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Abstract
Ideological summary scales derived from policy position items are prevalent in political psychol-
ogy and behavioral research. However, past scholarly practice shows little to no consensus on
how many such scales (i.e., ideological dimensions) researchers should consider to adequately
capture the main political dividing lines among mass publics. Using extensive statistical sensi-
tivity analyses based on a variety of high quality survey data sources, we demonstrate that the
statistically optimal number of latent ideological dimensions grows indefinitely as additional
issue position items are included. Rather than increasing measurement precision, additional
issue considerations instead increase the uncertainty about which underlying construct they
are intended to measure in the first place. At the same time, nearly all latent ideological
factors detectable within policy position data are strongly and positively correlated with each
other, suggesting that distinct ideological sub-dimensions ultimately stem from a more abstract,
unifying parent concept. We propose a Bayesian hierarchical latent variable modeling frame-
work that reconciles the boundless yet correlated dimensional nature of mass ideology. The
proposed model estimates ideology as a higher-level expression of correlated, lower-level build-
ing blocks, enabling researchers to simultaneously assess whether external predictors—such as
income or gender—consistently relate to specific ideological sub-dimensions (e.g., economic or
socio-cultural ideology) or instead to a generalized, uni-dimensional representation thereof. Our
results underscore the potential of this approach, offering insights into the unique features of
different ideological sub-factors and their superordinate parent dimension.

Keywords: Ideology, Dimensionality, Exploratory Graph Analysis, Bayesian hierarchal mea-
surement, Family resemblance
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“Reactions to specific situations, involving conservative-radical issues, may be highly

uncorrelated with each other.[. . . ] Probably factor analysis applied to a large number

of items would reveal highly unrelated groups of items for measuring conservatism.”

— Theodore Lentz, 1938. Generality and Specificity of Conservatism-Radicalism,

p. 545.

1 Introduction

Can the policy preferences of the mass public be captured by abstract ideological dimensions,

and, if so, how many such dimensions are needed? For the better part of the past century, the

question of ideological dimensionality has captivated political theorists (Schattschneider, 1960;

Bobbio, 1996; Freeden, 2008; Maynard & Mildenberger, 2018), social and political psychologists

(Lentz, 1938; Eysenck, 1944; Rokeach, 1973; Duckitt & Sibley, 2017; Azevedo et al., 2019), and

public opinion researchers (Free & Cantril, 1968; Inglehart, 1977; Hochschild, 2001; Ellis &

Stimson, 2012; Marble & Tyler, 2022) alike.

In broad terms, spatial models of mass ideology fall into uni-dimensional and multidimen-

sional varieties. Proponents of uni-dimensional models posit that citizens’ policy preferences

can, for the most part, be represented by a single, generalized left–right or liberal–conservative

spectrum (Downs, 1957; Rabinowitz & Macdonald, 1989; Zaller, 1992; Jost et al., 2009; Ellis &

Stimson, 2012; Lauderdale et al., 2018; Hare, 2022). Conversely, advocates of multidimensional

perspectives argue that a solitary left–right dichotomy falls short of capturing the complex nu-

ances of mass preferences (Inglehart, 1977; Treier & Hillygus, 2009; Feldman & Johnston, 2014;

Malka et al., 2019; Atkinson et al., 2021). According to this view, at least two substantially

distinct ideological factors—such as those differentiating between sociocultural tolerance and

economic redistribution—provide a more accurate summary of public demands. Others extend

this argument further, maintaining that realistic models of ideology in America require at least

three (Layman & Carsey, 2002; Goren, 2005; Ansolabehere et al., 2008), if not more (Stimson,

1975; Miller & Miller, 1976; Sprague, 1989; Baldassarri & Goldberg, 2014), distinct political

preference domains.

While considerable academic debate surrounds the dimensional “essence” of ideology as a

socio-psychological phenomenon (for a recent overview, see Maynard & Mildenberger, 2018), ap-

plied researchers often face a more pragmatic task: they simply want to construct parsimonious
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summary scales that adequately capture the underlying structure of revealed policy-position

data. We show, with straightforward spatial and psychometric examples, that dimensional

choice—that is, how many distinct ideological scales to extract from a given item battery—is

a critical yet rarely discussed source of researcher degrees of freedom. Justifying dimensional

choice through inductive, statistically defensible criteria, such as eigenvalue distributions or

model-fit statistics, therefore appears particularly useful in cases where adding or collapsing

ideological dimensions substantially alters empirical conclusions.

In this manuscript, we argue that the question of how many latent ideological dimensions

should ideally be extracted from political attitude surveys does not have an objective—that is,

statistically unequivocal—answer. Based on comprehensive sensitivity analyses using graph-

based machine-learning dimensionality-detection algorithms on various waves of the American

National Election Studies (ANES) and other data sources, we show that the estimated num-

ber of latent ideological dimensions is largely driven by the number of policy-position items

researchers include. In other words, latent dimensionality grows without bound as more and

more issue items measuring ideology are considered. This finding stands in stark contrast to

psychometrically “better-behaved” (i.e., dimensionally grounded) constructs like personality, for

which the optimal number of latent dimensions quickly and unequivocally converges toward a

fixed integer.

At the same time, we find that virtually all latent ideological factors detectable in large,

nationally representative surveys are positively and substantially correlated with one another.

Although distinct enough to merit separate representation, consistently positive inter-factor

correlations (r̂ ≈ 0.43) indicate fundamental similarities across the latent ideological dimensions

we detect with a variety of data-driven techniques. Mass ideology in the United States thus

exhibits a unique mixture of uni-dimensional and multidimensional properties: it resembles

a bottomless barrel in that it generates additional latent dimensions as more raw data are

included, yet it also acts like a funnel that loosely binds these dimensions back together.

In light of these findings, we propose an alternative modeling framework that seeks to recon-

cile uni-dimensional and multidimensional modeling perspectives. We outline a Bayesian hierar-

chical latent variable model that allows researchers to jointly estimate ideology as a higher-level

expression of lower-level, multidimensional building blocks. This approach is useful, we argue,

because it accommodates the dimensionally unbounded nature of political position data by flex-

ibly adjusting lower-level dimensional expressions as a function of data input. The model also
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bene�ts from an increasing supply of attitude data, since additional information can help distill

the common �essence� found across subfacets of ideology into a single, higher-order expression.

An additional bene�t of the proposed framework is that it allows researchers to simul-

taneously estimate e�ects of external covariates on lower-order multi- and higher-order uni-

dimensional ideology. For example, one can test whether a particular sociodemographic or

psychological factor�such as income, gender, or egalitarianism�is consistently related to a

speci�c ideological subdimension, such as economic, sociocultural, or racial ideology, while con-

trolling for the impact of generalized, higher-order ideology. We present results from such an

analysis using ANES data to illustrate the merits of this approach.1

2 Problems of invoking ideological dimensionality: A spatial

and a psychometric example

Assumptions about the nature of the ideological space typically form the foundation of formal

models of political representation (e.g., Downs, 1957; Davis et al., 1970; Enelow & Hinich, 1984;

Poole & Rosenthal, 1985; Rabinowitz & Macdonald, 1989). After all, when researchers locate

citizens, parties, or candidates in an ideological coordinate system, they must �rst decide how

many axes are needed to span the abstract ideological space (Benoit & Laver, 2012). Similar

choices arise in psychometric studies of mass ideology, where researchers infer latent structure

from patterns of association among observed issue positions (e.g., Stimson, 1975; Miller &

Miller, 1976; Treier & Hillygus, 2009; Feldman & Johnston, 2014). Across both traditions, we

will argue in this section, empirical conclusions frequently rest on how researchers scale the

latent ideological space�that is, how many dimensions they use to partition it.

We demonstrate the stakes of dimensional choice with two applied examples. The �rst re-

visits a classic spatial-representation problem: which presidential candidate best aligns with

the median voter preference? We show that a candidate's apparent proximity to the ideological

center can reverse across di�erent dimensional representations of the same issue position data

stemming from the same voters. The second leverages the hallmark study of Feldman and

Johnston (2014) to illustrate how conclusions about the social and psychological predictors of

mass ideology can shift signi�cantly and considerably if additional issue considerations statisti-

cally require a more di�erentiated latent structure. This �nding, in turn, motivates our broader

1We o�er a �exible package for the R language, called DimSEM, (Dimensionality-sensitive Structural Equation
Modeling) which implements the computational work�ow behind our Bayesian hierarchical model.
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question guiding the remainder of the paper: can data-driven dimensionality-detection tools ob-

jectively resolve ambiguities of dimensional choice, or does the �optimal� number of dimensions

itself depend on how broadly researchers sample the space of citizens issue considerations?

2.1 Dimensionality and spatial representation

In Figure 1, we present a simple example of the practical consequences of invoking di�erent

models of dimensionality in spatial inferences about political representation. For this example,

we rely three issue items from the 2016 American National Election Studies (ANES): abortion

restrictions, government spending and services, and the size of the military budget. Panel A

locates each respondent's position, color-coded by candidate preference, along a uni-dimensional

scale formed by summing their responses to these three items.2 Panels B and C, by contrast, fol-

low multidimensional paradigms by mapping voters' responses to the same issues along separate

orthogonal axes.3

Why does dimensionality matter? Imagine we are tasked with identifying which of the

two main presidential candidates in 2016 was positioned closer to the ideological center of

the electorate. In addition to each respondent's location within the joint ideological space,

Figure 1 marks voters' average perceived positions of Hillary Clinton and Donald Trump on the

same set of issues. We can then measure each candidate's Euclidean distance to the median

voter position.4 In the uni-dimensional model in Panel A, Clinton ekes out a narrow win: her

perceived position is approximately 0.1 standard-deviation units closer to the ideological center.

The multidimensional panels suggest a di�erent conclusion. The bidimensional model in Panel B

gives Trump a razor-thin advantage, while the three-dimensional solution in Panel C yields a

more comfortable Trump victory, roughly equivalent in magnitude to Clinton's 1D margin.

2Each item was standardized and recoded such that negative scores represent liberal positions and positive
scores represent conservative positions. The x-axis represents each respondent's location on the resulting scale.
Panel A also includes a small amount of vertical and horizontal jitter, added solely for visualization purposes.

3See Ellis and Stimson (2012, p. 6f.) for a discussion of this kind of multidimensional representation.
4 In Panel A, this position is equivalent to the median score on the uni-dimensional scale. In Panels B and C,

we operationalize the median voter as the component-wise median across the relevant axes.
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Figure 1: Which candidate was closer to the median voter? Every blue dot denotes the position of
a Clinton voter and every red dot a Trump voter in a uni-dimensional (A), bidimensional (B), and
three-dimensional (C) space de�ned by issue positions on government services/spending, the size of the
military budget, and reproductive rights. Source: ANES 2016.



6

This straightforward example shows that the same data, taken from the same respondents,

can yield contrasting results because of the researcher-supplied number of ideological dimen-

sions. This happens because di�erent dimensional speci�cations impose di�erent weighting and

aggregation rules on the same underlying information. A uni-dimensional model treats each

item response as if it were derived from the same latent construct. It therefore up-weights

responses that align with a single liberal�conservative division and pushes respondents who

consistently provide liberal or conservative answers toward either extreme. Respondents with

mixed considerations are, by contrast, squeezed toward the ideological midpoint because their

original spatial deviations are down-weighted in the lower-dimensional representation.

Because multidimensional models treat no positional information as redundant, individual

deviations in answer choices have the same interpretation in every spatial direction. A respon-

dent who provides two liberal and one conservative response can therefore appear just as far

from the ideological center as a respondent who gives three consistently liberal or conservative

answers. In this sense, strictly multidimensional representations down-weight the very infor-

mation that would indicate a common ideological dimension, should one exist. Although these

examples are stylized, they reveal a more fundamental issue: di�erent ways of scaling the same

ideological space can alter substantive conclusions about political positioning and representa-

tion.

At least ostensibly, none of the above speci�cations is inherently superior to the others.

Lower-dimensional models condense more information than higher-dimensional alternatives, but

it is rarely obvious how much information should be folded into a smaller number of dimensions.

Researchers therefore often turn to data-driven procedures that promise to identify a defensible

middle ground: a dimensional structure complex enough to preserve substantively meaningful

information, but simple enough to avoid over�tting idiosyncratic noise (e.g., Horn, 1965; Cattell,

1966; Revelle & Rocklin, 1979; Reckase, 2009; Preacher et al., 2013). These strategies builds a

natural bridge from spatial representation to psychometric models of ideology, towards which

we turn our attention next.

2.2 Dimensionality and the structure of latent ideology

In statistical terms, dimensionality adjudication is a model-selection problem: researchers seek a

level of complexity that generalizes beyond the immediate sample rather than merely reproduc-

ing sample-speci�c noise. Retaining too many factors (i.e., latent dimensions) risks over�tting



7

accidental associations; retaining too few risks under�tting the data-generating process and

hiding meaningful complexity. Latent variable aproaches, such as exploratory factor analysis

(EFA), con�rmatory factor analysis (CFA), and structural equation modeling (SEM) have a

hong history of helping researchers locate the dimensionality �sweet spot� (e.g., Thurstone,

1934; Horn, 1965; Bollen, 1989; Hu & Bentler, 1999; Chen et al., 2008; Garrido et al., 2013;

Preacher et al., 2013).

Latent variable models generalize simple additive scaling (like the ones we leveraged in Figure

1) by modeling target constructs as continuous, unobserved variables. They also account for

measurement error and allow latent dimensions to correlate with one another. Several �t criteria

have been proposed to assess how much informational attrition is acceptable when imposing a

lower-dimensional factor structure on the source data (see Goretzko et al., 2024, for a recent

overview). By comparing models with di�erent numbers of factors, researchers can select the

most parsimonious speci�cation�that is, the model with the fewest latent dimensions that still

achieves acceptable �t.

Feldman and Johnston (2014), hereafter F&J, provided a clear and in�uential demonstration

of this approach in the study of mass ideology5 which why we opted to replicate and extend

some of their key �ndings. We do so in an e�ort to illustrate how researcher choices about

latent dimensionality shape conclusions about ideology as a socio-psychological phenomenon.

We begin with the same seven issue items from the 2000 ANES as the original authors�covering

respondents' positions on the appropriate size of government, aid to the poor, guaranteed social

versus private health insurance, women's role in society, gay adoption, and abortion. The top

row of Table 1 presents summary statistics for the overall �t of a uni-dimensional model. As in

F&J, we conclude that this model, labelled `Under�tted 1D,� fails to capture important aspects

of the data-generating process. A bidimensional variant that distinguishes between social and

economic ideology, labelled `Well-�tting 2D,� �ts the data much better.

Following F&J, we simultaneously regress each latent ideology factor on a set of sociodemo-

graphic and psychological predictors, including age, education, gender, religiosity, egalitarian-

ism, authoritarianism, need for cognition, income, political knowledge, and racial resentment.

The �rst three columns in the bottom half of Table 1 replicate a key result from F&J: the

uni-dimensional ideology factor obscures important heterogeneity in the associations between

5For for similar approaches to mass ideology in political science, public opinion, and political psychology see
e.g., Stimson, 1975; Miller and Miller, 1976; Layman and Carsey, 2002; Treier and Hillygus, 2009; Malka et al.,
2014; Lupton et al., 2015
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these predictors and di�erent ideological subdimensions. Although latent uni-dimensional con-

servatism is signi�cantly and positively associated with education, income, political knowledge,

and racial resentment, the bidimensional model reveals a more di�erentiated pattern. Educa-

tion, for example, is positively related to economic conservatism but negatively related to social

conservatism, while age, religiosity, and authoritarianism primarily distinguish respondents on

the social dimension.
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Table 1: Socio-demographic and psychological predictors of ideology across four models of di�ering ideological dimensionality (replication and extension of
Feldman and Johnston, 2014)

Model �t
Under�tted 1D

(7 items)
Well-�tting 2D

(7 items)
Under�tted 2D

(15 items)
Well-�tting 4D

(15 items)

Chi-square/df 16.24 2.81 6.39 4.00
CFI 0.55 0.95 0.79 0.90
TLI 0.44 0.93 0.76 0.87
SRMR 0.09 0.02 0.06 0.04
RMSEA 0.09 0.03 0.06 0.04

Predictor Ideology Economic Social Economic Social Economic Racial Social Moral

Age -0.01 -0.04 0.10* -0.03 0.04 -0.03 -0.02 0.05 0.00
Education 0.09* 0.12* -0.09* 0.11* -0.08* 0.12* 0.07* -0.11* 0.06
Female -0.07* -0.04 -0.18* -0.02 -0.08* -0.04 -0.00 -0.09* 0.06
Religiosity 0.14* 0.06 0.46* 0.00 0.50* 0.06 -0.07* 0.50* 0.34*
Egalitarianism -0.52* -0.49* -0.24* -0.50* -0.24* -0.49* -0.41* -0.20* -0.29*
Authoritarianism -0.01 -0.05 0.25* -0.06 0.24* -0.06 -0.04 0.25* 0.10*
Need cognition 0.01 0.03 -0.11* 0.06* -0.10* 0.04 0.08* -0.11* -0.03
Income 0.09* 0.10* -0.07* 0.07* -0.02 0.10* 0.01 -0.05 0.10*
Pol. knowledge 0.18* 0.20* -0.08* 0.16* -0.07* 0.20* 0.07 -0.10* 0.12*
Racial resentment 0.11* 0.11* 0.06 0.26* 0.10* 0.11* 0.41* 0.09* 0.10*

The upper segment features �t statistics across four di�erent structural equation models of latent ideology. The lower segment displays standardized regression coe�cients
of external covariates predicting latent ideological dimensions within each model. All coe�cients marked with a *-symbol achieve statistical signi�cance at p < 0:05 or
lower. Bold-faced coe�cients mark a substantial change in e�ect size between model speci�cations, de�ned as either < 50% or > 150% of the original e�ect and a change
of at least 0.1 standard-deviation units. Coe�cients in italics mark a change in statistical signi�cance at the p = 0:05 threshold between the same coe�cient across models.
Light-blue-shaded cells mark coe�cients that either exhibit a substantial change in e�ect size or gain/lose statistical signi�cance. Data source: ANES 2000.
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The F&J replication illustrates the value of data-driven dimensionality detection for a �xed

item set. Yet the broader question is whether the same dimensional solution remains stable once

researchers expand the pool of issue items. To assess this, we �tted comparable models to an

extended battery that includes the original seven F&J items plus eight additional items drawn

from other widely cited studies using the 2000 ANES. These include race-related items from

Layman and Carsey (2002) and Treier and Hillygus (2009), additional abortion-related items

used by the same authors, and moral/worldview conservatism items drawn from Ansolabehere

et al. (2008).6

Using the same decision criteria as in F&J, we �nd that the expanded item battery war-

rants a minimum of four separate ideological dimensions. In addition to the economic and

social ideology factors identi�ed by F&J, the larger item pool reveals two stand-alone factors:

one centered on race relations and another on general worldview �exibility/rigidity. Imposing

a bidimensional structure on this expanded item set results in a severely under�tted model,

labelled �Under�tted 2D� in Table 1. It also produces substantively di�erent estimates. Sev-

eral coe�cients shift into or out of statistical signi�cance, while others change substantially in

magnitude. In total, we �nd twelve instances in which equivalent coe�cients shift across the

conventional signi�cance threshold and ten additional instances in which coe�cients change by

at least one-and-a-half times, or fall to no more than half, their original magnitude. In Table 1,

we highlight all 27 instances in which a coe�cient either gains or loses statistical signi�cance

and/or changes substantially in magnitude in light blue.

The more fundamental lesson we would like to highlight, however, is not the vulnerability of

any single coe�cient, but the ease with which additional ANES issue items generate mis�t in

F&J's original speci�cation. Adding eight items that other scholars have used to study political

ideology calls for two additional latent dimensions to adequately capture the main dividing

lines among citizens. If this instability were only a local feature of one item set, dimensionality-

detection procedures might still converge on a stable, objective model as additional policy items

are considered. In that case, adding more information on citizens' political attitudes should

lead to overall gains in measurement precision: estimates for external predictors of ideology

become more stable as the item pool expands. Yet this expectation requires the target construct

to be dimensionally bounded. Factor-retention and dimensionality-reduction procedures can

6Table 1 in Online Appendix A provides the codes and short descriptions for both the original and our extended
items battery.
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identify a defensible low-dimensional representation only if there is a comparatively stable latent

structure to recover (Bai & Ng, 2002; Preacher et al., 2013; Del Giudice, 2021). If the number

of required dimensions keeps growing with the number of policy-position items�somewhat

akin to a donkey chasing a carrot on a stick�then model-selection tools cannot fully resolve

the indeterminacy introduced by researchers' decisions about how broadly to sample the issue

space (Carpentras & Warncke, 2024). We investigate this relationship between item-pool size

and latent dimensionality for American political position data in the next section.

3 Dimensionality detection with American public opinion data

An ideal data source for investigating the relationship between the number of survey items and

latent dimensionality should include a large set of unique policy-position items, k, administered

to a large, nationally representative sample. The 2012 wave of the ANES meets this requirement

by o�ering an unprecedented kmax = 74 unique policy-position questions,7 making it ideal for a

comprehensive statistical sensitivity analysis. Appendices C and D replicate the same procedure

for the 2000 and 2020 ANES waves, which have somewhat smaller sets of items, kmax = 42 and

kmax = 62, respectively. Appendix E repeats the analysis using a non-ANES data source: the

2018 wave of the Cooperative Congressional Election Studies.8

For each of these item samples, we generated 10,000 latent ideology models with item sets

ranging from kmin = 3 to k max �3, following an iterative process of item selection, dimensionality

estimation, and scale construction. Each iteration of our bootstrap sensitivity analysis involves

three steps. First, a random sample of size k is drawn from the full item pool. Next, a

polychoric item-correlation matrix is estimated from this sample. A latent dimensionality-

detection algorithm then suggests the optimal number of latent dimensions, dk , along with a

best-�tting item-loading pattern. Finally, we �t a con�rmatory factor model (CFA) to the raw

data to check for model convergence and to extract the �tted inter-factor correlation pattern.9

Because estimating the optimal number of latent dimensions is the most complex part of this

procedure, we describe it in more detail below.

Our use of CFA at the �nal stage should not be confused with our primary strategy for

7 Items qualify as long as they meet Ellis and Stimson (2012, p. 16) de�nition of operational ideology, that is,
items probing respondents' positions on �the proper role and scope of government action and values.'A full list
of items taken from the 2012 ANES appears in Appendix B.

8The 22 items selected from the 2018 CCES are identical to those used by Fowler et al. (2023). Appendix E
lists the selected items.

9Less than 5% of models failed to converge.
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detecting latent dimensionality. The previous section used CFA �t criteria to replicate and

extend F&J because their research design begins from a small number of theoretically inter-

pretable factor structures. In the present setting, however, the inferential problem is di�erent.

We repeatedly resample item batteries of varying size and composition, and therefore require

a dimensionality-detection procedure that can search across possible factor structures without

requiring us to impose any particular solution in the �rst place. Conventional CFA �t indices

are less well suited to this task. They ask whether a pre-speci�ed model reproduces the ob-

served covariance structure su�ciently well, but they do not directly estimate the number of

latent dimensions. Moreover, global �t indices can indicate poor �t for reasons other than

dimensional misspeci�cation, including skewed categorical responses, unequal factor loadings,

correlated residuals, local dependence, or large sample sizes. Conversely, a model can clear

conventional �t thresholds while still masking important dimensional complexity if the mis-

speci�cation is not severe enough to trigger global rejection (Marsh et al., 2004; Chen et al.,

2008; Garrido et al., 2016; Golino et al., 2021).

For these reasons, we rely on dimensionality-focused procedures rather than CFA �t-index

comparisons to estimate dk . In our main analyses, we rely on Exploratory Graph Analysis

(EGA), a network-psychometric approach introduced by Golino and Epskamp (2017) and ex-

tended by Golino et al. (2021). We also cross-validate our EGA-derived dimensionality estimates

using Horn's parallel analysis (PA). 10 Both methods ask a more direct question than conven-

tional CFA model-�t comparisons: how many latent dimensions are implied by the observed

association structure among items? This distinction is especially important for our purpose,

since the quantity of interest is not whether any one theoretically convenient factor structure

is acceptable, but how the estimated number of dimensions changes as the issue-item universe

expands.

EGA proceeds in two stages. In the �rst stage, the polychoric item-correlation matrix

is represented as a sparse network, where items are nodes and edges represent conditional

associations among them. We estimate this network using Gaussian graphical least absolute

shrinkage and selection operator (GLASSO) regularization, with the regularization parameter

selected by the extended Bayesian information criterion (EBIC).11 In the second stage, the

10 Across simulation studies, PA has often performed well relative to conventional �t indices, especially for factor-
retention decisions, while EGA has shown competitive or superior accuracy across many conditions involving
di�erent sample sizes, numbers of factors, factor correlations, response formats, and levels of skewness (Garrido
et al., 2013; Golino & Epskamp, 2017; Golino et al., 2020; Cosemans et al., 2022).

11 Optimal sparsity is obtained by searching a �eld of 1,000 candidate lambda parameters and selecting the



13

sparse network is passed to a community-detection algorithm. The intuition is that items

belonging to the same latent dimension should be more strongly connected to one another

than to items belonging to other dimensions. The resulting item communities are therefore

interpreted as estimates of the latent dimensions organizing the response structure.

Our implementation follows the entropy-�t extension of EGA. Rather than treating a single

community-detection result as de�nitive, we compare a set of plausible network-community so-

lutions generated across a range of sensitivity parameters. Speci�cally, we apply the Walktrap

algorithm, a community-detection procedure based on short random walks through the network

(Pons & Latapy, 2006). Because random walks tend to remain within densely connected regions

of a network, items frequently reached together are treated as belonging to the same commu-

nity. Since the number of random-walk steps can a�ect how �nely or coarsely the network

is partitioned, we vary this parameter and retain the distinct community solutions produced

across the search space.12 Each distinct solution is then evaluated using the Total Entropy Fit

Index (TEFI), an information-theoretic criterion for comparing alternative dimensional struc-

tures (Golino et al., 2021). Lower TEFI values indicate that the recovered communities provide

a more orderly representation of the association structure among items. We therefore select the

community solution with the lowest TEFI value as the preferred estimate of dk .

Substantively, the resulting number of item communities is conceptually equivalent to the

estimated number of latent dimensions governing the sampled item battery. Community mem-

bership also provides an exploratory loading pattern that can be used to �t the con�rmatory

factor models described above. This sequence allows us to combine the strengths of exploratory

and con�rmatory approaches: EGA supplies the dimensionality estimate and loading structure,

while CFA provides a standardized way to inspect convergence and inter-factor correlations

after the dimensional structure has been selected.

The results in the upper left-hand panel of Figure 2 strongly indicate that larger item buck-

ets require additional ideological dimensions to adequately summarize the underlying attitude

space, rd;k = 0:87, SE[r d;k ] < 0:01. Ideological dimensionality, in other words, grows without

bound as more data are used to estimate it. Appendices C, D, and E replicate very similar

trends for the full policy position item batteries included in the 2000 ANES, the 2020 ANES,

and the 2018 waves of the Cooperative Congressional Election Studies (CCES) surveys, respec-

lambda value associated with the minimum model-generated Extended Bayesian Information Criterion (EBIC).
12 We use 1 through 10 Walktrap steps. See the �EGA.�t� section of the EGAnet R-package manual.
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tively. Figure 2 additionally visualizes CFA �t for each model to assess whether commonly

used �t criteria can be relied on to systematically distinguish between dimensionally under-

and over�tted models across the range of k. Using a reasonably strict �t-criteria battery,13

almost eight in ten randomly generated models �t the data well. More importantly, the share of

ill-�tting models above the trend line is almost identical to the corresponding share below the

trend line, 0.48 to 0.52, which further suggests that �optimal� dimensionality, d k , grows with

the number of issue items.

13 The joint set of criteria includes CFI and TLI > 0:9, RMSEA lower 90% con�dence bound < 0:08, and
SRMR < 0:08. A model �ts well only if it jointly meets all of these criteria.
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Figure 2: Latent dimensionality and factor correlations in ideology (left) and personality data (right). Each point in the upper graphs represents a model �tted
to randomly sampled survey items related to ideology (ANES 2012) or personality (BFI 2020). Total number of models for ideology = 10,399; personality: 12,044.
Number of sampled items appears on the x-axes and EGA-estimated latent dimensionality on the y-axes. Well-�tting models according to CFA �t criteria appear
blue; ill-�tting models in red. Bottom panels show the densities of average inter-factor correlation within each model by number of latent factors.
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Online Appendix F shows an even steeper rise in estimated dimensionality when we instead

rely on Horn's Parallel Analysis (Horn, 1965) as an alternative dimensionality detection method.

We further triangulate this �nding with the Two-Nearest-Neighbors approach (TWO-NN), a

maximum likelihood-based intrinsic-dimension estimator from statistical machine learning that

infers the e�ective dimensionality of a data cloud from the ratio between each observation's �rst-

and second-nearest-neighbor distances (Facco et al., 2017; Denti, 2023). In this application, each

respondent's policy-response pro�le is treated as a point in a high-dimensional item-response

space. The results in Online Appendix G again strongly suggest that the e�ective dimensionality

of citizens' political attitude space rises rapidly as more policy items are included and shows

little evidence of plateauing over the observed item-pool sizes.

To what extent might boundless dimensional growth simply result from population hetero-

geneity in terms of political sophistication or ethno-racial diversity? If uni-dimensionality is

a fundamental feature of policy preferences at the aggregate level in the United States (El-

lis & Stimson, 2012), such a feature may be di�cult to detect in nationally representative

respondent samples, which inevitably include many politically disinterested and unsophisti-

cated individuals (Converse, 1964; Kinder & Kalmoe, 2017). Moreover, di�erent ethnic and

racial groups may conceptualize ideology di�erently, potentially obscuring an otherwise well-

structured data-generating process. To assess whether boundless dimensional growth is unique

to those with low education, low political knowledge, or di�erent racial/ethnic backgrounds, we

conducted subdemographic analyses using the 2000 and 2012 waves of the ANES. The results

strongly suggest that ideological dimensionality grows without bound across all educational

and political-knowledge quartiles, as well as within both White and minority-only subsamples.

Appendices H, I, and J present the corresponding analyses.

Another important critique of our resampling procedure could target the random nature of

item selection. Because each policy item is sampled with equal probability, more obscure or

niche items that are rarely �elded in the ANES, such as those concerning federal funding for

space exploration or North Korean nuclear sanctions, have the same chance of being selected

as the more commonly used items�such as the general government services/spending item�

that researchers frequently employ in practice. A more principled sampling approach, one

might argue, could yield a dimensionally bounded solution. As an additional robustness check,

we therefore repeated our analysis, reported in Online Appendix K, using reweighted policy-

position items to align with their relative frequency of usage in the empirical public opinion
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literature. 14 Speci�cally, we coded each of 42 unique political attitude items� each used at

least once across nine high-quality, highly cited studies that constructed at least one ideology

scale with ANES 2000 data�according to how often they appeared in those scales. Repeating

our resampling analysis with these relative-frequency weights ensures that our results re�ect

the popularity of each item across the generated models. The �ndings are nearly identical to

those in Online Appendix C: ideological dimensionality continues to grow without bound, even

when items less commonly used in ideology scales are down-weighted.15

Furthermore, one might object that boundless dimensional growth could simply be a feature�

or rather, a �aw�of the particular dimensionality-detection algorithm we have employed. More

speci�cally, our EGA-based procedure might be overly sensitive to minute evidence for the ex-

istence of additional latent dimensions, especially for large item buckets k. To address this

concern, one could ask how the unbound dimensional nature of political ideology stacks up

against more well-established constructs in quantitative psychology, such as personality, as k

increases. Using the identical bootstrapping procedure, the right-hand panels in Figure 2 present

estimates for latent dimensionality and inter-factor correlation for a large, publicly available per-

sonality questionnaire featuring answers from 228 U.S. undergraduate students on kmax = 44

items.16 Although dimensionality estimates also initially grow rapidly here, they plateau at

the widely accepted latent factor structure between �ve and six dimensions at k ' 25. More-

over, virtually all latent personality dimensions are nearly perfectly orthogonal to one another,

�rpersonality = 0:005 and SE[r̂] = 0:0018. 17

As a further robustness check, we employed a similar strategy as in F&J by investigating

the behavior of CFA-derived model-�t statistics as a function of item-bucket size and latent di-

mensionality for both ideology and personality data. Among the personality models, �t metrics

14 These works are, in alphabetical order, Ansolabehere et al. (2008), Barker and Tinnick (2006), Carmines
et al. (2011), Claggett et al. (2014), Feldman and Johnston (2014), Layman and Carsey (2002), Lupton et al.
(2015), Malka et al. (2014), and Treier and Hillygus (2009).

15 Several of the articles used in this analysis propose bidimensional models of mass ideology that, like F&J,
distinguish between social and economic ideological factors. We noted that, among the 42 items used across the
nine publications we considered, economic ideology items outnumber those identi�ed as sociocultural by roughly
2:1. To avoid potential bias arising from this imbalance, we up-weighted all sociocultural items to achieve parity
with economic items in an additional robustness test, summarized in Online Appendix L. Once again, we �nd
strong evidence of boundless ideological growth in this analysis.

16 Data source: the BFI228 dataset from the EFAutilities R package (EFAutilities contributors, 2025). These
data were collected as part of an unpublished study on personality traits and relationship satisfaction and contain
self-ratings from N = 228 U.S. undergraduate students on the 44-item Big Five Inventory (John et al., 1991).

17 In Online Appendix M , we cross-validate the same �ndings for another publicly available personality dataset
(Tunguz, 2020) at kmax = 50. This data source is based on a massive online convenience sample administered
by Open-Source Psychometrics, featuring n > 1 million responses from more than 180 countries. See https:
//openpsychometrics.org/tests/IPIP-BFFM/ for the item battery.
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largely succeed in �agging dimensionally under�tted models, especially for item buckets k � 20;

here, researchers would reject the lion's share of four-dimensional solutions in favor of �ve- or

six-dimensional alternatives.18 As stated above, model �t is all but randomly distributed across

the range of k in our sensitivity analysis. For personality, but not ideology, this implies that

researchers can generally expect CFA �t to systematically distinguish between dimensionally

over- and under�tted models. In short, model-�t criteria appear to perform well for dimension-

ally capped constructs like personality. They fail, however, to provide generalizable benchmarks

for dimensionally unbound data.

Finally, some readers might wonder whether the higher-dimensional solutions in Figure 2

merely contain numerous, highly collinear factors. If so, additional dimensions would o�er

little or no added informational value. Conversely, others might question whether the set of

ANES policy-position items was ever well-suited for capturing operational ideology as a single

underlying construct. If these items are only weakly or quasi-randomly related, they would

likely yield quasi-random and largely meaningless latent dimensions. In that case, one would

expect the average factor correlation to be centered at zero, with roughly equal numbers of

positive and negative factor correlations.

These objections would manifest in distinct ways. If the latent factor solutions consistently

displayed strong positive correlations, then all solutions would essentially capture the same

information. Conversely, if the factor solutions showed no clear correlational trend, they would

capture only highly idiosyncratic information. Intriguingly, however, the bottom-right panel of

Figure 2 reveals that neither scenario holds. Based on the probability-density distributions of

inter-factor correlations within each model of at least two dimensions, roughly 96% of models,

hardly any factor pairs are negatively correlated, and only a small fraction, less than 2%,

approach orthogonality. At the same time, very few factor solutions are highly correlated; fewer

than 4% exceed 0.75. Instead, the multifactor space is dominated by moderately correlated

pairs of latent factors.

Panel B of Figure 2 demonstrates that the number of latent dimensions does not exhibit any

systematic relationship with inter-factor correlation patterns. In other words, as one expands the

item sample and estimates additional dimensions, latent ideological factors do not simply grow

more similar. Instead, the average factor correlation of �rideology = 0:43, SE[�r] < 0:01, suggests

18 The share of well-�tting models with d � 4 at k � 20 is approximately 0.01, p < 0:001, while nearly all
models with d � 5 �t the data well, 0.92, p < 0:001.
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that most solutions at least partly capture the essence of a single underlying concept, albeit

with a substantial degree of heterogeneity. In sum, the simulated latent factors di�er enough

to warrant distinct dimensions of measured ideology, yet they also exhibit su�cient similarity

to remain loosely connected to the same conceptual class. In the �nal section, we return to

this �nding, as it underpins a reconceptualization of mass ideology as a hybrid phenomenon

exhibiting both uni-dimensional and multidimensional characteristics.

In short, our sensitivity analyses indicate that ideological dimensionality increases inde�-

nitely as researchers incorporate more items to measure it. Crucially, this does not occur for

psychometrically �better-behaved� constructs like personality, where the number of survey items

does not lead to a proportional increase beyond �ve to six latent dimensions. One could argue

that policy-position items, especially those included in large-scale political attitude surveys,

are not speci�cally designed to reproduce a particular dimensional structure. Survey designers

must consider numerous practical constraints, including �nancial ones, when developing ques-

tionnaires for large, heterogeneous societies, making it unlikely that any given policy-position

battery will replicate a neat, prede�ned dimensional structure akin to those found in person-

ality data. Nevertheless, many applied researchers treat policy-position scales as if they were

as dimensionally constrained as measures of concepts like personality. As discussed in Section

2, this assumption leads to a twofold ambiguity in applied contexts: empirical estimates can

vary substantially under alternative dimensional speci�cations, and researchers generally lack

objective standards, such as parsimony criteria, to help them adjudicate among these di�erent

models.

However, while personality is constrained by a �xed number of orthogonal factors, virtually

all latent dimensions identi�ed in policy-position data are moderately and consistently positively

correlated with one another. Although complex enough to warrant separate spatial represen-

tation, all latent ideological dimensions seem to be tethered to an overarching, yet somewhat

imprecise, uni-dimensional origin. In the next section, we suggest a blueprint for how this com-

mon information can best be utilized to model mass ideology as a data-generating process that

may be dimensionally unbound, yet partially bundled together.
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4 Unifying multi- and uni-dimensional perspectives in Bayesian

hierarchical factor model

The preceding sections discussed how empirical models of political ideology can yield contrasting

outcomes depending on the chosen model of latent dimensionality. The most parsimonious

choice for latent dimensionality expands as more policy-position items are incorporated into

these models. One consequence of the dimensionally unbounded nature of mass ideology is that

tools designed to detect an �optimal� dimensionality likely su�er from strict limitations in terms

of external validity. However, our sensitivity analyses also strongly suggest that this boundless

multidimensional space has an inherent degree of structure: although additional ideological

factors are warranted to capture the growing complexity that emerges when more items are

included, nearly all latent factors remain connected through sizable, positive correlations.

Neither the uni-dimensional nor the multidimensional modeling approach alone can fully

reconcile both of these observations. On the one hand, boundless dimensional growth favors a

multidimensional perspective; on the other hand, strong resemblances among latent factors point

to a shared, underlying origin that partly aligns all factors. Furthermore, any multidimensional

model of �nite dimensionality is ultimately incomplete, given that researchers working with

larger item sets will likely discover better-�tting, higher-dimensional alternatives. We argue that

a hybrid modeling approach, borrowing elements from both frameworks, can jointly bene�t from

theoretically boundless, yet fundamentally related dimensions. Rather than strictly imposing a

uni-dimensional or �nite multidimensional model, our proposed framework treats mass ideology

as a meta-concept that can manifest in a potentially in�nite set of concrete, policy-speci�c

dimensions loosely tied to a more general, if somewhat di�use, super-ordinate factor.

Figure 3 outlines the blueprint for a Bayesian hierarchical latent variable model featuring

a quasi-in�nite number of area-speci�c facets (or sub-dimensions), labeled Dimensionx ,� that

explain the covariance structure among a given set of policy-position items, labeled I.� This

modeling strategy exploits the quasi-hierarchical dependency between distinct ideological facets

or sub-dimensions, such as social, economic, or racial ideology, and a generalized dimension that

captures their common essence. The model further assumes that all of these facets originate from

a single, albeit somewhat di�use, hyper-dimension, labeled �IDEOLOGY� in Figure 3. While

the facets level features freely estimated loading structures, represented by the 
 parameters, we

recommend constraining the measurement coe�cients (�) on the hyper-factor are constrained
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to unity. This de�nes as an unweighted average among all inductively found ideological facets,

which, in our view, better re�ects the family-resemblance logic of the superordinate ideology

variable. This approach also yields signi�cant gains in computational e�ciency. In principle,

however, the higher-order loading structure (� paramters) could also be freely estimated. Our

model blueprint o�ers key advantages over conventional strategies, as it can be extended to

accommodate any number of policy-position items and can be integrated into dimensionality-

detection work�ows like the one presented in Section 3.

Furthermore, we propose semi-informative prior distributions on optional external predic-

tors, which allow researchers to simultaneously estimate the partial e�ects of such predictors

on both uni-dimensional ideology, labeled � in Figure 3, and multidimensional ideology factors,

�. In this way, the e�ects of external predictors such as income or racial resentment can be de-

composed into particularities of certain subdimensions, such as economic or racial ideology, and

generalizable e�ects attributable to the common core of all dimensions. The proposed frame-

work can thus be seen as a mediation model that di�erentiates between direct e�ects of external

predictors on particular subdimensions, �, and mediated e�ects, �, that �rst pass through the

common hyper-factor.19

Note that this decomposition is not feasible using conventional maximum-likelihood meth-

ods because, under uniform priors, the lower-level factors are collinear with the uni-dimensional

hyper-factor. Semi-informative priors thus represent a critical advantage of Bayesian hierar-

chical models, as they facilitate the empirical di�erentiation between the common and unique

properties of each subdimension detected by data-driven dimensionality algorithms.

Figure 4 showcases one possible application of the proposed estimation strategy. Similar

to our analysis in Section 3, we present the results of a series of latent ideology models based

on ANES 2000 data that feature various sociodemographic and psychological covariates, which

can help substantively interpret di�erences between ideological subdimensions and a unifying

hyper-factor. We selected a set of kmax = 32 domestic policy-position items from this ANES

wave, all of which have been used at least once in ideological scale construction among a set of

nine relatively recent, high-quality publications.20 Using EGA to detect latent dimensionality

19 In the all models shown in Figure 3, we speci�ed for regression coe�cients linking external covariates to
the higher- and lower-order ideology factors weakly regularizing half-normal priors, �; � m � N (0; 1

2 ). Freely
estimated measurement parameters, including lower-level factor loadings and item intercepts, were assigned twice-
normal priors, � jm ; � j � N (0; 2) to strike a balance between computational e�ciency and likelihood-dominated
estimation of the models' measurement properties.

20 These works are identical to those referenced in Footnote 14. Online Appendix N lists the included 32 items.
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Figure 3: Schematic of the Bayesian hierarchical factor model of mass ideology. The model accom-
modates an arbitrary number of policy-position items at the data level, shown as item boxes labeled
I 11; :::; I dk at the bottom of the �gure. The �rst level of the model �ts an inductively determined factor
structure based on the observed item-response patterns, represented by the circles labeled �Dimension�
(Freely estimated with 
 loading and intercept parameters, the latter of which we omitted for simplicity).
Conceptually, these lower-order factors capture facets or subdimensions of ideology, and the framework
can accommodate an arbitrary number of them. A single parent factor at the top level captures the
shared covariance among the inductively identi�ed ideological subdimensions. Across our applications,
we impose a uniform higher-order loading structure (all � = 1). The model further allows external co-
variates of interest to be regressed simultaneously onto the higher-order ideology factor and onto any of
its constituent lower-order facets (as indicated by � regression coe�cients).
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among this attitude set, we obtained d = 6 optimally distinct, positively correlated ideological

subdimensions, �r = 0:45 and SE[�r] = 0:16. Based on their respective item-loading patterns,

these dimensions could be labelled as follows: 1) poverty reduction measures, 2) New Deal issues,

3) sociocultural issues, 4) racial justice, 5) moral and sexual chauvinism, and 6) immigration

and integration issues.21

What substantive claims can be made about these subdimensions and their overarching

parent factor? Figure 4 presents the results of a series of models that �t a set of sociodemo-

graphic and psychological predictors to a joint model featuring the subdimensions listed above

and a single hyper-factor that captures the shared variance among them. The predictors can

be divided into two categories. The �rst category, shown in the top panel of Figure 4, includes

political partisanship, ideological self-identi�cation, and racial resentment. Generalized ideol-

ogy, that is, the shared essence across all ideological subdimensions, is strongly related to each

of these predictors, as indicated by the sizable coe�cients in the top row of Figure 4. In other

words, predictors in the �rst category strongly and relatively uniformly predict the common

conceptual core spanning all basis dimensions.

At the same time, some subdimensions exhibit substantial predictive relevance over and

above generalized ideology. For instance, the results for liberal�conservative self-identi�cation

suggest that positions on gender issues matter above and beyond respondents' overarching

ideological orientations. Similarly, and perhaps unsurprisingly, racial resentment pushes racial

conservatism and anti-immigrant chauvinism further to the right, relative to what one would

expect based on a respondent's generalized orientation across all ideological dimensions.

By contrast, predictors in the second category, shown in the bottom panel of Figure 4,

exhibit no clear relationship with the ideological hyper-factor; this is evident in the largely zero-

centered coe�cients across the top row of the bottom panel. These predictors include income,

education, political knowledge, and religiosity. However, each shows a unique associational

pattern across the subdimensions. Controlling for generalized left�right orientations, higher

income strongly predicts conservative stances on anti-poverty issues, whereas anti-immigrant

sentiment moderately declines with income. Other predictors, such as level of education, are

positively related to subdimensions dealing with economic redistribution but negatively predict

sociocultural tolerance.

21 In Online Appendix O we schematically present the overall structure and the mean posterior estimates for
all slope coe�cients for the symbolic ideology model (top left panel in Figure 4).
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Figure 4: Posterior distributions of regression coe�cients linking external predictors (e.g., symbolic ideology, partisanship, racial resentment) to the superordinate
ideology factor and its six inductively identi�ed subdimensions. The �rst row reports coe�cients for the higher-order ideology factor; the remaining rows report
coe�cients for each lower-order ideological subdimension. All estimates are derived from a Bayesian hierarchical factor model �tted to 32 policy-position items
included in the 2000 ANES. The models were estimated with the blavaan-package version 0.5-10 (Merkle & Rosseel, 2018) for R.
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In sum, by combining key features from both uni-dimensional and multidimensional per-

spectives, the present blueprint for modeling ideology as a Bayesian hierarchical factor not only

o�ers more �exible solutions given particular choice options for item selection and latent dimen-

sionality, but also allows for investigations that might contribute towards a more �ne-grained

understanding of the socio-demographic antecedents of ideology.

5 Conclusion

Empirical research on mass ideology is intimately linked to questions about dimensionality.

When assessing the degree to which citizens adopt ideologically congruent beliefs, researchers

typically invoke one or more ideological dimensions as yardsticks against which to evaluate

how well citizens' preferences match those prede�ned standards. When studying the prevalence

of ideological polarization, researchers need to make assumptions about the dimensionality

of ideology to determine what ideological �poles� mean in the �rst place. When measuring

the relative ideological distance between voters and candidates, we �rst need to establish the

ideological dimensions that scale the space in which such distances are measured. In short,

empirical claims about mass ideology inevitably rest on prior assumptions about ideological

dimensionality.

Despite their ubiquity in applied research, assumptions about ideological dimensionality

are rarely the sole subject of scrutiny. In this manuscript, we have shown that ostensibly in-

consequential choices about the number of issue items researchers select, and the number of

separate scales�that is, latent dimensions�they construct from these items, can have a sub-

stantial impact on empirical �ndings. Comprehensive statistical sensitivity analyses including

all available policy-position items within high-quality public opinion surveys further suggest

that this tendency approximates a fundamental feature of the American attitude space: ideo-

logical dimensionality grows without bound as one increases the number of issue positions under

consideration. At the same time, virtually all latent dimensions detectable within the mass pref-

erence space are positively and appreciably correlated with one another; separate ideological

dimensions, in other words, at least partially capture the same underlying information. We

thus argued that mass ideology is better understood neither as a strictly uni-dimensional nor

as a strictly multidimensional phenomenon. Instead, ideological preferences appear to occupy

a hybrid state characterized by distinct yet related concepts, somewhat akin to the members of
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an extended family. To better di�erentiate the common conceptual nucleus from characteris-

tics unique to only a subset of ideological subdimensions, we proposed an alternative modeling

framework that allows researchers to model policy ideology simultaneously as a uni-dimensional

and multidimensional construct.

We would like to conclude by revisiting the initial question: how many dimensions are

needed to faithfully capture the essence of citizens' policy preferences? Based on the present

analysis, one might be inclined to answer: both one and many. Such an answer, however,

may appear unsatisfactory to readers who wish for a more clear-cut solution to one of the

most perennial questions about the nature of mass ideology. At the same time, such clear-cut

answers already abound in the extant literature (Maynard & Mildenberger, 2018). From a purely

empirical perspective, there is clear merit to both the uni-dimensional and multidimensional

perspectives. On the one hand, there is strong evidence of multidimensionality in the most

widely cited public opinion data sources on Americans' political issue positions. On the other

hand, the same data can, in principle, give rise to a quasi-in�nite number of positively aligned

dimensions, suggesting that the multidimensional ideological space is ultimately tethered to a

single, if somewhat di�use, parent dimension.

Our view likely best aligns with a small but growing body of literature that regards ideology

as a family-resemblance concept (e.g., Cochrane, 2015; Gidron, 2022). Wittgenstein (1953),

who �rst coined this term, argued that many social concepts, particularly those involving social

cognition, embeddedness, and application, follow a logic of relational resemblance: while a

given pair of blood-related family members is likely to share some physical similarities, such as

a similar nose, eyes, or chin, it is nearly impossible for all family members to exhibit a single

shared feature. Instead, it is the collection of shared features that di�erentiates one conceptual

family from another. Our analysis shows that di�erent ideological subfactors, such as racial,

sociocultural, or wealth-redistribution ideology, exhibit numerous unique characteristics; few, if

any, individuals are consistently liberal or conservative on all of these dimensions. Collectively,

however, the set of ideological factors shares enough similarities, in the form of consistently

positive correlations, to classify them as belonging to the same conceptual family�even if the

nucleus of that family remains slightly obscure under close scrutiny.

Finally, at least two important caveats are worth noting to put the present contribution

into perspective. First, we focused the empirical part of the analysis exclusively on operational

ideology�that is, the summation of citizens' preferences on speci�c political issues and beliefs
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about the proper scope and function of government. Although this de�nition captures a large

body of work on mass ideology, particularly in political science, other perspectives on conceptu-

alizing and measuring ideology remain highly relevant. Future research could extend the present

de�nitions and conceptualizations to scale models of psychological conservatism (Wilson & Pat-

terson, 1968) or social dominance orientation (Sidanius & Pratto, 1999), for example. Second,

we purposefully restricted our statistical sensitivity analyses to data from the United States.

Future work could cross-examine the present �ndings in di�erent countries to better evaluate

the core claims across political and cultural contexts.
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A Policy-position items used in the Feldman and Johnston repli-

cation and extension

Table 2: Policy-position items used in the Feldman and Johnston replication and extension summarized
in Table 1.

ANES
code

Short summary Dimension in Table 1 mod-
els

Original Feldman and Johnston item battery

V000680 Aid to poor people Economic / ideology
V000620 Guaranteed jobs / income Economic / ideology
V000614 Government versus private health insurance Economic / ideology
V000550 Government services / spending Economic / ideology
V000760 Women's role in society Social / ideology
V000748 Gay adoption Social / ideology
V000694 Abortion self-placement Social / ideology

Additional items included in the extension models

V000806 Preference for Blacks in jobs Racial
V000645 Aid to Blacks Racial
V000674a A�rmative action Racial
V001531 Adapt views to changing world Moral
V001533 Tolerate others' morals Moral
V000876 Biblical liberalism Social
V000705 Partial-birth abortion ban Social
V000702 Parental consent abortion Social
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Appendix D. Dimensionality analysis with all available policy-position

items in the ANES 2020
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