
Advance Access publication September 14, 2011 Political Analysis(2011) 19:471−487
doi:10.1093/pan/mpr028

Applesand Oranges? The Problem of Equivalence
in Comparative Research

Daniel Stegmueller

Nuffield College, University of Oxford, New Road, Oxford, OX1 1NF, United Kingdom,
and School of Social Sciences, University of Mannheim, Germany

e-mail: mail@daniel-stegmueller.com

Researchers in comparative research are increasingly relying on individual level data to test theories in-
volving unobservable constructs like attitudes and preferences. Estimation is carried out using large-scale
cross-national survey data providing responses from individuals living in widely varying contexts. This strat-
egy rests on the assumption of equivalence, that is, no systematic distortion in response behavior of in-
dividuals from different countries exists. However, this assumption is frequently violated with rather grave
consequences for comparability and interpretation. I present a multilevel mixture ordinal item response
model with item bias effects that is able to establish equivalence. It corrects for systematic measurement
error induced by unobserved country heterogeneity, and it allows for the simultaneous estimation of struc-
tural parameters of interest.

1 Introduction

Theavailability of large-scale cross-national surveys (like Eurobarometer, European Social Survey, Inter-
national Social Survey Programme, and World Values Survey) has lead to a steady increase in comparative
social research. Comparative researchers are now able to simultaneously examine individual attitudes and
preferences in a large number of countries. This allows us to test general theories in as many contexts as
possible (King et al. 1994) and to examine interesting macro-micro relationships. However, this enterprise
will only be successful if the survey questions used are comparable, orequivalent, between countries.

Therefore, researchers examining topics as diverse as attitudes towards immigration (e.g.,O’Rourke
and Sinnott 2006), ethnic and social tolerance (Weldon 2006), social and political trust (e.g.,Delhey
and Newton 2005;Hooghe et al. 2009), public opinion on European integration (Hooghe and Marks
2004), as well as redistribution (among many,Iversen and Soskice 2001; Cusack et al. 2005;Scheve
and Stasavage 2006) and trade preferences (Rodrik and Mayda 2005) face a similar problem: have they
obtained meaningful results or are they comparing apples and oranges?1 Most researchersare aware of the
problem and acknowledge the existence of country heterogeneity in attitudes and preferences and usually
opt for multilevel models (Steenbergen and Jones 2002) to capture country differences. But what is usually
ignored is the possibility of systematic country-item bias—differences in response behavior that are not
due to true attitudinal differences but the result of country-specific (nonrandom) measurement error.

In this paper, I outline a strategy that solves this problem using a model-based approach. I propose
a multilevel mixture item response theory (IRT) model with item bias effects, which offers a number of
distinct advantages. First, it uses a straightforward and explicit model of the individual response process.
Individuals’ responses to observed survey items are a function of unobserved preferences: the stronger
someone’s preference for, say, social spending, the more positively she will respond to survey items

Author’s note:I am indebted to Thomas Gschwend, Jeff Gill, Tom Scotto, Michael Becher, Sven-Oliver Proksch, Anja Neundorf,
Jim Stimson, Ray Dutch, Christian Arnold, my editor Michael Alvarez, and three anonymous reviewers for constructive comments
and suggestions. As usual, all remaining errors and deficiencies are mine. Supplementary materials for this article are available on
thePolitical AnalysisWeb site.

1Note thatHoogheet al.(2009) are one of the few researchers who mention the possibility of item bias, c.f.Reeskens and Hooghe
(2008).
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probing supportfor spending on various programs. Second, the prevalence of Likert-type survey ques-
tions is taken into account by employing an IRT model for ordered polytomous variables instead of
assuming continuous items. Third, comparative survey data are by definition hierarchical: individuals are
nested within higher level units, usually countries. With a multilevel IRT model, this nesting is mod-
eled explicitly by including country-level random effects. Fourth, country-specific item bias is captured
by including item bias effects in the response function of an item, so that the resulting latent variable is
“purged” of country idiosyncrasies that distort individual responses. Fifth, the model allows for covariate
effects on the latent trait, so that measurement issues and substantive theories can be tested in the same
model, and researchers do not have to rely on two-step estimation strategies.

In the next section, I discuss the problem of equivalence in detail. In Section3, I first present an ap-
proach that is often posited as an appropriate solution and discuss its shortcomings when applied to com-
parative political research. I then present the multilevel mixture item response model with item bias effects
as an alternative, which can be used to simultaneously correct for country-level biases in response behavior
and estimate the structural model with explanatory variables of interest. Its application is demonstrated
with a theory relating skill specificity to preferences for social spending, which I outline in Section4.
I discuss estimation results in section5 and compare them to results obtained with commonly used model
specifications that use factor scores as the dependent variable. Section6 concludes the paper.

2 The Problem of Equivalence in Comparative Research

2.1 Are Individual Measures Comparable?

Constructs like social and political trust, redistribution preferences, ethnic tolerance, and attitudes towards
immigration lie within the individual and are not directly observable (Jackman 2008, 119). Consequently,
one tries to tap those quantities using multiple indicators. For example, preferences for social spending
can be captured using questions on an individual’s preferred level of spending in different areas, such as
health, unemployment, and pensions.2 Usually,researchers use latent variable models like factor analysis
(Kim and Mueller 1978), in order to combine items into a common scale and to remove random measure-
ment error. The model of interest is then estimated using factor scores as dependent variable and usually
includes country fixed or random effects.

This strategy ignores a serious threat to valid inferences that stems from the fact that countries differ
systematically in the way its inhabitants answer survey questions. Thosemethod effectswill produce spu-
rious measures of preferences or attitudes when not accounted for. Recent work in survey methodology
and cross-cultural psychology has shown that respondents from different countries (and cultures) show
systematic and stable tendencies to respond differently to survey questions—irrespective of question con-
tent (Baumgartner and Steenkamp 2001; Schwarz 2003; van Herk et al. 2004; Johnson et al. 2005). In
some countries, individuals are predominantly acquiescent, that is, they have a tendency to select only
one side of the scale (usually the one indicating agreement). Some countries produce extreme responders,
who consistently choose extreme ends of scales, whereas in other countries, individuals predominantly
choose the middle part of a response scale—avoiding strong statements (Yang et al. 2010).

In consequence, this means that two individuals sharing the same level of preference may answer
survey questions differently, simply because one of them is from a country where an extreme response
style is common. Scores from individuals from different countries are then no longer directly comparable
since they are systematically biased (Millsap and Kwok 2004). In other words, the dependent variable
lacksequivalence(Johnson et al. 1998; van Deth 1998; Fontaine 2005).

The problem is depicted in ideal-typical form in Fig.1. Panel A shows a comfortable state of the survey
research world where no item bias exists. That an individualj living in country k responds differently
from an individual living in countryk′ is completelydue to the fact that they have different preferences
(η jk 6= η′

jk′ ). Panel B shows the opposite situation. Now our two individuals share the same level of
preference or attitude strength (ηjk = η jk′ ), but their responses differ due to the systematic country
differences discussed above. Clearly, the differences between those individuals are not real but the result
of country method effects, so that latent preferences cannot be compared between countries (cf.Horn and

2As hasbeen done byIversen and Soskice(2001). More on that in Section4.2.
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Fig. 1 Ideal typical illustration of item bias. Panel A shows a situation where different responses of two individuals
from different countries are the result of them having different preferences. Item bias, as shown in panel B, exists
when two individuals with the same preference give different responses simply because of country-specific factors
that influence their measurements.

McArdle,1992;Meredith,1993). Of course, in practical comparative survey research applications we will
be confronted with a mix between both scenarios.

This raises suspicions about simply combining individual responses from different countries and they
should be taken seriously. After all, the methodological foundation of comparative research is compara-
bility: an “a prior belief in thesimilarity of the bases of behavior across units or time periods or contexts”
(Bartels 1996, 906). When carrying out comparative analyses, we should therefore try to disentangle (true)
attitude differences from (spurious) country-item bias effects.

2.2 Why Measurement Models?

There is no quick fix to the problem raised in the previous section.3 Using standard factor analysis (ex-
ploratory or confirmatory) to measure a latent construct does not take into account cross-national dif-
ferences in response behavior. Using scores obtained from such a factor analysis in a regression model
produces biased estimates yielding distorted quantities of interest. Another simple way out may be to
estimate separate models for each item and country. This way similarity is not assumed, and differences
between countries can easily manifest themselves in varying regression weights. But here is where the
problems start: we will almost never find completely concurrent parameter estimates so that one ends up
with enormous tables of coefficients. How large, then, do differences have to be before there is reason
for concern? What substantive conclusions should we draw from differing parameter estimates, especially
since the difference between a “significant” and a “nonsignificant” parameter is not necessarily statisti-
cally significant (Gelman and Stern 2006)? The way forward lies in using an appropriate measurement
model that deals with the problem of equivalence.

3 Establishing Equivalence

3.1 The Predominant Approach and Its Disadvantages

The predominantly used latent variable approach to tackle problems of measurement equivalence is multi-
group confirmatory factor modeling (MG-CFA). A confirmatory factor model is fitted in each country
(Jöreskog 1971), and a hierarchy of models is tested by imposing equality constraints on intercepts and
loadings (see, among many,Baumgartner and Steenkamp 1998; Salzberger et al. 1999). This way, one can
distinguish between different levels of “invariance”: (1) configural invariance—the model fits the data and
factor loadings are significant and substantially different from zero, so that the basic structure is the same
in each country; (2) metric invariance—loadings are equal across groups, so that structural relationships
may be compared, and most importantly (3) scalar invariance—intercepts are equal across groups, so that
mean differences can be substantially compared. A recent introduction of this approach into political sci-
ence is given byDavidov(2009) in this journal. Although it is theoretically elegant and allows for detailed

3I assume that the researcher is conducting a secondary analysis of existing large-scale data (Hyman 1972). If the researcher has
control over survey design and data collection, a promising strategy is to use anchoring vignettes (King et al. 2004; King and Wand
2007).
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examinationof the measurement properties of survey items, it has some disadvantages when using it as a
routine tool in applied comparative political research.

First, researchers are usually interested in testing their structural relationships in as large a number
of countries as possible. If one finds clearly “noninvariant” countries in MG-CFA, the straightforward
response would be to discard those from the analysis. But one then faces an uncomfortable trade-off
between measurement quality and coverage of the model. As the number of remaining countries gets
smaller the term “comparative” becomes more and more meaningless.

Second, in the MG-CFA approach, one is able to proceed even when some items are found to be
“noninvariant”, using the argument of “partial measurement invariance”—as long as two invariant items
are available (Byrne et al. 1989;Baumgartner and Steenkamp 2004). In many situations, this is not the
case since most applications will be carried out using secondary data with only a very limited number of
items at one’s disposal. Furthermore, discarding items identified as “noninvariant” is often not an option.

Third survey measures are mostly ordinal, a fact that is ignored by most MG-CFA applications (Lubke
and Muth́en 2004) and which may lead to biased estimates, making equivalencetestsless convincing
(would we trust a standard linear regression for categorical survey items?). Furthermore, treating the data
as multivariate normal leads to a distorted representation of the individual response process.

The alternative approach, presented below, circumvents such problems and shifts focus fromtesting
invariance to creating amodel for the measurement error, so that deficiencies can be corrected while
estimating structural parameters of interest.

3.2 An Alternative:Multilevel Mixture IRT with Item Bias Effects

We start by modeling an individual’s response to several items as a function of his or her level of (unob-
served) preference. Since survey items used by comparative researchers are usually categorical, I use an
IRT approach (for an introduction, seeHambleton et al. 1991).4 Modern IRT uses the generalized linear
model framework (McCullagh and Nelder 1989) to link categorical responses to a latent variable (e.g.,
Mellenbergh 1994; Moustaki and Knott 2000). Therefore, we can embed it in the more general general-
ized linear latent and mixed model framework that unifies factor and random-effects models (Skrondal
and Rabe-Hesketh 2004; Rabe-Hesketh et al. 2004) and which allows me to formulate an appropriate
multilevel IRT model for comparative research.5

For each categorical item, we estimate thresholds that map the categories onto a continuous construct.
Just like in an ordinal logit or probit model, this conceptualizes an individual’s response process as driven
by an unobservable latent continuum, with observed categories as its discrete realization. For each item
i (i = 1, . . . , I ), an item response model is defined by modeling the cumulative probabilityνi j kc that
personj ( j = 1, . . . , nk) living in countryk (k = 1, . . . , K ) chooses categoryc (c = 1, . . . ,C) or lower
(cf. Samejima 1969; Johnson and Albert 1999; Moustaki 2000):

log

[
Pr(yi j k 6 c)

Pr(yi j k > c)

]
= νi j kc. (1)

This probabilityis modeled as a function ofC − 1 item-specific threshold parametersτic, which are
constrained to be strictly monotonously increasing, and a common factor, or latent trait,η jk representing
each individual’s preference,

νi j kc = τic − λ
(1)
i η

(2)
jk . (2)

The “factor loadings”λi represent thestrength of relationship between each itemi and the latent pref-
erence variableη jk , whereasτic can beinterpreted as “intensity”: the higher the threshold, the stronger

4IRT models are increasingly used in political science to measure ideal points of legislators (Clinton et al. 2004), judges (Martin and
Quinn 2002), or voters (Jesse 2009). Those models are usually for dichotomous items and geared towards applications with many
items and a rather small number of individuals. The approach presented in this paper is concerned with what researchers using
comparative surveys will usually encounter: a small number of ordinal survey items (e.g., the commonly found agree-disagree
scales) for a large number of individuals. Note that it is also applicable when only dichotomous survey items are available.

5The following discussion uses the factor formulation of item response models (Skrondal and Rabe-Hesketh 2004, 71). On the
equivalence between classical IRT and the factor analytic formulation, seeTakane and de Leeuw(1987).
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Fig. 2 Illustrative response functions and associated category response functions for an item with parametersλ = 1.5,
τ1 = −4, τ2 = −1, τ3 = 2, andτ4 = 5.

your preference must be to pass it.6 To make the notation more readable, I use superscripts to denote the
“level” of each parameter (Rabe-Hesketh et al. 2004). Here, we have a “two-level” model, where items
(level 1) are nested within individuals (level 2). Consequently, preferences are properties of individuals,
whereas the loadings connecting items to preferences are on the item level.7 The shape of the resulting
response function is illustrated in the left part of Fig.2. As given in equations (1) and (2), the model does
not yield a unique solution. Identification is achieved by definingη

(2)
jk ∼ N(0,1). This sets the scale of

the latent variable to have mean zero and a standard deviation of 1.8

From the cumulative probabilities, we can derive the probability that a randomly chosen individual
responds in a certain category (e.g.,Greene and Hensher 2010):

Pr(y = 1) = νi jk1, (3)

Pr(y = c) = νi jkc − νi jk ,c−1, c = 2, . . . ,C − 1, (4)

Pr(y = C) = 1 − νi jk ,C−1, (5)

leading to a set of category response functions depicted in the right part of Fig.2. It clearly shows how
responding in a higher category of an item (i.e., choosing “agree” instead of “neither nor”) is a result of
an individual possessing a stronger preference or attitude strength.

When using pooled comparative data, unobserved country heterogeneity should be taken into account.
This can be achieved by using a multilevel IRT model (e.g.,Fox and Glas 2001; Lee and Shi 2001;
Rabe-Hesketh et al. 2004; Vermunt 2008) that allows for random variation in individuals’ attitudes or
preferences between countries. Therefore, I include a country-level latent variable, or random effect,η

(3)
k

with estimated effect coefficientsγ (2) that affect the means of the latent trait. This captures systematic
mean differences in preferences induced by, for example, different institutions and policies that are not
explicitly included as covariates. Differences due to observed covariatesxi j are modeled byP effect

coefficientsβ(2)
p ,

η
(2)
jk =

P∑

p=1

β(2)
p x jk + γ (2)η

(3)
k . (6)

6This model is known in psychometrics as graded response model (Samejima 1969). It assumes that the items used are nontrivially
related to the latent construct in each country. For example, if one measures latent social spending preferences via, among others, an
item on unemployment spending and some countries would not spend resources on unemployment programs at all, this assumption
would be obviously violated.

7Similar hierarchical conceptualizations have been used byDe Boeck and Wilson(2004) andRijmen et al.(2003). Its advantage
lies primarily in its transparent way of dealing with missing responses: since items are nested in persons, missing item responses
simply result in different cluster sizes for some individuals. Therefore, they can be handled during model estimation (under the
assumption that they are missing at random, as defined inLittle and Rubin 2002) and no imputation strategy is needed.

8The model employs the assumption of local independence shared by virtually all latent variable models: that there is no relationship
between items once we condition on the latent trait (Lazarsfeld 1959;Jackman 2008).
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Fig. 3 Graphical representation of multilevel mixture ordinal item response models. Panel A shows a model that
assumes complete measurement equivalence and panel B shows a model with country-item bias effectsδ

(1)
im .

A graphical representation of this model is shown in panel A of Fig.3.9 It is a three-level hierarchical
model with items nested within persons nested within countries. The key point of this graph is to em-
phasize the rather straightforward nature of a standard multilevel IRT setup. Individual preferences are
measured using a latent variable that generates observed item responses. Response heterogeneity does ex-
ist but it is completely due to true differences in preferences between individuals, captured by covariates
xjk and unobserved country factorsη

(3)
k (cf. panel A of Fig.1).

What such a model doesnot include is the possibility of systematic country-item bias in response
probabilities as was illustrated in panel B of Fig.1. This issue lies at the core of my proposal to establishing
equivalence and it is what we turn to next.

3.3 Modeling Item Bias

As discussed above and illustrated in panel B of Fig.1, item bias is caused by country-induced differences
in scale usage, which leads to systematicallydifferent item responses by persons sharing thesameposi-
tion on the latent trait. In other words, the core assumption of the IRT measurement model, namely that
the association between observed items is explained by the latent preference variable, is violated since
unobserved country-specific factors induce correlations between items not captured by the latent variable
(Moustaki et al. 2004). These systematic country differences in response probabilities can be captured by
allowing the country-level latent variableη(3)

k to directly influence individuals’ item response probabili-
ties. In the generalized linear latent mixed model framework, this is achieved by including direct effects
δ
(1)
i of the country-level latent variableη(3)

k on item response probabilities (Muthén 1989; Moustaki 2003;
Moustaki et al. 2004; Rabe-Hesketh et al. 2004, 177):

νi jkc = τic − λ
(1)
i η

(2)
jk − δ

(1)
i η

(3)
k . (7)

As the country random effects influence the latent preference variable as well as item response probabili-
ties, I choose one item as reference category to identify the direct effects (cf.Moustaki,2003):

δ
(1)
1 = 0. (8)

These direct effects,δ(1)
i , shown in panel B of Fig.3, operate on the item level and model systematic

country bias in response probabilities: they shift the thresholds of the ordinal response categories, yielding

9It depicts the slightly more complex model specification. The role of them subscript becomes clear in Section3.4.
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different response probabilities for individuals from different countries after conditioning on their level
of preference. This formulation allows for a straightforward specification test: item bias estimatesδ

(1)
i

that aresignificantly different from zero show that systematic country-item bias in response probabilities
exists. In such a case, simply pooling countries by using item sum scores, exploratory or confirmatory
factor analysis ignores those systematic threshold shifts, therefore producing biased measurements of
preferences and structural estimates of covariates.

3.4 Using Finite Mixtures to Estimate the Country Random-Effects Distribution

Thus far I have left the distribution of the random effects unspecified. When modeling random effects in
a conventional fashion, one specifies them as being normally distributed, centered at zero with a freely
estimated variance parameter. Alternatively, random effects can be specified without making parametric
assumptions (Aitkin 1999), by treating them as an unspecified discrete mixing distribution of a number
of discrete “components” or “mixtures” (McLachlan and Peel 2000; Skrondal and Rabe-Hesketh 2004,
114). In other words, we assume that random effects are not continuous but nominal latent variables
(Vermunt 2004, 227). Specifying the direct effects given in equation (7) via a nominal latent variable with
M mixtures yields

νi j kc = τic − λ
(1)
i η

(2)
jk −

M∑

m=1

δ
(1)
im η

(3)
km, (9)

where δ
(1)
im is now a vector of unknown random effects for countries belonging to mixturem (m =

1, . . . , M). For identification, one either sets one componentm to zero or imposes a sum-to-zero
constraint (e.g.,Fennessey 1986). Here, I follow the latter strategy and specify

M∑

m=1

δ
(1)
im = 0. (10)

Using anominal latent variable has two advantages. First, this approach yields a limited number of mix-
tures of countries sharing the same parameter values.10 With the sum-to-zero coding used above, this
yields estimates of how much groups of countries show biased response probabilities relative to the overall
mean.11Second, asthe number of countries in comparative politics applications is often small, researchers
might be unwilling to assume normality of random effects. A nominal latent variable can be interpreted
as a nonparametric approximation to the true random-effects distribution, which does not rely on assump-
tions of normality.12This approximationis achieved by selecting the number of mixture components such
that the likelihood is maximized, yielding the so-called nonparametric maximum likelihood estimator
(Laird 1978; Aitkin 1999;Skrondal and Rabe-Hesketh 2004).

For the random effects on the latent preference variable, given in equation (6), I also specify a
discrete mixing distribution as defined above, that is,

∑M
m=1 γ

(2)
m η

(3)
km and applysum-to-zero coding for

identification:
M∑

m=1

γ (2)
m = 0. (11)

10Another implementationof this idea is given byDe Jong and Steenkamp(2010), who develop a multidimensional IRT model in
a Bayesian framework (see alsoMillsap and Yun-Tein(2004) andSong and Lee(2004) for similar specifications). Their model
adds a level of complexity by combining continuous and discrete random-effects distributions. More specifically, they allow for
noninvariant items by drawing them from (censored) normal distributions within several mixtures. In contrast, my model is closer
to the classic MIMIC approach for allowing noninvariance (Muthén 1989) and will work well, even when the number of items
is small and researchers are unwilling (or unable) to make further distributional assumptions.De Jong and Steenkamp(2010)
model setup would be preferred if researchers are interested in examining correlations between latent variables, for example, the
across-country relationship between antiimmigrant attitudes and social policy preferences.

11The assignmentof countries to mixture components is probabilistic, that is, each country has a posterior probability for belonging
to each mixture. In the application that follows, I use the posterior mode to assign each country (i.e., assign it to the mixture where
it has the highest probability of belonging to), which leads to a considerably easier interpretation of results.

12A famous application of this strategy isHeckman and Singer(1984).
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3.5 Complete Modeland Estimation

Putting all the pieces together, the complete multilevel mixture IRT model describes an individual’s
response to a certain category of a survey item as function of his or her latent preference and unob-
served country-specific response bias. Latent preferences are shaped by unobserved country differences
(random intercepts) and observed individual-level characteristics:

νi j kc = τic − λ
(1)
i η

(2)
jk −

M∑

m=1

δ
(1)
im η

(3)
km, (12)

η
(2)
jk =

P∑

p=1

β(2)
p x jk +

M∑

m=1

γ (2)
m η

(3)
km. (13)

Thus, itallows for joint estimation of the latent variable measurement model, which corrects for country-
item bias, and the structural model linking latent preferences to observed covariates. Estimating mea-
surement and structural part jointly in one model is preferable to the widespread “two-step” practice of
estimating factor scores and subsequently using them in regression models. As discussed bySkrondal
and Laake(2001), this practice ignores the imprecision of the estimated scores, which leads to deflated
standard errors (see alsoCroon and Bolck 1997).

This model (with identifying restrictions given by equations (8), (10), and (11)) can be estimated by
treating the latent variables as missing data which are estimated using the expectation maximization algo-
rithm (McLachlan and Krishnan 2008). Integration of the continuous latent preference variable is done via
standard Gauss-Hermite quadrature (Skrondal and Rabe-Hesketh 2004) using 15 quadrature points.13De-
tails ofthe implementation of the algorithm are given inVermunt(2004).14With models of this complexity,
there is a fair chance that the algorithm converges to a local instead of the global maximum. To avoid this,
I ran each model (at least) 10 times using a random number generator to obtain initial parameter values
and then used the initial values that gave the highest log-likelihood as starting point for the final model run.

4 Application: Skill Specificity and Preferences for Social Spending

4.1 Redistributionand Political Preferences

Already during the formation of democratic forms of government, the topic of redistribution captured
the imagination of thinkers and scholars. John Stuart Mill famously stated that “those who pay no taxes,
disposing by their votes of other people’s money, have every motive to be lavish and none to economise.”
Instead they “put their hands into the people’s pockets for any purpose which they think fit to call a public
one” (Mill 2007, 281). This intuition can be captured in a simple median voter model. If we assume
a (typical) right-skewed income distribution and flat-rate benefits paid under a proportional tax regime,
those with incomes below the mean will prefer maximal taxation (so that utility can be represented by
a simple step function). The model can be extended towards more realism, as byMeltzer and Richard
(1981), who add efficiency loss of taxation. Tax disincentives may deter low-income workers close to the
mean from supporting themaximumrate of taxation. If the median voter is among this group, he will vote
for taxation up to the point where benefits are offset by the efficiency cost of taxation, that is, she will
choose a positive tax rate of less than one.15

Up until now, redistribution has been strictly considered as one-shot transfers from rich to poor. How-
ever, if one adds a prospective element, things change quite a bit. It can be argued that specific forms
of social spending—like unemployment benefits—function asinsurancesince they protect individuals
against risks they are likely to face over their life course (Sinn 1995). Given that workers are risk averse,
rising income is connected withincreasingdemand for redistribution (Varian 1980).

13Since resultscan be sensitive to the number of integration points (Lesaffre and Spiessens 2001), one should carry out robustness
checks using more points. In the application that follows I used 30 integration points with no difference in results.

14The modelcan be estimated by the syntax version of LatentGold (Vermunt and Magidson 2008). Detailed instructions for data
coding and model syntax are available on the author’s website.

15Theempiricaltrack record of the model is quite limited, for example,Rodrigiuez(1999);Gouveia and Masia(1998);Moene and
Wallerstein(2003).
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Fig. 4 Income, general (g) and specific (s) skills and preferences for redistribution (seeIversen and Soskice 2001,
878). Shown is income of the median voter (M) and mean income in the population (w).

The previous model conceptualizes workers as a monolithic group, which may be too much of an ab-
straction. To relax this assumption,Iversen and Soskice(2001) propose to consider investments in human
capital as a critical factor. They differentiate between two types of skills: (a)specific skillsare only useful
to a single firm or sector, whereas (b) general skills are transferable across firms and sectors (cf.Becker
1993). Individuals with high levels of specific skills are more vulnerable to adverse labor market con-
ditions: in case of unemployment, they might have to accept jobs which do not utilize their full set of
skills—leading to substantial loss of income (Estevez-Abe et al. 2001;Iversen and Soskice 2001).16 As
illustrated in Fig.4, introducing skills transforms the relationship between income and redistribution con-
siderably. Holding income constant, the higher the ratio of specific to general skills, the more an individual
will prefer redistributive spending. Clearly, then, the level of support for social protection depends on the
composition of the median voter’s skills.17This replaces an overly simplistic “capitalists versus workers”
class model with an approach that focuses on distribution conflicts between groups with different positions
in the economy (cf.Iversen 2005,2006).

4.2 Data and Variables

Following the seminal article byIversen and Soskice(2001), I use data from the International Social
Survey Programme’s 1996 role of government module.18The effects of our two central exogenous variables
(income and skills) will be tested using measures capturing the preferred level of social spending in three
areas that can be straightforwardly related to the insurance motive: health, unemployment, and pensions.
The exact question wording is:Listed below are various areas of government spending. Please show if
you like to see more or less government spending in each area. Remember that if you say “much more”
it might require a tax increase to pay for it.. . .[Health] [Old age pensions], [Unemployment benefits].
Response options were:[Spend much less], [Spend less], [Spend the same as now], [Spend more], [Spend
much more]whose distribution is shown in Table1.19

16On the other hand, workers equipped only with general skills will always receive income at their general skill level.
17In the “bigger picture”, this amounts to the argument that the welfare state may (and does) function as a guarantee that it is safe to

invest in specific skills.
18I conducted analysis using a 50% random subsample. This leaves a sample size of 5987 from 12 countries: Australia, Canada,

France, Great Britain, Germany East, Germany West, Ireland, New Zealand, Norway, Sweden, Switzerland, and United States.
Data and replication materials can be found athttp://hdl.handle.net/1902.1/16225.

19I reversed the original scale to enable a more direct interpretation.
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Table 1 Stated supportfor spending on unemployment, health, and pensions in 12 countries. Means and percentage
of responses in highest possible category

Unemployment Health Pensions

Mean Highest(%) Mean Highest (%) Mean Highest(%)

Australia 2.49 1.5 4.05 29.4 3.53 9.5
Canada 2.75 2.9 3.57 13.1 3.19 5.9
France 2.81 5.3 3.51 16.6 3.28 9.6
Germany (East) 3.61 16.8 3.93 27.3 3.64 14.5
Germany (West) 3.08 5.8 3.60 18.2 3.43 9.4
Great Britain 3.16 6.1 4.33 42.3 4.04 26.5
Ireland 3.47 14.8 4.18 35.6 4.04 28.9
New Zealand 2.38 1.3 4.15 31.5 3.45 8.6
Norway 2.97 4.0 4.12 27.3 3.67 13.3
Sweden 3.33 10.3 3.99 25.4 3.65 13.7
Switzerland 3.00 4.4 3.21 6.6 3.33 6.4
United States 3.05 6.7 3.75 16.9 3.49 12.4

Table 2 Descriptive statistics of independent variables

Variable Mean SD

Income −0.02 0.91
Skill specificity 1.50 0.97
Part-time employed 0.16 0.36
Unemployed 0.03 0.18
Not in labor force 0.20 0.40
Self-employed 0.12 0.32
Age 43.44 14.02
Female 0.48 0.50
Informed 3.33 1.00
Left-right party support 2.92 0.78

Income isstandardized to have a within-country mean of zero with a standard deviation of 1. Skill
specificity is a composite measure, combining two operationalizations of the skill specificity concept
(based on education and skills as defined by ISCO levels).20Furthermore, thecurrent labor market status of
an individual is included, with the expectation that especially part-time employment (being “at risk”) and
unemployment (realized risk) foster strong support for redistribution. Table2 shows descriptive statistics
of the remaining variables included as controls in the analysis. Since they are pretty standard, I will not
discuss them further (the reasons for including them are given inIversen and Soskice 2001, 881–3).

In the next section, I present results obtained by applying the approach outlined previously and compare
it to models that are predominantly used in practice.

5 Results

Table3 shows statistics for a series of models fitted with an increasing number of mixture components.
The likelihood is maximized using six mixture components (Model 4)—a clear testimony to the existence
of heterogeneity in our sample.21Both informationtheory-based measures, which penalize for increasing
model complexity (Burnham and Anderson 2003), also select that model. For comparison, I fitted the
model without the finite mixture part, assuming a standard normal distribution for the random country ef-

20For details seeIversen and Soskice(2001, 881–2) andhttp://www.people.fas.harvard.edu/iversen/SkillSpecificity.htm. I am
indebted to Philipp Rehm for providing me his data on skill specificity.

21Seethediscussion of the nonparametric maximum likelihood estimator in Subsection3.4.
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Table 3 Log-likelihod, Bayesian Information Criterion, and Akaike Information Criterion for fittedmodels

Mixture
Model Components Log-likelihood No. of parameters BIC AICc

η
(3)
k discrete
M1 3 −19,710 33 39,707 39,740
M2 4 −19,594 37 39,510 39,547
M3 5 −19,586 41 39,528 39569
M4 6 −19,482 45 39,356 39,401
M5 7 −19,483 49 39,391 39,440

η
(3)
k continuous
M6 — −19,766 29 39,776 39,804

Fig. 5 Point estimates and 95% confidence bounds for loadings [λ
(1)
i ] and thresholds [τic]. Multilevel mixture ordinal

item response model with item bias effects (M4).

fects. Clearly, the finite mixture variants provide a better approximation to the distribution of the country-
level latent variable.22

5.1 IRT Measurement Model

Let us first look at the model’s measurement part. Fig.5 shows point estimates and 95% confidence
intervals for the standard IRT part of the model. Numerical results are displayed in Table A.1 in the online
appendix. Inspecting factor loadings and intercepts shows that all three items posses good measurement
properties. They are strongly and significantly related to the latent trait, and their category thresholds
are spread out nicely, providing precise measurement over a wide range of the latent trait. Furthermore,
estimates of item parameters are quite precise—which is not surprising giving the large number of cases
available for the analysis.

5.2 Country-Item Bias Effects

To assess the impact of unobserved systematic country effects on the probability of item responses, we
turn to Fig.6 (see also Table A.1 in the online appendix). It shows estimates of country-item bias ef-
fectsδ

(1)
im . Remember that significant estimates indicate the existence of systematic country bias in item

22However, results do not critically depend on those use of a nominal latent variable. Appendix tables A.2 and A.3 in the online
appendix show results using continuous random effects (Model 6). The only substantive difference that emerges in the struc-
tural is the nonsignificant effect of being part-time employed, whose effects were already rather uncertain in the nonparametric
maximum likelihood (NPML) model. The measurement model properties are comparable to the NPML estimates and random-
effect coefficients also indicate that substantial country bias exists.
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Fig. 6 Point estimates and 95% confidence bounds for item bias effects [δ
(1)
im ]. Multilevel mixture ordinal item

response model (M4).

response behavior.23Some clear and interesting patterns emerge. First, the role of country-item bias cannot
be ignored. Except for Canada and France, all countries differ significantly in their probability of item cat-
egory responses (i.e., have different threshold levels). With the exception of East Germany and Sweden,
the direction of this response bias is the same for both items.

The strongest deviation from the overall mean is found among individuals from Australia, New Zealand,
and Switzerland. In order to gauge the extent of these country-item biases, imagine two individuals with
exactly the same social spending preference. If one individual lives in the eastern part of Germany or
Sweden, his or her predicted probability for responding in the highest category of the unemployment
spending item is calculated as being 7.7%. Someone with exactly the same preference living in Australia
or New Zealand would respond in the highest category with only a probability of 0.3%. This difference
in response probabilities is the results of country method effects. Simply combining such responses from
different countries without correcting for country-item bias produces biased scores on the latent prefer-
ence variable: individuals’ preferences will be systematically overestimated in some countries (those with
significantly positive item bias effects), whereas being systematically underestimates in others (those with
significantly negative item bias effects).

5.3 Structural Model

Table4 shows results of the structural part of the model, as well as country random effects influencing
the latent means, which capture true attitude differences between countries. Here, too, we see substantial
preference differences between countries.24 Especially Switzerland is characterized by an overall strong
preference for redistribution of its inhabitants. The fact that all other direct effects are significantly and
substantively different from zero highlights that a multilevel approach to these kind of data is indeed
necessary.

A quick look at the covariate estimates and their confidence intervals shows that our expectations are
borne out: increasing income, being self-employed and supporter of a more conservative party lowers an
individual’s support for social spending. On the other hand, being unemployed is associated with a clear
preference for more social protection. Unemployment represents a disadvantaged labor market position,
while skill specificity indicates the portion of a worker’s skill set that is not portable and hence the degree
of exposure to labor market risks and demand for social protection. Opposite to the effect of income—and
according to Iversen and Soskice’s arguments—skill specificity leads to a strong preference for social
spending.

23I assigned countries to mixture components based on modal posterior mixture membership probabilities that facilitates a more
articulate interpretation.

24As discussed in Section2 we usually find a mix of true country differences and country method effects. The key is to use a model
that includesboth– like the one presented here.
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Table 4 Structural partof Model 4. Point estimates, standard errors and 95% confidence bounds for covariate effects

[β(2)
p ] anddiscrete random effect [γ(2)

m ]. Countriesrepresented by each mixture component are given in brackets.

95%CI

Coef. s.e. low high
Covariateeffects

β
(2)
1 [Income] .. . . . . . . . . . . . . . . . . . . . . . −0.056 0.019 −0.093 −0.018

β
(2)
2 [Skills] . . . . . . . . . . . . . . . . . . . . . . . . 0.152 0.018 0.118 0.187

β
(2)
3 [Part-time] . . . . . . . . . . . . . . . . . . . . . 0.133 0.050 0.034 0.232

β
(2)
4 [Unemployed]. . . . . . . . . . . . . . . . . . 0.592 0.094 0.408 0.776

β
(2)
5 [Not in LF] . . . . . . . . . . . . . . . . . . . . . 0.233 0.051 0.133 0.333

β
(2)
6 [Self-employed] . . . . . . . . . . . . . . . . −0.209 0.052 −0.311 −0.106

β
(2)
7 [Age] . . . . . . . . . . . . . . . . . . . . . . . . . . 0.001 0.001 −0.001 0.004

β
(2)
8 [Female] .. . . . . . . . . . . . . . . . . . . . . . 0.209 0.037 0.137 0.282

β
(2)
9 [Informed] .. . . . . . . . . . . . . . . . . . . . −0.048 0.017 −0.081 −0.014

β
(2)
10 [L-R partysupport] . . . . . . . . . . . . . −0.261 0.022 −0.304 −0.217

Discrete Random effect

γ
(2)
1 [AU, NZ] . . . . . . . . . . . . . . . . . . . . . . −0.838 0.061 −0.957 −0.718

γ
(2)
2 [DE-E, SE] . . . . . . . . . . . . . . . . . . . . . −0.352 0.062 −0.472 −0.231

γ
(2)
3 [DE-W, USA] . . . . . . . . . . . . . . . . . . 0.235 0.049 0.139 0.332

γ
(2)
4 [GB, IE, NO] . . . . . . . . . . . . . . . . . . . −0.903 0.054 −1.009 −0.797

γ
(2)
5 [CH] . . . . . . . . . . . . . . . . . . . . . . . . . . 1.315 0.069 1.179 1.450

γ
(2)
6 [FR, CA] . . . . . . . . . . . . . . . . . . . . . . 0.542 0.058 0.429 0.655

5.4 Ignoring Country-ItemBias

Finally, I provide a short illustration of the implications of ignoring country-item bias. As discussed above,
when researchers do not correct for existing country-item bias, parameter estimates will be biased. Fur-
thermore, standard errors will be too small if the measurement and structural model are not jointly esti-
mated (Skrondal and Laake 2001). An impression of how that may influence our results can be gained
from Fig.7, where I compare the structural estimates from Table4 with two popular approaches. One em-
ploys ordinary least squares regression with estimated scores from a standard factor analysis as dependent
variable and includes country fixed effects. Standard errors are “corrected” using the well-known Huber-
White approach (White 1996; Royall 1986). The other uses a hierarchical linear model (Steenbergen and
Jones 2002) with country random effects and again estimated factor scores as dependent variable. Both
approaches assume a state of the world where only true attitude differences exists (Fig.1, panel A), and
they do not correct the systematic country-item bias found in Section5.2. Results from all three models
are shown in Fig.7.

My aim here is not to give definite statements about the general performance of these different estima-
tion strategies, which could only be achieved by an extensive Monte Carlo study. Rather, Fig.7 illustrates
that including item bias in one’s model is not a matter of ‘statistical sophistry’, important only to method-
ologists, but that it influences one’s theoretical conclusions. This is most evident for estimates of the role
of income and part-time employment. Both variables provide important information about a respondent’s
economic interests, and one would expect them to shape social policy preferences. However, researchers
employing the conventional setups would have to conclude that the effects of both variables are not sta-
tistically different from zero. Contrarily, estimates from the multilevel mixture IRT model provide re-
sults in line with theoretical expectations. Lastly, note that my model, which corrects for country-item
bias in individuals’ responses to social spending items, yields even clearer evidence forIversen and Sos-
kice’s (2001) hypothesized effect of skill specificity on social policy preferences than the more traditional
approaches.
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Fig. 7 Point estimates and 95% confidence bounds for effects of covariates [β
(2)
p ] on latent spending preferences

from multilevel mixture ordinal item response model with item bias effects (M4). Coefficients from a models using
factor scores as dependent variable in a fixed-effects OLS regression with Huber-White standard errors and in a
hierarchical linear model are shown for comparison.

6 Conclusions

Currently, measurement issues do not hold a prominent place in comparative political research (but see
Jackman 2008). They are often rather complex, increase time needed to estimate the model, and have the
potential to tell us rather unpleasant things about the quality of our data. And, one may argue, researchers
care more about estimating relationships between constructs of interest than about latent variable models.
However, the application in this paper shows the clear need to take measurement seriously. Ignoring it
can have serious consequences: quantities of interest calculated from estimates based on country-biased
items can be grossly misleading. The fact that the key hypothesis about the role of skill specificity has
been strengthened is specific to this application. In a worse case, difference in estimates may lead to a
premature rejection of interesting comparative theories. This also emphasizes the importance of multi-
item measurements. If only a single item is available for analysis, cross-national equivalence cannot be
tested but must be assumed.

In this paper, I presented an IRT approach that is able to correct for systematic country biases in mea-
surement, which plague comparative survey research. It models item responses as a result of a cumulative
threshold process, which provides a close link between the theoretical status of the latent variable—a con-
tinuous unobserved attitude or preference—and the ordinal measurement level of most survey variables.
The hierarchical setup enables a parsimonious model specification for the pooled data, where only one
coefficient per variable of interest has to be estimated—as opposed to one for each country in a completely
unpooled strategy. Unobserved country heterogeneity and country-item bias in measurement are captured
by a country-level latent variable, so that the resulting structural estimates of our variables of interest are
purged from these sources of bias.

Extending this approach to include binary or even continuous items (as inQuinn 2004) is straightfor-
ward. Furthermore, the model can be extended by country-level variables. Country factors can be used
to explain true attitudinal differences, for example, to test theories about policy feedback. But one can
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also usecountry characteristics to learn more about the nature of item bias. Researchers can investigate if
differences in response behavior are related to cultural traits (e.g.,Hofstede 2001) or to socio-economic
conditions and policies. Furthermore, nothing prevents interested researchers from applying the general
approach outlined here to the subnational level. If a researcher suspects systematic item bias between
different states of the United States, or between different cultural regions of a country, he or she can use
those as level 3 units of the model.

More and more comparative public opinion and behavior scholars test sophisticated theories using
individual-level survey data from different countries. This is a promising research strategy that puts gen-
eral theories to test in as many contexts as possible (King et al. 1994). But, as I have argued in this paper,
this enterprise will only yield reliable results, if we use model specifications that ensureequivalenceof
our core constructs.
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