasets. The package is fully open477
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source, enabling users to modify the functions, extend the visualization tools, and incorporate them into478
new applications. To improve figure accessibility, the accompanying package also provides an optional479
color-vision-accessible sequential palette through palette = "accessible"; an example is shown480
in Supplementary Material Figure S3.481

When applied in policy-relevant settings, the proposed heatmaps should be interpreted as exploratory,482
observational, and hypothesis-generating visual summaries rather than as stand-alone bases for policy483
decisions or causal claims. The visualized patterns depend on the survey design, representativeness of484
the sample, construction of the policy scores, and the fitted models used to generate predicted scores. In485
particular, model-based heatmaps summarize fitted-score patterns and should be distinguished from raw486
observed public preferences. Because the framework describes associations rather than causal effects,487
applied interpretations should consider model uncertainty, survey weighting and coverage, and the488
substantive meaning of the underlying score construction before drawing policy conclusions.489

The visualization framework can be readily applied to other large-scale survey datasets that capture490
multiple policy attitudes and demographic variables. Suitable examples include the American National491
Election Studies (ANES), the General Social Survey (GSS), the Pew Research Center’s Political Typology492
Survey, additional waves of the Cooperative Election Study (CES), and international surveys such as the493
European Social Survey (ESS) and the World Values Survey (WVS). Beyond political opinion research, the494
same approach can be applied to issue-specific studies in health, environmental, and education policy. Future495
extensions may incorporate uncertainty visualization, dynamic or longitudinal displays, and alternative496
estimation methods to further enhance interpretability and robustness.497

CONFLICT OF INTEREST STATEMENT

The authors declare that the research was conducted in the absence of any commercial or financial498
relationships that could be construed as a potential conflict of interest.499

AUTHOR CONTRIBUTIONS

Conceptualization: Jingtian Yu; Yanming Di; Sharmodeep Bhattacharyya. Methodology: Jingtian Yu;500
Yanming Di. Data curation: Jingtian Yu. Formal analysis: Jingtian Yu. Validation: Helen Chang; Neil501
Hwang. Writing - original draft: Jingtian Yu. Writing - review & editing: Helen Chang; Yanming Di;502
Sharmodeep Bhattacharyya; Shirshendu Chatterjee; Neil Hwang. All authors approved the final submitted503
draft.504

FUNDING

This research received no specific grant from any funding agency in the public, commercial, or not-for-profit505
sectors.506

DATA AVAILABILITY STATEMENT

The CES data utilized in this study are publicly available from the Harvard Dataverse: Cumulative CES507
Policy Preferences (V3) includes policy preference measures derived from the CES. It is available at:508
https://doi.org/10.7910/DVN/OSXDQO. Cumulative CES Common Content (V8) compiles509
responses from the CES common content surveys. It is available at: https://doi.org/10.7910/510
DVN/II2DB6.511

Frontiers 18

 https://doi.org/10.7910/DVN/OSXDQO
https://doi.org/10.7910/DVN/II2DB6
https://doi.org/10.7910/DVN/II2DB6
https://doi.org/10.7910/DVN/II2DB6


Jingtian Yu et al. Survey Visualization

The 2023 Rural-Urban Continuum Codes were obtained from the U.S. Department of Agriculture,512
Economic Research Service. The dataset is publicly available at: https://www.ers.usda.gov/513
data-products/rural-urban-continuum-codes/.514

REFERENCES

Abramowitz, A. I. and Saunders, K. L. (2008). Is polarization a myth? The Journal of Politics 70, 542–555.515
doi:10.1017/S0022381608080493516

Ansolabehere, S. and Jones, P. E. (2010). Constituents’ responses to congressional roll-call voting.517
American Journal of Political Science 54, 583–597518

Ansolabehere, S., Rodden, J., and Snyder Jr, J. M. (2008). The strength of issues: Using multiple measures519
to gauge preference stability, ideological constraint, and issue voting. American Political Science Review520
102, 215–232521

Axelrod, R., Daymude, J. J., and Forrest, S. (2021). Preventing extreme polarization of political attitudes.522
Proceedings of the National Academy of Sciences 118, e2102139118523

Brown, T. E., Jauregui, G. P., Mettler, S., and Rivera, M. (2025). A rural-urban political divide among524
whom? Race, ethnicity, and political behavior across place. Politics, Groups, and Identities 13, 229–242.525
doi:10.1080/21565503.2024.2328551526

Curini, L. and Franzese, R. J. (eds.) (2020). The SAGE Handbook of Research Methods in Political Science527
and International Relations (SAGE Publications)528

[Dataset] Dagonel, A. (2021). Cumulative CES Policy Preferences. https://doi.org/10.7910/529
DVN/OSXDQO. doi:10.7910/DVN/OSXDQO. Harvard Dataverse, Version V3530

Engebretsen, M. and Kennedy, H. (eds.) (2020). Data Visualization in Society (Amsterdam University531
Press)532

Fiorina, M. P. and Abrams, S. J. (2008). Political polarization in the American public. Annual Review of533
Political Science 11, 563–588. doi:10.1146/annurev.polisci.11.053106.153836534

Hagen, L., Keller, T. E., Yerden, X., and Luna-Reyes, L. F. (2019). Open data visualizations and analytics535
as tools for policy-making. Government Information Quarterly 36, 101387536

Hansen, M. A. and Dolan, K. (2025). Cross-cutting identities in american politics: Gender, party, and537
attitudes on gun reform. American Politics Research 53, 293–305538

Hetherington, M. J., Long, M. T., and Rudolph, T. J. (2016). Revisiting the myth: New evidence of a539
polarized electorate. Public Opinion Quarterly 80, 321–350540

Kleinfeld, R. (2023). Polarization, democracy, and political violence in the united states: What the research541
says542

[Dataset] Kuriwaki, S. (2023). Cumulative CES Common Content. https://doi.org/10.7910/543
DVN/II2DB6. doi:10.7910/DVN/II2DB6. Harvard Dataverse, Version V8544

Kuriwaki, S., Ansolabehere, S., Dagonel, A., and Yamauchi, S. (2024). The geography of racially polarized545
voting: Calibrating surveys at the district level. American Political Science Review 118, 922–939.546
doi:10.1017/S0003055423000436547

Langford, K. (2023). The 2023 polarization index: A holistic analysis of the state of U.S.548
political strife. Report, The Pell Center for International Relations and Public Policy at Salve549
Regina University. https://salve.edu/pell-center/projects-and-initiatives/550
unpacking-political-polarization551

Lindh, A. and Andersson, A. B. (2025). Social networks and distributive conflict: the class divide in social552
ties and attitudes to income inequality across 29 countries. European Sociological Review 41, 163–178553

Frontiers 19

https://www.ers.usda.gov/data-products/rural-urban-continuum-codes/
https://www.ers.usda.gov/data-products/rural-urban-continuum-codes/
https://www.ers.usda.gov/data-products/rural-urban-continuum-codes/
https://doi.org/10.7910/DVN/OSXDQO
https://doi.org/10.7910/DVN/OSXDQO
https://doi.org/10.7910/DVN/OSXDQO
https://doi.org/10.7910/DVN/II2DB6
https://doi.org/10.7910/DVN/II2DB6
https://doi.org/10.7910/DVN/II2DB6
https://salve.edu/pell-center/projects-and-initiatives/unpacking-political-polarization
https://salve.edu/pell-center/projects-and-initiatives/unpacking-political-polarization
https://salve.edu/pell-center/projects-and-initiatives/unpacking-political-polarization


Jingtian Yu et al. Survey Visualization

Mason, L. (2015). “I disrespectfully agree”: the differential effects of partisan sorting on social and issue554
polarization. American Journal of Political Science 59, 128–145555

McCabe, K., Zhu, Y., Bajaj, S. S., and Martin, A. F. (2024). Increasing voter participation through health556
care–based voter registration. JAMA Health Forum 5, e241563. doi:10.1001/jamahealthforum.2024.1563557

Mehlhaff, I. D. (2024). A group-based approach to measuring polarization. American Political Science558
Review 118, 1518–1526. doi:10.1017/S0003055423001041559

Nash, K., Trott, V., and Allen, W. (2022). The politics of data visualisation and policy making. Convergence560
28, 3–12561

Pew Research Center (2014). Political polarization in the American public. Report,562
Pew Research Center. https://www.pewresearch.org/politics/2014/06/12/563
political-polarization-in-the-american-public/564

Reid, J. C., Brown, S. J., and Blount-Hill, K.-L. (2025). Political ideology and american attitudes toward565
police reform: The case of the conflicted conservative. Socius 11, 23780231251361695566

Segaran, T. and Hammerbacher, J. (eds.) (2009). Beautiful Data: The Stories Behind Elegant Data567
Solutions (O’Reilly Media)568

Stewart, A. J., Plotkin, J. B., and McCarty, N. (2021). Inequality, identity, and partisanship: How569
redistribution can stem the tide of mass polarization. Proceedings of the National Academy of Sciences570
118, e2102140118571

Tartaglione, J. and de-Wit, L. (2025). How the manner in which data is visualized affects and corrects572
(mis)perceptions of political polarization. British Journal of Social Psychology 64, e12787. doi:10.1111/573
bjso.12787574

U.S. Department of Agriculture, Economic Research Service (2023). Rural-Urban Continuum Codes.575
https://www.ers.usda.gov/data-products/rural-urban-continuum-codes/576

Wang, X., Sirianni, A. D., Tang, S., Zheng, Z., and Fu, F. (2020). Public discourse and social network echo577
chambers driven by socio-cognitive biases. Physical Review X 10, 041042578

Zigerell, L. J. (2023). Introducing political science students to data visualization strategies. Journal of579
Political Science Education 19, 1–15. doi:10.1080/15512169.2022.2099879580

Frontiers 20

https://www.pewresearch.org/politics/2014/06/12/political-polarization-in-the-american-public/
https://www.pewresearch.org/politics/2014/06/12/political-polarization-in-the-american-public/
https://www.pewresearch.org/politics/2014/06/12/political-polarization-in-the-american-public/
https://www.ers.usda.gov/data-products/rural-urban-continuum-codes/

	Introduction
	Materials and Methods
	Datasets for Analysis
	Response variable: policy preference scores
	Explanatory variables

	Methods
	Estimation step for policy preference scores
	Workflow for constructing heatmaps from model-based estimations
	Advantages model-based heatmaps


	Results
	Introducing the model-based heatmap
	Comparing raw-score and model-based heatmaps
	Comparing high- and low-correlation heatmaps
	Resolving multipolar structure
	Capturing temporal dynamics of policy preferences
	Revealing subgroup variations and within-party structure
	Interpreting subgroup heatmaps based on fitted scores

	Discussion

