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Inferring Ideological Ambiguity from Survey
Data

Arturas Rozenas

Keywords Ideological placement · Ambiguity · Bayesian · Latent variables ·
Missing data

1 Introduction

It has become conventional wisdom to think of electoral competition in terms of par-
ties taking positions on policy issues and voters choosing their representatives based
on those positions. Quite often, however, instead of communicating clear platforms,
politicians make contradicting policy statements, remain ambiguous about details
or avoid talking about issues altogether. For example, Mitt Romney, a presiden-
tial candidate in the U.S. 2012 elections, has been constantly accused of remaining
too vague on key policy issues.1 In the 2008 presidential campaign, Barack Obama
promised to withdraw the U.S. troops from Iraq within 16 months whereas John Mc-
Cain proposed far more ambiguous plan to remain in Iraq for “up to 100 years.”2

To explain ideological ambiguity, spatial theorists have referred to risk-attitudes
of the voters (Shepsle 1972), the desire of politicians to avoid divisive issues (Page
1976), context-dependence of voting decisions (Callander and Wilson 2008), uncer-
tainty of the candidates(Glazer 1990), or strategic benefits of not committing to a
certain platform (Alesina and Cukierman 1990; Aldrich 1995). Empirical research,
on the other hand, focused mostly on voting behavior finding that accounting for
ideological ambiguity improves predictions of the standard spatial voting models
(Alvarez 1997; Bartels 1986; Campbell 1983a,b; Tomz and van Houweling 2009).

These examples suggest theoretical and empirical reasons to treat policy plat-
forms not as points but as probability distributions over policy space. Indeed, the

1For example, “Where are Mitt Romney’s details?”, by Scott Lehigh, Boston Globe, June 27, 2012.
2‘Obama Fuels Pullout Debate With Remarks’, New York Times, July 4, 2008.
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notion of policy platforms as points has a very limited reach. For example, it cannot
be applied to study policy positions of decentralized political parties involving a va-
riety of activists with diverse policy preferences (Aldrich 1983; Miller and Schofield
2003). Another case concerns developing democracies, where, for many reasons,
parties are known to lack defined ideological positions (Evans and Whitefield 2000;
Kitschelt et al. 1999; Mainwaring 1995; Scully 1995). If policy positions are defined
as points, it is not clear what it means for a party or a candidate not to have a posi-
tion. Conceptualizing policy position as a probability distribution provides a more
general approach to empirical study of party competition: a “no position” platform
can be described by a highly dispersed distribution whereas a platform as a point
can be defined as a distribution with a vanishingly small dispersion.

Although there are multiple reasons to study ideological ambiguity, efficient tools
to measure this quantity are lacking. The existing scholarship on the measurement of
policy positions operates under the assumption that these positions are points, often
even referred to as ‘ideal points’ (Ansolabehere et al. 2001; Clinton et al. 2004;
Laver et al. 2003; Martin and Quinn 2002). This paper presents a statistical model
to estimate ideological ambiguity from survey data (e.g., opinion polls or expert
surveys)—the kind of data that is widely available in terms of temporal depth and
geographical width.

2 Survey Data and Ambiguity Measurement

The existing literature offers two approaches for measuring ideological ambiguity.
The first approach uses direct measures by asking respondents to report their uncer-
tainty about the position of a given candidate (Alvarez 1997) or by asking them to
place political actors on a scale in a form of an interval rather than a point (Tomz
and van Houweling 2009). Unfortunately, such surveys are rare making it difficult
to use these approaches for a systematic study of ideological ambiguity, especially
in a cross-national context.

Another approach is to use indirect methods where ambiguity is inferred either
from disagreement among the respondents (Campbell 1983a,b) or from the patterns
in the missing survey data (Bartels 1986). These indirect methods can be applied
to many data sets, which ask citizens or political experts to place political parties
on a policy scale. However, a naive application of these approaches is wanting, as I
discuss now.

2.1 Interpreting Respondent Disagreement

Every survey where respondents are asked to place political candidates on issue
scales generates variation in judgments. It appears intuitive to use the sample stan-
dard deviation of the placements σ̂ as an estimate of a party’s ideological ambiguity
as suggested by Campbell (1983a,b). However, the intuition is flawed on several lev-
els. First, a high degree of disagreement between the respondents (and hence high σ̂ )
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Fig. 1 Sample mean and
standard deviation in Benoit
and Laver (2006) expert data

may indicate the lack of information on the part of respondents (Marks et al. 2007)
or an intrinsic ambiguity of a party’s policy position Campbell (1983a,b). Thus, to
correctly estimate ideological ambiguity, we have to disentangle the respondent-
level and party-level effects on the observed respondent disagreement.

Second, respondent disagreement might occur due to the scale-heterogeneity ef-
fect: even if a party is not ambiguous and respondents are well-informed, they might
provide conflicting placements due to different interpretation of the measurement
scale. Treating disagreement among respondents without proper adjustments for the
scaling effects can result in faulty inference about ideological ambiguity.

The third flaw of σ̂ as the estimator of ideological ambiguity stems from the
ordinal nature of placement scales. Since the respondents are almost universally
required to place parties on an ordinal scale, the measurement procedure induces
dependence between the sample mean, μ̂, and the sample standard deviation, σ̂ . It
is easily demonstrated that for an M category measurement scale, σ̂ ≤√μ̂(M − μ̂).
Therefore, parties with extreme positions will necessarily be evaluated as less am-
biguous simply due to the mathematical properties of the estimators μ̂ and σ̂ . In-
deed, this pattern is well represented in the real data on party positions in Fig. 1. The
quadratic pattern in Fig. 1 could represent the ‘true’ relationship between positions
of candidates and their ambiguity, or it can merely be an artifact of the measurement
model; if we use σ̂ as our estimate of ambiguity, we simply cannot evaluate which
is the case.

2.2 Interpreting Missing Values

A different approach to ambiguity measurement is offered by Bartels (1986), who
suggests that respondents are more likely not to place a party on a policy scale if
they are uncertain about its platform. In Bartels’ model, the source of uncertainty is
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Table 1 An example of missing data pattern from Benoit and Laver (2006) expert survey

Expert/Party PAD PBDNJ PD PDr PLL PR PS PSD

1 NA 9 12 13 14 13 7 8

2 18 19 14 17 NA 16 11 10

3 18 13 16 15 NA 19 3 1

4 NA 2 2 2 NA 2 2 2

5 NA 14 14 14 NA 14 14 14

6 NA NA 12 NA NA NA 9 NA

7 NA 10 14 16 NA 13 8 4

8 NA 8 17 13 18 16 3 7

9 7 10 9 12 NA 5 2 NA

10 8 3 14 12 NA 15 5 7

11 NA 8 12 NA NA 18 5 16

12 NA 12 15 16 NA 16 9 11

13 NA 3 6 10 NA 6 7 4

14 NA 6 15 16 NA 18 3 5

15 NA 5 5 5 NA 7 4 3

16 NA 5 15 15 NA 15 3 3

respondents’ personal characteristics like education or exposure to media. One can
extend this idea further and argue that the uncertainty about platforms may have to
do not only with the respondent-level knowledge but also with the ambiguity of the
platform that is being evaluated.

Table 1 shows an excerpt of expert-data on Albanian political parties from the
expert survey in Benoit and Laver (2006). Evidently, there are party-specific and
expert-specific effects in the non-response rates: PAD and PLL are the two parties
with high non-response rates and experts 6 and 11 appear to be the least knowledge-
able. It is reasonable to assume that PAD and PLL have such high non-response
rates because they are ambiguous about the given policy—the parties either did not
make any public statements on the policy or the statements they made varied greatly
in their content.

In sum, the discussion suggests that a proper method for estimating ideolog-
ical ambiguity should (1) adjust for the scale-heterogeneity effects, (2) separate
the respondent- and party-level effects on observed respondent disagreement, and
(3) exploit the patterns in missing data as an additional source of information on
ideological ambiguity.

3 A Model

Suppose that data provided by respondents i = 1, . . . ,N on parties j = 1, . . . , J

are generated in a two-step process. In the first stage, respondents perceive a ‘true’
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position of each party on some given issue-scale. Since we define party positions to
be probability distributions, we treat each such perception as a random draw from
that probability distribution.3

In the second stage, the respondent has to report his/her observed value on some
ordinal measurement scale. The key issue here is that respondents might differ in
their interpretation of the measurement scale. To account for that, I follow the frame-
work by Aldrich and Mckelvey (1977) and assume that each respondent’s reported
placement is an affine transformation of his/her latent perception. Formally, suppose
that the measurement scale has M points and let C = {cm : m = 1, . . . ,M} be an or-
dered set of cut-off points with c1 = −∞ and cM = ∞. Let z∗

ij denote unobserved
latent perception of party’s j platform by respondent i. The latent policy positions
are defined as Gaussian probability distribution functions:

z∗
ij ∼ N

(
μj ,σ

2
j

)
, (1)

yij = m iff cm < ψiz
∗
j + τi ≤ cm+1 (2)

where τi and ψi are expert-specific location and scale parameters accounting for
scale heterogeneity. A respondent with a low ψi tends to place parties closer to each
other than a respondent with high ψi . Similarly, a respondent with a high τi tends
to place parties on the right side of the scale relative to a respondent with low τi .

Alternatively, one could specify a common location and scale parameter and al-
low each respondent to have an idiosyncratic cut-off point, similar to Johnson and
Albert (1999) and Clinton and Lewis (2007). For an M point scale, this alterna-
tive approach introduces N(M − 1) respondent-level parameters. In comparison,
the model in (5)–(6) has only 2N respondent-level parameters. Given that the num-
ber of parties in any survey is typically small and M is large, a more parsimonious
model is preferred.

The model in (1)–(2) can be seen as an extension of some widely used ordinal
data models. It represents cross-classified (rather than nested) hierarchical model
(Zaslavsky 2003, p. 341). When ψi = 1 and σj = 1 for all i and j , we would have
the usual random-effects linear model coupled with ordinal data. For σ 2

j = σ for

all j , the model results in the scaling model by Aldrich and Mckelvey (1977).4

Finally, when σ 2
j = 1 for each j , the model resembles the multiple-rater model

as presented in Johnson and Albert (1999, Chap. 5) and applied to expert data by
Clinton and Lewis (2007). In contrast to these alternatives, we allow σj ’s and ψi ’s
to vary across parties and respondents respectively.

Since the policy space is defined only up to an affine transformation, Aldrich and
Mckelvey (1977) suggest to constrain the estimates of μ to have zero mean and unit

3For example, such interpretation of respondent opinions has been used in the risk analysis litera-
ture (Huyse and Thacker 2004).
4Palfrey and Poole (1987) analyzed how assumption of heterogeneous variance affects inference
about μ but did not address how σ should be estimated.
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standard deviation. These constraints turn out to be insufficient to identify the model
in (1)–(2). The following restrictions are imposed instead:

μj ∈ [c1 − δ, cM−1 + δ] for j = 1, . . . , J, (3)

N∑

i=1

τi = 0 and
N∑

i=1

ψ2
i = 1 for i = 1, . . . ,N. (4)

Here, δ is a hyper-parameter estimated in the model. Finally, we assume that the cut-
off points are fixed at equal intervals between −1 and 1 (any other interval would
do as well). Since policy space is defined only up to affine transformation, these
constraints do not result in loss of information.

3.1 Model for Missing Data

The model can be extended to exploit the patterns in the missing data (NA re-
sponses) as an additional source of information about the ideological ambiguity.
In particular, I assume that if a party is perceived to be very ambiguous and/or if a
respondent is not knowledgeable, one is more likely to observe an NA answer. Thus,
in the terminology of Little and Rubin (1987), we assume that the missing data are
non-ignorable. For convenience, let zij = ψiz

∗
j + τi . Also let rij = 1 if data entry yij

is missing and rij = 0 otherwise. The model for the observed data can be written as

zij ∼N
(
ψiμj + τi,ψ

2
i σ 2

j

)
, (5)

yij =
{

m if cm < zij ≤ cm+1 and rij = 0
NA if rij = 1,

(6)

Pr(rij = 1) = �
(
α0 + α1σjψi

)
. (7)

Notice, first, that if a respondent is not highly knowledgeable (high ψi ) or a
party is ambiguous (high σj ), or both, the answers will exhibit high variation. Sec-
ond, zij ’s that are drawn from distributions with low standard deviation (low ψiσj )
are less likely to be reported as NA’s, as implied by the missingness model in (7).
Here, � is a standard normal distribution function, resulting in a probit model. By
making missingness dependent both on σj and ψi we allow for data distributions
where some parties and/or some respondents tend to have more missing values than
others. Parameter α1 measures how much missingness in the data depends on the
respondent-level scale ψi and party-level ambiguity σj .

3.2 Prior Distributions

The model is completed by specifying prior distributions. If a cross-national sur-
vey is used, one can specify hierarchical priors where some party-level parameters
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depend upon country-level hyper-parameters. Let k = 1, . . . ,K denote a country in
which the survey is taken. The mean ideological positions μjk are assumed a priori
to follow truncated normal distributions so that

μjk|δ ∼ N (0, ημ)1
[
μjk ∈ (c1 − δ, cM−1 + δ)

]
, (8)

ln(δ) ∼ N (ci+1 − ci, vδ). (9)

We set ημ = 100 resulting in a vague but proper prior distribution. The hyper-
parameter δ is a priori set to have a log-normal distribution with mean equal to
the distance between any two cut-off points. We set vδ = 1, resulting in identifiable
and yet highly flexible model: under this specification, we have 0.44 prior probabil-
ity that the most extreme party is two units (one-fifth of the scale) away from the
smallest or largest cut-off point. For the remaining parameters, we set

σ 2
jk|bk ∼ Inv-Gamma

(
a, (a − 1)bk

)
, (10)

bk ∼ Gamma(ε, ε), (11)

ψik ∼ U
( 1

2 ,2
)
, (12)

τik ∼ N (0,1). (13)

In (10), the shape and scale of the inverse gamma distribution is fixed so that the
E(σ 2

jk) = bk . Setting a = 4 yields a priori variance of b2
k/2. Letting ε be a small

number (e.g., 0.1), yields a prior on bk with large variance; thus, the priors end up
having a negligible effect on the estimates. The hierarchical priors induce adaptive
shrinkage: the estimates of ideological ambiguity in a country k are shrunken to-
wards the common mean bk . The statistical advantages of the hierarchical shrinkage
are well-documented in the literature (Gelman et al. 2003).

Further, under priors in (12), each respondent can expand or shrink the perceptual
space at most by a factor of two. Notice that as ψi → 0, the distribution of zij

collapses to a degenerate distribution with the mass at τi . This implies that, for ψi

near zero, a respondent would place all parties on the same point. Similarly, if ψi is
very large, a respondent places all parties on the opposite extremes of the scale.
Since both of these alternatives are not common, we constraint ψi ’s to the specified
interval.

Relative to the scale of cut-off points, the prior distribution of τi in (13) also
allows sizable idiosyncratic location shifts. Lastly, the selection model parameters
α0 and α1 are assumed to follow normal distributions with 0 mean and variance
of 100 (a higher variance reduces the speed of convergence without affecting the
results).

4 Parameter Estimation

The model is estimated using Markov Chain Monte Carlo (MCMC) methods using
Gibbs sampling approach (Gelfand and Smith 1990). Let Nk and Jk denote the num-
ber of respondents and number of parties in country k respectively. Let Njk denote
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the set of respondents in country k who have placed party j on the scale (Nk − Njk

is the number of NA answers for party j in country k). Let y = (yobs,ymis), where
yobs is observed and ymis is missing data respectively and let z and r denote a vector
of latent perceptions zijk and missing data indicators rijk respectively. For brevity, let
θ denote all parameters of the model. The joint distribution of y, z and r is

π(y,z, r|θ) = π(yobs,ymis,z|r, θ)π(r|θ). (14)

This factorizations yields a pattern-mixture model with shared parameters (Little
1993). In this model, there is a set of common parameters affecting both the distri-
bution of data y and missingness pattern in r . In the model of missingness given
in (7), the distribution of r depends on the vectors of ambiguity and uncertainty
parameters σ and ψ and the coefficient vector α = (α0, α1). Note that this model
differs from selection models of missing data where the distribution of r depends
on yobs and ymis but not on the data model parameters. The model for the observed
data is derived by integrating out the missing data from the complete data model, so
that

π(yobs,z, r|θ) =
∫

π(yobs,ymis,z|r,μ,σ ,τ ,ψ)π(r|σ ,ψ,α)dymis

= π(yobs|r,μ,σ ,τ ,ψ)π(r|σ ,ψ,α). (15)

This yields the complete data likelihood, which is a product of two likelihoods—one
for observed data and one for missing data:

L(y, z, r; θ) ∝
K∏

k=1

∏

i∈Njk

Jk∏

j=1

π(yijk, zijk|μjk, τik, σjk,ψik)

×
K∏

k=1

Nk∏

i=1

Jk∏

j=1

π(rijk|σjk,ψik,α). (16)

Using previously specified prior distributions, the full conditionals for most of
the parameters in the model have known distributional form. Specifically, the Gibbs
sampler iterates between the following blocks:

1. Sample latent perceptions zijk conditional on the observed data yijk and all pa-
rameters of the model:

zijk|yijk, · ∼N
(
μjkψik + τik,ψ

2
ikσ

2
jk

)
1(cyijk < zijk ≤ cyijk+1).

2. Given the latent variables z, the remaining full conditionals do not depend on the
ordinal data y. The means of the platforms are sampled as follows:

μjk|zjk, · ∼N
(
Sjk/Djk, σ

2
jk/Djk

)
1(c1 − δ < μjk < cM−1 + δ),
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where Sjk =∑ik(zijk − τik)/ψik and Djk = Njk + σ 2
jk/ημ. The respondent lo-

cation parameters are sampled as follows:

τik|· ∼ N
(∑

j (zijk − ψikμjk)/σ
2
jk

∑
jk σ−2

jk + ψ2
ik

,
ψ2

ik∑
jk σ−2

jk + ψ2
ik

)

.

3. Full conditionals for σ and ψ do not have a recognizable form, thus Metropolis-
Hastings algorithm is employed. The log-posterior of σ 2

j is proportional to

lnπ
(
σ 2

j |z,μ, τ,ψ,ak,α
)∝ − (Njk/2 + 3) lnσ 2

jk − σ−2
jk

(
Sjk/2ψ2

ik + bk

)

+
∑

i∈Nk

rijk lnpijk + (1 − rijk) ln(1 − pijk),

where pijk = �(α0 + α1φjkσjk) and Sjk =∑i∈Njk
(zijk − ψikμjk − τik)

2. The

log-posterior for ψ2 has a similar form:

lnπ
(
ψ2

ik|z,μ,σ, τ
)∝ − (Jik/2 + 1/2) lnψ2

ik + S1/ψ
2
ik − S2/ψik

+
∑

i∈Nk

rijk lnpijk + (1 − rijk) ln(1 − pijk),

where S1 = .5
∑

jk(zijk − τik)
2σ−2

jk and S2 =∑jk(zijk − τik)μjkσ
−2
jk . Proposal

values σ
2(t)
jk are sampled from the inverse gamma with shape λ and scale

(λ − 1)σ
2(t−1)
jk . Here, λ is the tuning parameter that set to achieve an acceptance

rate between 30 and 50 %.
4. ln(δ) is sampled from the left-truncated normal distribution with mean ci+1 − ci ,

unit variance and lower bound equal to ln(max{μjk} − cM−1). The conditional
distribution for the hyper-parameter bk is gamma with scale 2Jk + ε and rate
(a − 1)

∑
j σ−2

j + 1/ε.
5. The coefficients in the missing data model, α0 and α1, are sampled using the

standard data augmentation method by Albert and Chib (1993).

To implement the identification constraints in (4), after each block of iterations,
each ψik is divided by the country average of ψik’s; similarly, from each τik the
country average of τik’s is subtracted. This procedure is similar to hierarchical cen-
tering by “sweeping” and is known to improve the convergence of MCMC algo-
rithms in weakly identified models (Robert and Casella 2004, p. 397). The conver-
gence can be monitored using the standard tools, as, for example, Geweke (1992) or
Heidelberger and Welch (1983) diagnostics.

5 Application: Ideological Ambiguity and Electoral Performance

We apply our model to the expert data by Benoit and Laver (2006). The survey
was conducted in 48 countries with about 8 parties and 30 experts per country on
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average. The analyzed dataset contains 10,603 entries with about 9 % of missing
values, 364 parties, and 1493 experts. Our goal is to investigate whether a party’s
ambiguity on the issue of taxation and provision of public services is related to its
ideological extremism and vote-share in the last elections.

In the survey, the experts were asked to place political parties on the 20 point
scale with the end-points defined as follows:

[1] Party promotes raising taxes to increase public services.
[20] Party promotes cutting public services to cut taxes.

The posterior estimates of σ from the proposed model are very different from the
naive sample standard deviation, with correlation of only 36 percent. The posterior
mean of the missing data mechanism parameter α1 is 0.245 with the standard devia-
tion of 0.014 indicating that the missingness of the data is related to the ambiguity of
party positions and the uncertainty of experts. Together this serves as the evidence
that (1) the sample standard deviation would yield an incorrect measure of ideologi-
cal ambiguity if the assumed data generating model is valid and that (2) the patterns
in missing data do provide additional information about the ideological ambiguity
and respondent uncertainty.

Using direct measures of ideological ambiguity and voters’ uncertainty, the pre-
vious literature has found that ambiguity is related to voting behavior (Alvarez 1997;
Tomz and van Houweling 2009). Therefore, ideological ambiguity should also be
also related to a party’s electoral performance. In case the model provides correct
estimates of ideological ambiguity, one should observe a relationship between the
posterior estimates of ideological ambiguity and vote-shares of political parties. Fur-
thermore, if the sample standard deviation σ̂ is not a valid measure of ideological
ambiguity (as was suggested earlier), the correlation between σ̂ and the parties’
electoral performance should be low.

After computing the posterior distributions of σjk’s for all parties in the dataset,
the following model is estimated:

T (vjk) = β0 + β1|μjk − μ| + β2
1

1 + σjk

+ εjk, (17)

where vjk is a vote-share of party j in country k, T (·) is a Box-Cox transforma-
tion, and μ is the estimated empirical center of party platforms. The coefficients β1
and β2 represent the effect of ideological extremism and ideological precision (the
inverse of the ideological ambiguity) respectively.

The model in (17) is estimated in three settings. In the first setting, I use the
sample mean μ̂ and standard deviation σ̂ in place of μ and σ in (17). In the second
setting, the mean posterior estimates E(μ|y) and E(σ |y) derived from the latent
hierarchical model are used in place of μ̂ and σ̂ . Both of the above models do not
take into account the fact that the covariates (μ̂, σ̂ ) and (E(μ|y),E(σ |y)) are only
estimates that are measured with error, not fixed values. Ignoring, the presence of
the measurement error in the covariates might lead to invalid inference about the
regression parameters in model (17).


