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This article analyzes belief systems in a novel way, modeling relational patterns of policy disagreements using non-

metric multidimensional scaling. Because of its flexible assumptions, the approach enables us to conduct a notably

harder test of the “low-dimensionality” hypothesis than is found in previous work. The results support the proposition

that a basic space (consisting of a small number of interwoven issue domains) anchors the policy dimension of public

opinion. Among our findings, we show that voters—especially those meeting a minimum threshold of political so-

phistication—neither lack meaningful attitudes nor hold distinct preferences across a wide range of issues. Rather, their

policy attitudes are organized alongside relevant core values and affective evaluations in a common, low-dimensional

cognitive space. A unidimensional approximation of these belief structures often exhausts the explanatory power of

vote choice models.
For the real environment is altogether too big, too complex, and too fleeting for direct acquaintance. We are not equipped to deal with so
much subtlety, so much variety, so many permutations and combinations. And although we have to act in that environment, we have to
reconstruct it on a simpler model before we can manage with it. To traverse the world men must have maps of the world.
—Walter Lippmann (1922, 16)
V . O. Key (1966, 8) famously characterized the analysis
of public opinion as a “task not unlike coming to grips
with the Holy Ghost.” Less colorfully, Philip Converse

(1964, 206) wrote that “belief systems have never surrendered
easily to empirical study or quantification.” Despite the
challenges, the importance of understanding, explaining, and
interpreting public opinion has kept scholarly interest alive
for decades.

In this article, we focus on the dimensional structure of
public opinion. One important aspect of the quality of mass-
elite representative linkages depends on citizens’ ability to
navigate the low-dimensional political choice space organized
by elite actors.1 In this view—articulated in the “basic space”
theory (Hinich and Munger 1994)—democratic accountability
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2. Respondents’ answers may or may not reveal their preferences,
depending on a variety of factors like the quality of the question, mea-
surement error, etc. We return to the question of measurement below.

3. In our analysis we investigate the dimensionality of preferences.
While in theory it is possible that there are multiple dimensions within
issues, our primary concern is with dimensionality across issues and issue
domains. For example, we ask whether there are meaningful differences in
the preferences people hold on different economic issues and whether
there are meaningful differences in the preferences people hold in the
economic and social issue domains.

4. For instance, allowing for additional dimensions adds little if
anything to our understanding of the policy positions endorsed by
members of Congress (Poole and Rosenthal 2007). Likewise, other polit-
ical elites—party activists and campaign contributors, in particular—ex-
hibit similar levels of unidimensional constraint (Bonica 2018; Jennings
1992; Layman et al. 2010; Lupton et al. 2015).

5. Stimson (2012, 2015) offers a somewhat weaker view, arguing for
“one-plus” dimensions of mass public opinion in which the two-party
system serves to collapse political conflict on all but a handful of new
issues into a unidimensional configuration. “While we can think of eco-
nomic and cultural domains as clearly separable . . . they are far from
completely distinct in the view of the American electorate. . . . The two
dimensions are correlated, not independent” (Stimson 2012, 29–31).
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“nonattitudes” on many policy matters. In contrast, others
are more sanguine about the existence of meaningful policy
attitudes in the mass electorate and argue or imply that a
larger policy web structures and constrains them (e.g.,
Ansolabehere, Rodden, and Snyder 2008; Broockman 2016;
Lewis-Beck et al. 2008).

This article makes an important contribution to scholarly
understanding of policy preferences, their dimensionality, and
voting behavior by using a novel approach to analyze mass
preferences. In contrast to existing methods employed to esti-
mate dimensionality, ours organizes traditional survey re-
sponse data in the form of a respondent-by-respondent “dis-
agreement matrix.” We then use nonmetric multidimensional
scaling (MDS) (Borg and Groenen 2005) to estimate a geo-
metric configuration of respondents in which the distances
between voters are proportional to their observed level of policy
disagreement. Voters may differ along a single policy dimen-
sion, a small number of policy domains (e.g., economic, social/
cultural, etc.), or on a greater number of policy dimensions.

Our use of nonmetric MDS provides a much harder test of
the low-dimensionality hypothesis than found in existing em-
pirical work because it imposes less restrictive assumptions on
the data. For example, most existing scaling methods conflate
respondents who hold moderate views with those whose
opinions include extreme liberal and conservative preferences
(Broockman 2016). Our approach addresses this observational
equivalence and can separate those whose preferences are truly
moderate from those who have a set of mixed, but extreme,
preferences.

The article’s most important findings are twofold. From a
substantive perspective, the results provide strong evidence that
a low-dimensional basic space structures the expanse of voters’
specific policy attitudes and, in particular, their voting decisions.
This is most pronounced for the politically sophisticated, but
not to the exclusion of less politically sophisticated voters. The
article’s findings also have important methodological implica-
tions concerning the measurement of mass political attitudes.
They imply a “basic space” measurement of policy preferences
that reflects the mapping of multiple issues into a lower-
dimensional space of domain-specific preferences. Because
the economic and social/cultural domains are so tightly inter-
twined in contemporary American public opinion, a uni-
dimensional measure of preferences will be a good approxi-
mation to both latent dimensions. However, these dimensions
remain conceptually distinct and empirically recoverable.

THEORY AND BACKGROUND
We begin by describing how we employ a number of concepts
in this article. We refer to “policy preferences” as the most
specific form of preferences. In the context of survey questions,
it is often the case that respondents are asked to agree or dis-
agree with a particular policy statement, or to select their most
preferred option from a range of possibilities. Questions like
these are asking about policy preferences.2

Often, surveys include multiple policy preference questions
about the same “issue.” For example, a survey might include a
series of questions about abortion designed to assess the condi-
tions under which people believe the procedure should be legal.
Researchers often consider issues—and the set of policy al-
ternatives within them—as falling within particular “domains.”
The two most common domains are economic (sometimes
called social welfare) and social (sometimes referred to as cultural
ormoral) (e.g., Feldman and Johnston 2014; Layman andCarsey
2002; Layman et al. 2010; Miller and Schofield 2003; Treier and
Hillygus 2009). If there are close links between preferences across
issue domains, then we will refer to people as having preferences
that are “constrained” (Converse 1964).3

One body of research views the public as similar to political
elites in that preferences track a single dimension conforming
to the traditional left-right or liberal-conservative continuum.
For our purposes, the key finding regarding political elites is
that in contemporary American politics, their preferences exist
on a single dimension.4 In themass public, a host of researchers
find evidence of a similar, single underlying dimension (Bafumi
and Herron 2010; Fowler et al. 2022; Jessee 2012; Shor and
Rogowski 2018).5

In contrast, other work develops the idea that issue and
policy preferences follow frommore general values and beliefs
that serve to constrain preferences within issue domains but
not across domains (e.g., Feldman 1988; Goren 2013; Peffley



6. This perspective is empirically bolstered by multidimensional scaling
results showing that human judgments across a wide set of domains can be
represented in low-dimensional conceptual spaces (Gärdenfors 2000). These
include emotions, linguistics, and perceptions of colors, sounds, shapes, and
facial expressions. Shepard (1987) provides an overview of relevant work. See
also Croft and Poole (2008) and Russell (1980).

7. Ample evidence indicates that citizens also use group identities and
an “affective calculus” to learn about similarities and policy linkages be-
tween the components of partisan-ideological coalitions (Brady and
Sniderman 1985; Goggin, Henderson, and Theodoridis 2020; Orr and
Huber 2020; Sniderman 2017).
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and Hurwitz 1985). As Feldman and Johnston (2014, 339)
write, “Citizens possess abstract beliefs which constrain spe-
cific policy preferences, but they do not necessarily see a
higher-order connection between these political values.” Em-
pirically, a host of studies report results consistent with the
view that public opinion is best understood and represented
in multidimensional terms (e.g., Ansolabehere et al. 2008;
Carmines, Ensley, and Wagner 2012; Klar 2014; Layman and
Carsey 2002; Lupton, Myers, and Thornton 2015; Treier and
Hillygus 2009).

The final perspective casts doubt on the existence of any
meaningful dimensional structure underlying public opinion.
This view finds its modern roots in work by theorists such as
Walter Lippmann and Joseph Schumpeter, both of whom
questioned whether voters live up to the democratic ideal of the
“omnicompetent citizen” (Bennett 2006). Converse’s (1964)
landmark essay serves as the empirical genesis of what remains
this highly influential view (Achen and Bartels 2016) that most
citizens are uninterested and uninformed about politics, lack
consistent views on most policy issues, and do not organize
their political attitudes using higher-order schema—including
the liberal-conservative ideological continuum used by political
elites. Mass policy preferences are rather like “scattered crou-
tons floating in the undifferentiated cognitive soup” (Luskin
1987, 860).

Of course, one can take a more qualified view of Converse’s
(and subsequent) results and conclude that citizens are capable of
holding meaningful policy stances under certain circumstances,
but that these attitudes exist in relative isolation. That is, their
policy preferences (on at least some issues) are genuine but
uncorrelated. In this case, public opinion could be modeled in a
high-dimensional policy space with each issue constituting its
own disjoint dimension. Representing preferences like these in
any space with dimensionality lower than the number of unique
issues has the potential to conflate a mixture of extreme left
and right preferences with consistently moderate preferences
(Broockman 2016; but see Fowler et al. 2022). Taken to its limit,
this perspective could radically change howwe represent policy
attitudes in models of voting behavior and representation.

Theoretically, there are plausible reasons to expect that
voters’ policy preferences—more specifically, the systematic
component of their preferences—reduce to a low-dimensional
space. The first derives from a long line of work from psy-
chology and behavioral economics on bounded rationality
(Simon 1955). Taking account of the complexity of the in-
formation environment relative to the limits of cognitive
resources and attention, people adopt economizing heuris-
tic strategies to manage their decision-making processes
(Kahneman 1973). While the quality and effectiveness of
these heuristics are debatable, it is nonetheless clear that they
are ubiquitous components of voters’ information processing
and preference formation processes (Lau and Redlawsk 2006).
Clearly, all people (including the more sophisticated, aware,
and motivated) simplify the world in order to make sense of
it.6 There is also ample evidence that core human values (in-
cluding political values) are organized along a small number of
dimensions, though there remains disagreement over what
the dimensions represent and the precise structure of the
space (Inglehart 1997; Jacoby 2014; Rokeach 1973; Schwartz
1992).

Political and intellectual elites serve to facilitate the process
by grouping controversies together. Often there is no necessary
or logical connection betweenmany policy positions. However,
elites “package” them together and define “what goes with
what” (Converse 1964; Noel 2013; Poole 2005). To the extent
that these ideological packages diffuse through themass public,
the political choice space will exist along a small number of
abstract spatial dimensions.7

Basic space theory (Enelow and Hinich 1982; Hinich and
Munger 1994; Ordeshook 1976) unifies elite and individual-
centered (or top-down/bottom-up) explanations for the existence
of low-dimensional structure of mass policy preferences. The
theory posits the existence of two spaces: a complex “action
space” where issues are represented by separate, orthogonal
dimensions and a predictive “basic space” that condenses the
information in the action space. Bonica (2018, 832) portrays
this as a “holographic interpretation,” one in which “issue
preferences are understood as a higher-dimensional repre-
sentation of information existing in a low-dimensional ideo-
logical space.” This approach provides the theoretical foun-
dation for ideal point models to account for behavior such as
congressional roll call voting using only one or two dimensions.
In public opinion, the theory implies that the basic space—not
the action space—defines the structure of citizens’ preferences
and choices.

The central mechanism in the basic space theory is the
set of mappings between the action space (i.e., the observed
survey responses) and the basic space (i.e., the latent policy
space). In reality, these mappings are unobservable “black
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boxes” unique to each individual (Bonica 2018; Poole
2005). They may be derived from abstract ideological
principles (as in Converse 1964), but they may also be in-
duced by constraints on the choice set in a way that allows
even unsophisticated citizens to rely on the political culture
to employ ideology as a heuristic (Downs 1957; Popkin
1994). Both forms of constraint will be observationally
equivalent even though their sources differ.8

The challenge for scaling analysis is to approximate the
mapping patterns in a parsimonious manner while accounting
for the most important sources of heterogeneity. First, a long
line of literature rooted in Converse (1964) and expanded by
Freeder, Lenz, and Turney (2019), Jacoby (1995), Stimson
(1975), and Zaller (1992) argues for the central importance of
political sophistication in influencing the structure and effects
of policy preferences.9 In addition to political sophistication,
ideological context likely plays an important role in struc-
turing citizens’ policy attitudes by defining issue linkages.
Specifically, polarized environments in which political com-
petition is presented in stark, clearly differentiated terms be-
tween the parties promotes the level of attitudinal constraint in
the mass public (Layman and Carsey 2002; Levendusky 2009;
Nie, Verba, and Petrocik 1979; Pomper 1972). As noted, in
such an environment—or culture—the less sophisticated, by
following more easily distinguishable party cues, may also
evince a low-dimensional structure but for different reasons
than the more sophisticated (Popkin 1994; Smidt 2017).
Whether they do, of course, is an empirical question.
METHODS
Complicating the dimensionality question is the tension in
existing research regarding the role of measurement error. In
light of the possibility that an individual’s response to a survey
question about public policy reflects at least some random
measurement error due to questionnaire design, wording, or
administration, it becomes important to distinguish answers to
survey questions (the indicator variables) from an individual’s
underlying actual preferences (Achen 1975; Ansolabehere
et al. 2008; Erikson 1979; Norpoth and Lodge 1985). Given the
dominant view of the survey response that it represents a
8. See also Ordeshook (1976). We thank an anonymous reviewer for
raising this point.

9. We use the terms “awareness,” “sophistication,” and “knowledge”
interchangeably to refer to how much people know, understand, and are
engaged with the political world. Others suggest a less consequential role
for political sophistication, arguing that accounting for measurement error
(Ansolabehere et al. 2008) or focusing on the structure-inducing effects of
values (Goren 2013) serves to level the playing field between low- and
high-sophistication citizens.
probabilistic draw from individuals’ underlying attitudinal
distributions (Zaller and Feldman 1992), basic statistical the-
ory and the theory of errors tell us that with sufficient draws
there will be asymptotical convergence on the truth. This helps
to explain the widespread success of summated scales in the
social sciences.

However, the proper way to aggregate stated policy prefer-
ences—answers to survey questions—into dimensional scales is
not obvious and may introduce other problems. For example,
Broockman (2016) explains how some favored techniques—
like simple averages across items or more sophisticated un-
folding or item response theory (IRT) models—might erro-
neously categorize people as holding moderate views, when in
fact they hold a set of extreme views that “cancel out” when
reducing high-level multidimensionality to low-level or unidi-
mensional scales. Moreover, researchers usually lack firm a
priori theoretical footing about the number and substantive
meaning of dimensions encapsulated by a set of survey items.
Questions concerning a particular policy domain may be over-
or underrepresented in a survey, and it may be ambiguous as
to whether a given issue should be used to construct a domain
scale.10 Further, the popularity of the two-parameter Bayesian
IRT model (Martin and Quin 2002) to measure attitude
structures may have inadvertently stymied research into the
multidimensional structure of mass policy preferences. This is
not to say that Bayesian IRT methods cannot estimate multi-
dimensional solutions (e.g., Treier and Hillygus 2009). But,
because identification is tricky and requires an increasing num-
ber of fixed constraints on the subject and/or item parame-
ters in higher-dimensional configurations, researchers usu-
ally opt for a unidimensional result a priori. Thismay obscure
interesting multidimensional structure in public opinion.

In this article, we use a novel approach that simultaneously
addresses both methodological problems—the presence of
mixed extreme preferences and the indeterminacy of the issue
mappings onto one or more latent policy dimensions—in
measuring the dimensionality of policy conflict in the mass
public. Specifically, we use multidimensional scaling (MDS) to
recover how people’s constellations of policy preferences are
organized.MDSprocedures produce a geometric representation
of observed (dis)similarities data. Observations are represented
as points, and the distances between points are proportional to
10. For instance, environmental policy touches on both economic and
cultural/postmaterialist concerns—should it be included alongside abor-
tion and LGBTQ rights questions when estimating a social/cultural policy
dimension? Is immigration a social issue or a racial one? These kinds of
questions cannot be answered with simple averaging. Of course, the same
indeterminacy problem exists in factor analysis and is addressed through
rotation.
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the observed level of dissimilarity between observations.11 That
is, similar observations will be placed in closer proximity while
dissimilar observations will be placed further apart in latent
Euclidean space of given dimensionality.

MDS has been used in a wide array of fields (including
psychology and psychometry, marketing, and physics) to
visualize and measure the underlying structure of a dataset
(Borg and Groenen 2005). The standard example is that of a
matrix of driving distances between cities. These data natu-
rally represent the level of dissimilarity between each pair of
cities, and MDS will produce a two-dimensional “map”
(where the dimensions represent geographic North-South
and East-West differences) that makes clear the relative
proximity between all of the cities. We can also think of this
process in terms of modeling the data-generating process
with use of a latent geometric space, in which differences
along two underlying dimensions (i.e., latitude and longitude)
give rise to the observed dissimilarities between observations.

For instance, imagine five respondents: a progressive (P), a
conservative (C), a libertarian (L), a moderate (M), and an
authoritarian (A, sometimes referred to as a communitarian).
These respondents provide a mix of left (0), right (1), and
centrist (0.5) responses to economic and cultural policy ques-
tions, as shown in figure 1A. Averaging their responses pro-
duces identical scores for the last three respondents (L,M, and
A) in spite of their differences (e.g., Broockman 2016). How-
ever, we can also organize the data in a symmetric disimilarities
matrix, in which cells represent the level of disagreement
between each pair of respondents. Doing so yields figure 1B.
MDS translates these dissimilarities into spatial (geometric)
distances, as in figure 1C.12 MDS perfectly reproduces the
sources of observed dissimilarities between respondents in
two-dimensional space, recovering the underlying sources of
disagreement (i.e., the economic and cultural dimensions)
even though it operates on the combined matrix in figure 1B.
As we discuss below, it is this flexibility that allows us to more
rigorously test the claim that citizens’ patterns of policy dis-
agreements are organized in low-dimensional space.

MDSmethods have a long lineage in political science dating
back to Weisberg and Rusk (1970), though never (to our
knowledge) using policy preference data (see Poole [2008] for
a review). Here, we use survey respondents’ answers to a series
of issue scales to generate an n# n dissimilarities matrix
11. The observed (dis)similarities are treated cardinally by metric
MDS and ordinally by nonmetric MDS.

12. Note that in two dimensions, the diagonal distances (e.g., between
C and L) will be

ffiffiffi
2

p
if the interior distances (e.g., between C and M) are 1.

Nonmetric MDS accounts for this by relaxing the interval-level assump-
tion between observed and reproduced data.

13. We use squared (Euclidian) distances rather than absolute (city
block or “Manhattan”) distances in eq. (1) both as a matter of convention
and because the Euclidian metric is more appropriate when individua
judgments are nonseparable (as the literature suggests is true of voters
political preferences; e.g., Lacy 2001; Stoetzer and Zittlau 2020). However
the estimated point configurations using squared and absolute distances
appear to be highly correlated, especially the first and second dimensions
(r ≥ 0:98).
(called D), where n is the number of respondents. The cell
entries (i.e., the dissimilarities) are the root sum of squared
differences (i.e., Euclidian distances) between each pair of
respondents over a series of q policy questions (with responses
scaled to run between 0 and 1).13
Figure 1. Illustration of the nonmetric multidimensional scaling (MDS) method
l
’

,
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That is, the entries of D are calculated as:

di;i0 p

 
o
q

jp1
(pij 2 pi0j)

2

!1=2

; ð1Þ

where pij is the stated preference of respondent i on item j
and pi0j is the stated preference of respondent i0 on item j.

Explicitly arranging and analyzing the data in terms of the
degree to which respondents disagree over policy matters
solves the problem of extreme responses canceling each other
out. As in the above example (fig. 1), scaling methods that
average across responses will place voters with mixed left-
right preferences (such as libertarians and authoritarians/
communitarians) at the same, middle position. With MDS,
however, the entry in D will indicate maximum disagree-
ment, and the method will attempt to maximize the distance
between these respondents.

Another strength of MDS is that it is agnostic about the
specific item-dimension mappings. Its only objective is to cap-
ture the largest sources of variance in the observed dissimilarities
data. The estimation process usually proceeds by estimating
configurations in 1, 2, . . . , S dimensions and selecting an s-
dimensional solution that balances model parsimony and
explanatory power.

The fit of MDSmodels is usually assessed in terms of Stress,
a badness-of-fit measure that represents the amount of dis-
tortion between the observed dissimilarities d and approxi-
mated distances d̂. Hence, higher Stress values correspond to
more ill-fitting point configurations. Over all pairs of re-
spondents i and i0, Stress is calculated as:

j1 p

 
oi!i 0(di;i 0 2 d̂ i;i 0)

2

oi!i 0(d
2
i;i 0)

!1=2

; ð2Þ

which avoids scale dependency by dividing the raw Stress by
the sumof the squared observed dissimilarities (i.e., normalizing
the raw Stress value in the numerator).14 Though Stress values
lack a natural metric for interpretation, a crude rule of thumb is
that values of 0.2 constitute “poor” solutions, 0.1 “fair” solu-
tions, and 0.05 “good” solutions. However, it is usually more
appropriate to assess Stress values by comparing them to
baseline values obtained from random permutations of the
data (Borg and Groenen 2005; Mair, Borg, and Rusch 2016).15
14. Because values of the quotient are usually quite small, eq. (2) takes
its square root. This is the first (and most widely used) version of the
Stress calculation, hence the subscript in j1 (Borg and Groenen 2005, 42).

15. Another advantage of MDS in this context is that it provides
individual-level fit statistics, as we can easily decompose eq. (2) to calculate
each respondent’s contribution to overall Stress. As detailed in app. L
(apps. A–L are available online), these Stress per point (SPP) values provide
a measure of each respondent’s fit in the estimated configuration (i.e., how
Organizing issue scale responses in this particular format
offers a final advantage. By explicitly representing these data in
terms of inter-respondent differences, we better capture the
relational nature of political competition. That is, preferences
may be viewed as the product of a process in which policy
linkages are learned by experience: ongoing evaluations of the
political world in terms of similarity and dissimilarity between
actors and objects (Sniderman 2017). By fitting an MDS model
to citizens’ patterns of disagreements, we more directly test the
characterization of the basic space in capturing “structural
descriptions of political differences between groups of positions”
(Hinich and Munger 1994, 128).

Overall, then, compared to existing methods employed to
assess, scale, and measure policy preferences, nonmetric MDS
provides a notably stronger test of the low-dimensionality hy-
pothesis. It avoids the common assumption that responses to
policy items are cumulatively structured, which is problematic
when locating respondents who hold a mix of extreme left- and
right-wing preferences (Broockman 2016). Because the non-
metric MDS procedure operates directly on the respondent-
by-respondent disagreement matrix, it is able to avoid mak-
ing such cumulative assertions on the data. This allows us to
obtain a more faithful representation of the complex webs of
policy disagreements in the mass public—one that implicitly
accommodates higher dimensions if they are manifest in the
response patterns.
DATA
We apply nonmetric MDS to analyze policy disagreement
patterns between respondents in the 2012 American National
Election Study (ANES).16 The 2012 ANES includes an espe-
cially large number (80) of issue questions that tap into a di-
verse array of policy controversies in American politics. We
later leverage this feature to compare the predictive power of
nonmetric MDS results based on random subsets of issues in
models of vote choice.

In the section “Model Fit by Dimensionality,” we use the
Stress values to assess overall and subgroup-specific model fit
in spaces of different dimensionalities. In addition to esti-
mating nonmetric MDS on the complete ANES dataset, we
also estimate separatemodels for thosewith low,medium, and
high levels of political sophistication.17 In order to provide a
well their configuration of policy disagreements can be geometrically rep-
resented in an s-dimensional abstract space).

16. We also analyze data from the Broockman (2016) data and the
2018 Cooperative Congressional Election Study (CCES). The results,
presented in app. E, closely mirror those from the 2012 ANES.

17. Political sophistication is measured using a summated scale of
24 correct/incorrect political knowledge items (Cronbach’s a p 0:9) to
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comparable null or baseline measure of fit, we perform non-
metric MDS on randomly permuted versions of the data.18

This provides a null hypothesis (H0) against which to assess
the fit (Stress) of ourmodel (Mair et al. 2016). Finally, we use a
series of Monte Carlo simulations to generate disagreement
matrices under known conditions (varying the level of error,
the dimensionality, and the salience weights attached to each
dimension) and estimate nonmetric MDS configurations for
each simulated matrix in 1 through 10 dimensions.19 This
allows us to compare the patterns of Stress values recovered
from the survey data with those obtained from a series of
hypothetical data-generating processes with known properties
(Spence and Graef 1974).

Following Kruskal and Wish (1978, 48), we should not rely
entirely on statistical (Stress-based) criteria to evaluate the di-
mensionality of voters’ policy preferences. When deciding on
the appropriate number of latent dimensions, we should also
consider external validity by examining relevant, out-of-sample
political attitudes and choices.20 A meaningful cognitive di-
mension is not just one that satisfies some statistical criterion of
improvement in model fit but is also interwoven with other
politically relevant attitudes.

To evaluate the dimensionality of voters’ policy preferences
on a substantive basis, in the section “Mappings between the
MDS Dimensions and Political Variables,” we use a technique
known as property vector fitting (PVF) to examine the rela-
tionship between the recovered dimension(s) and external
political variables (such as core value measures and feeling
thermometer ratings). PVF uses multiple linear regression to
project each external measure onto the respondent ideal point
configurations and use the mapping parameters (i.e., the b

regression coefficients) to assess the correspondence between
each external attitude or disposition and dimension from
nonmetricMDS (Jones andKoehly 1993). AlthoughMDS does
not estimate item-specific parameters (for instance, the dis-
crimination parameter in IRT models), PVF provides an al-
ternate strategy to substantively interpret the dimensions of the
latent space.
bin respondents into three equality sized (nonweighted) groups. Addi-
tional details are provided in app. B.

18. Specifically, we randomly shuffle values within each of the original
columns (i.e., survey items) and use these to construct the permuted
disagreement matrices (see, e.g., Jacoby and Armstrong 2014).

19. We also simulated datasets in which responses are generated
under the assumptions of normal (correlated and uncorrelated) and bi-
modal utility functions across the q policy items. Details and results for
these simulations are provided in app. F.

20. “Out-of-sample” here simply refers to variables (such as feeling
thermometer ratings and voting preferences) that were not used to con-
struct the disagreement matrix for nonmetric MDS.
Finally, in the section “Simulations of Ideal Points as
Predictors of Vote Choice,” we perform two sets of simulations
designed to test the power of a reduced set of basic space
dimensions from nonmetricMDS as predictors of vote choice.21

In the first set of simulations, we vary the number of dimensions
estimated from one to eight, using all 80 issue questions in the
2012 ANES. In the second set of simulations, we vary both the
number of items used to construct the disagreement matrix and
the number of dimensions estimated. Our goal is to assess how
well composite information from the set of policy items—that
is, estimates of respondent positions on the latent dimensions—
explains presidential vote choice. If voters are indeed operating
in a reduced policy space in their decision-making processes,
then only a small number of dimensions should be needed to
explain citizens’ voting choices. Moreover, if the relevant policy
information contained in the responses is largely redundant, we
should be able to estimate those dimensions using only a re-
duced set of items.

RESULTS
Model fit by dimensionality
We begin by examining model fit (using Stress values as our
criterion) for each of the estimated nonmetric MDS configu-
rations in the 2012 ANES. These values are displayed in the
scree plots in figure 2. The quantities of greatest interest to us
are the location of the “elbow” (the point at which the inclusion
of additional dimension provides only marginal improvement
in fit) and the difference in Stress values between the observed
and randomly permuted data.

What is immediately apparent in figure 2 is that the MDS
configurations of the observed policy disagreement data
(both overall and subset by level of political knowledge) have
smaller Stress values than those estimated from the ran-
domly permuted versions of the same data. In other words,
MDS provides a significant improvement in fit over the null
hypothesis that policy disagreements among citizens exhibit
no latent structure. We also find a steady gradation in Stress
values among people based on political knowledge, with low-
knowledge respondents possessing the highest Stress con-
figurations followed by medium- and then high-knowledge
respondents.22 In all three cases, the elbow occurs at either two
or three dimensions, though it is sharpest among respondents
21. In each of 100 trials, we draw with replacement a random set of
500 respondents with probability of selection equal to the survey weights.

22. In app. G, we show results from our Monte Carlo experiments that
generate issue responses under different assumptions about voter utility
functions and degree of correlation between issues. The MDS fit statistics
for the three observed datasets are most in line with data simulated under
the assumption that respondents possess utility functions that are nor-
mally distributed and correlated across issues.
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with high levels of political sophistication and becomes flatter
as we move to medium- and low-sophistication respondents.
Hence, the observed patterns suggest that we can characterize
voters’ policy disagreements as being organized in low- (≤ 3)
dimensional space.23 High-sophistication respondents’ policy
differences exhibit the most structure, but even those with
low sophistication show a significant difference from the
permuted data (i.e., null structure).24

We also take a reverse engineering approach to test the di-
mensionality of the data by using a simulation strategy intro-
duced by Spence and Graef (1974). As discussed above, this
involves randomly generating respondent-by-respondent dis-
agreement matrices under a variety of known conditions, es-
timating nonmetricMDS Stress values for those configurations,
and comparing the simulated Stress patterns to those from the
observed data. We vary three conditions in our simulations:
(1) the number of latent generating dimensions (between 1
and 10), (2) the salience or importance weights attached to
each dimension (equal, reciprocal, or exponential weights),
and (3) the level of error (between zero and ∞).25
23. Appendix L disaggregates Stress values by respondent, which
reveals very few instances where individual fit is meaningfully improved
by the inclusion of four or more dimensions.

24. Appendix J presents scree plots obtained when permuting the data
within each knowledge group. Particularly among respondents to the 2012
ANES, permutation produces virtually identical Stress values across
groups.

25. Additional details are provided in app. G. The reciprocal and expo-
nential weight conditions reduce the importance of higher dimensions by
contracting respondents along those dimensions. Under reciprocal weights,
distances between respondents on the sth dimension are multiplied by 1=s.
Under exponential weights, distances are multiplied by exp(2s1 1). Error
Figure 3 highlights the two patterns of simulated Stress
values that most closely track (based on sum of squared dif-
ferences) the observed Stress values from the 2012 ANES. In
both cases, the latent dimensionality of the simulated space is
high (six or eight dimensions). But critically, these simulations
also feature exponential weights (in the six-dimensional con-
figuration) and reciprocal weights (in the eight-dimensional
configuration). Both of these conditions greatly diminish the
importance of higher dimensions: for instance, the fourth
dimension is four (20) times less influential than the first
dimension in the reciprocal (exponential) conditions. If we
instead limit ourselves to the equal weight condition (i.e.,
conceive of the dimensions as representing equally important
sources of attitudinal constraint), we find that the closest
simulated patterns are generated from the two-dimension
(ε p 0:25) and three-dimension (ε p 0:1225) conditions.
Hence, the results provide further evidence that the low-
dimensional interpretation best characterizes public opinion.
At most, higher dimensions explain only a small fraction of
voters’ patterns of policy disagreements.
Mappings between the MDS dimensions
and political variables
The recovered low-dimensional point configurations appear to
be good fits to the policy disagreement data, but to what extent
do the estimated dimensions reflect contemporary political
Figure 2. Scree plots from nonmetric multidimensional scaling (MDS) of respondent policy disagreement matrices from the 2012 American National Election

Study (ANES). Shaded regions show 95% bootstrapped confidence intervals.
levels (ε) represent the variance of the Gaussian shocks added to the distances.
Infinite ε corresponds to a random permutation of the data (see Spence and
Graef 1974).



divisions? That is, do voters organize their policy differences in
the same space as they make other political choices? Figure 4
suggests that they do. It shows the estimated two-dimensional
MDS configurations of respondents divided by level of political
sophistication and colored by presidential vote choice. Across
levels of political sophistication, we see that the first dimension
separates Obama and Romney voters most acutely and that these
divisions are sharpest among politically sophisticated respon-
dents. The second dimension appears to offer minimal explan-
atory power in terms of vote choice for any knowledge group.

To further assess the meaning of the estimated MDS con-
figurations of voter positions, we next use property vector fitting
(PVF) to analyze the mapping of several external political
variables in the MDS space. These items were not used to con-
struct the policy disagreement matrices, but PVF allows us to
project them into the same space via linear regression. In this
case, we regress each external variable on respondents’ MDS
coordinates and use the estimated coefficients to measure the
partial associations between the dimensions and external items.26

Specifically, we use PVF to project two types of responses—
those to core value questions and feeling thermometer
ratings—into the 10-dimensional MDS space.27 Figure 5
shows the distribution of ordinary least squares (OLS) co-
efficients for each MDS dimension across the core values and
feeling thermometers. If the recovered scores reflect under-
26. Additional details and results are provided in app. H.
27. We repeat these regressions over 100 random samples of 500 re-

spondents from the 2012 ANES. In each trial, we store the absolute values
of the regression coefficients and set b p 0 if p 1 :05.
lying and meaningful attitudes (rather than simply serving as
useful summarymeasures of overall policy dispositions), they
should exhibit a strong association with value structures and
affective evaluations. Indeed, core values—as universal and
central components of human behavior—serve as a crucial
“bottom-up” constraining mechanism in the basic space
theory and provide a further test of the veracity of our the-
oretical framework.28

The results in figure 5 demonstrate that the forces struc-
turing citizens’ policy disagreements in low-dimensional space
share a close connection to major value and affective differ-
ences. Respondents’ first-dimension MDS scores are consis-
tently predictive of both their core value dispositions (especially
egalitarianism and moral traditionalism) and feeling thermom-
eter ratings (including ideological and nonideological groups).
The second MDS dimension is generally less relevant than the
first but nonetheless contributes additional explanatory power
across the three core values (especially authoritarianism) and is
most important in explaining affect toward (ir)religious groups
such as Christian fundamentalists and atheists.29 The role of the
third dimension is muted, though it appears to be weakly related
to authoritarianism and feelings about illegal immigrants.

Critically though, in assessing the dimensionality of MDS
space,figure 5uncovers no linkages between the external variables
Figure 3. Selected scree plots from nonmetric multidimensional scaling (MDS) of the main 2012 American National Election Study (ANES) respondent policy

disagreement matrix and the two closest simulated disagreement matrices. Shaded regions show 95% bootstrapped confidence intervals.
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28. We create standard indices of moral traditionalism (four items,
a p 0:70), egalitarianism (six items, Cronbach’s a p 0:78), and author-
itarianism (four items, a p 0:61) for the core value scales.

29. We subset the analysis by political knowledge groups and provide
results for additional feeling thermometers in app. H.



Figure 4. Respondent coordinates from nonmetric multidimensional scaling (MDS) of policy disagreement matrices; 2012 American National Election Study

(ANES) respondents, by political knowledge.
Figure 5. Property vector mappings of external core values (A) and group feeling thermometer ratings (B) onto 10-dimensional nonmetric multidimensional

scaling (MDS) configurations. The b coefficients estimated with OLS, using 100 bootstrap samples of 500 respondents. Mean R2 values shown.
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and any of the higher dimensions from MDS. Given that the
core value and affective measures represent a diverse array of
politically relevant dispositions, these results provide addi-
tional evidence that our MDS-based approach is recovering a
small number of meaningful attitudinal dimensions structur-
ing citizens’ patterns of policy disagreements.

Simulations of ideal points as predictors
of vote choice
As a final test of our theoretical expectations, we perform two
sets of Monte Carlo simulations that extract policy dimensions
from nonmetricMDS and use them to predict presidential vote
choice. Above, we found that a policy space of three or fewer
dimensions proved sufficient to model the basic structure of
most citizens’ policy disagreements. In these tests, we further
consider the possibility that higher dimensions are nonetheless
meaningful drivers of individual voting behavior.

In the first set of simulations, we use nonmetric MDS to es-
timate one to eight dimensions on policy disagreement matrices
constructed from bootstrapped samples of 500 respondents. We
then include the MDS scores (alongside standard demographic
controls; though omitting party identification) to model presi-
dential vote choice with a probit regression model, using the
AUC value as ourmeasure ofmodel fit.30 Here, we are interested
in locating the point at which additional dimensions provide
only marginal improvement in voting behavior model fit. The
30. AUC (area under the receiver-operator characteristic curve) is a
widely used fit statistic in discrete choice models. Unlike accuracy, it
measures the model’s discriminatory power in predicting outcomes (in
this case, Obama and Romney voters) across a range of classification
thresholds other than 0.5. Additional details are provided in app. A.
second test uses this same design but also varies the number of
policy items. That is, we randomly select a subset of issues from
the full set of issue questions to estimate theMDS dimensions. If
all or most issues tap into the same basic space, then only a
subset should be needed to explain the policy-based component
of vote choice.

The results are displayed in figures 6 and 7. Both show that a
single policy dimension is nearly sufficient to explain the vot-
ing behavior of low- and medium-sophistication respondents
and entirely sufficient to explain the voting behavior of high-
sophistication respondents. In no case do more than two or
three dimensions meaningfully improve model fit.31 Of course,
this does not mean that the inclusion of one or two dimensions
will perfectly predict vote choice—policy considerations are,
after all, tangential for many voters. Rather, our emphasis is on
the finding that additional dimensions that extend the basic
space are not capturing variance meaningfully related to
voting behavior.

Figure 7 provides further support for this argument. Here,
we find that using only 10 random issue questions is usually
adequate to estimate behaviorally consequential dimensions.32

Regardless of the number of issue responses included, two-
dimensional MDS configurations modestly outperform one-
dimensional configurations, while the improvement provided
Figure 6. Presidential vote model fit by dimensionality of nonmetric multidimensional scaling (MDS) configuration, 2012 American National Election Study

(ANES). Shaded regions show 95% bootstrapped confidence intervals. Models include controls for race, gender, church attendance, age, education, and

income. AUC (area under the receiver-operator characteristic curve) value for controls-only model is 0.8.
31. We do find a gradual increase in AUC values offered by estimating
higher-dimensional MDS configuration among low-sophistication respondents,
though this improvement is marginal and not statistically significant at con-
ventional levels.

32. Appendix J disaggregates the results by political sophistication.
While adding issues provides the most dramatic improvement in fit
among medium sophistication respondents, the increase is negligible.



by a third dimension is marginal. There is a faint indication
that the difference infit between the one- and two-dimensional
models increases alongside the number of issue questions se-
lected (presumably, as the samples capture a more diverse set
of policy attitudes). But, as in figure 6, we find scant evidence
for exotic high-dimensional policy influences on vote choice.33

DISCUSSION

When voters can expertly judge every detail of every
stand taken and relate it directly to their own views of the
good society, they are interested only in issues, not in
philosophies. . . . Uncertainty alters this whole situation
by removing the voters’ perfect competence at relating
every party decision to their own ideologies. Voters do
not know in great detail what the decisions of the gov-
ernment are, and they cannot find out except at a sig-
nificant cost. . . . Under these conditions, many a voter
finds party ideologies useful because they remove the
33. These experiments are designed to test the validity of the low-
dimensional hypothesis in explaining voting behavior and get a practical
sense of the number of survey items necessary to capture the behaviorally
consequential basic dimension(s). However, they also highlight the challenge
of substantively interpreting the dimensions recovered by MDS. Besides ap-
plying the property vector fitting (PVF) technique (as above), researchers
might consider using MDS in tandem with scaling methods that directly es-
timate item-level parameters (such as item response theory and factor analytic
models) to supplement interpretation of the latent space.
necessity of his relating every issue to his own philoso-
phy. (Downs 1957, 98)

Downs’s seminal work stands like a monolith in studies
of policy voting, but one of its key insights about the role of
issues in voters’ political universes has nonetheless gone un-
derappreciated. His spatial model makes clear we should not
expect citizens to vote on the basis of exhaustive, issue-by-issue
comparisons. Indeed, as confirmed by countless empirical
studies of public opinion since, we should not even expect
voters to hold coherent attitudes onmost specific issues. Rather,
the centralmechanism of theDownsianmodel is an underlying
dimension that binds parties to abstract societal goals. This is
the space that most citizens use to understand politics and
evaluate parties and candidates. The basic space theory expands
and formalizes this understanding of how citizens engage in
policy voting. Specifically, it emphasizes the role of political
elites in creating mappings between the two spaces. These
linkages are defined and reinforced by political competition in a
path-dependent process: “the product of the accumulated ex-
perience citizens have with the political system” (Hinich and
Munger 1994, 165). The basic space theory is consistent with
work from behavioral economics and cognitive psychology
emphasizing our proclivity to store and process information
using heuristics and spatial organization.

We assess the basic space theory’s applicability to the
structure of public opinion with a novel approach based on
nonmetric multidimensional scaling (MDS). Ourmethodology
flexibly considers the way citizens organize their disagreements
Figure 7. Presidential vote model fit by number of issues included in nonmetric multidimensional scaling (MDS), 2012 American National Election Study

(ANES). Shaded regions show 95% bootstrapped confidence intervals. Models include controls for race, gender, church attendance, age, education, and

income. AUC (area under the receiver-operator characteristic curve) value for controls-only model is 0.8.
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about policy matters, thereby providing a more rigorous test
of the low-dimensionality hypothesis. In doing so, it also
addresses the important critique of the now-standard dimen-
sional analyses of policy preferences raised by Broockman
(2016) concerning voters with conflicting, extreme views.

Two influential approaches to the dimensionality question—
one that rejects the existence of widespread structure in mass
policy preferences and the other that conceives of such
preferences as positions in high-dimensional space—provide
unrealistic models of how voters navigate the political world.
To the extent that citizens’ policy disagreements are structured,
it is along a small number of intertwined basic dimensions.
The inclusion of more than three dimensions provides only
trivial improvements in fit.34 Even though the MDS procedure
is agnostic about the source(s) of disagreements across issues,
we nonetheless recover a clear left-right dimension.

For most of the electorate, a basic policy space is behav-
iorally predictive and sufficient to capture the systematic
component of their policy attitudes. This is especially true
among citizens with moderate and high levels of political so-
phistication. To clarify, we do not mean to suggest that voters’
policy attitudes exhibit perfect or even high levels of constraint
but, rather, we simply fail to find patterns that would seriously
invalidate the use of aggregate policy scales. From a method-
ological perspective, this implies that scales and indices are
useful measurement tools for the vast majority of citizens.
Scaling-based estimates—whether from factor analysis, IRT
models, or simple summated scales—are successful because
they combine insights frommeasurement theory as well as the
basic space theory to derive estimates of voter positions in a
simplified cognitive space. This basic space consists of a small
number of correlated dimensions and it—rather than the ac-
tion space defined by the full universe of policy conflicts—
structures citizens’ issue attitudes, drives the policy component
of voting behavior, and reflects affective and value dispositions.

At the same time, to the extent that an underlying structure
is evident in the policy preferences of ordinary citizens, the
method for uncovering it used here (and those used elsewhere)
does not reveal the explanation for that structure. Especially in a
period when party differences have grown considerably, simi-
larities across people with different levels of political sophisti-
cation may be evident. The less attentive to politics may nev-
ertheless receive sufficiently clear party signals that result in a
lower dimensional structure than would otherwise be evident
(Popkin 1994; Smidt 2017). This may have had the effect of
producing greater similarity with the more informed whose
34. The results also suggest that individuals of the type Broockman
(2016) theorizes are generally uncommon.
structure may be based less on party cues and more on actual
ideology.

Looking forward, there are some promising avenues for
future research. For one, in this study we have not analyzed the
Stress per point (SPP) values as a measure of individual voters’
fits to the MDS model. Future work could make greater use of
SPP values, including validating their measurement properties
and leveraging them to examine heterogeneity in mass attitude
structures.35 In this vein, individual differences scaling could
also be used to identify variation in the relative importance of
the recovered dimensions among subgroups of voters.36 Ad-
ditionally, Broockman’s (2016) argument that standard scaling
procedures may conflate moderation with mixed-extreme
views does not only apply to the mass public. Given the use of
these models for locating a host of actors—including members
of Congress, judges, the president, and political parties and
candidates—a key extension of the work we have done here
would be to employ MDS to analyze these and other political
stimuli. Because MDS allows attitude structures to be observed
without imposing any assumptions that make it more or less
likely, it is an extremely valuable method for assessing whether
a host of political institutions and actors are organized in the
way we have come to think they are.
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