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Abstract

In this paper we explore solutions to a particular type of heterogeneity in survey

data which is manifest in the presence of individual-specific response scales. We con-

sider this problem in the context of existing evidence on cross-country differences in

subjective life satisfaction, and in particular the extent of cross-country comparabil-

ity. In this instance observed responses are not directly comparable, and inference is

compromised.

We utilise two broad identification strategies to account for scale heterogeneity.

Keeping the data fixed, we consider a number of estimators based on alternative gen-

eralisations of the ordered response model. We also examine a number of alternative

approaches based on the use of additional information in the form of responses on one

or more additional questions with the same response categories as the self-assessment

question. These additional questions, referred to as anchoring vignettes, can under

certain conditions, be used to correct for the resultant biases in model parameters.
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1 Introduction

The use of survey data to study the determination of individual preferences is now firmly

rooted in the social sciences. Although the theory and application of revealed preference

has been a pivotal component of empirical analysis of individual choice, it is increasingly

the case that firms, policy makers, and governments are interested in eliciting preferences

over outcomes that are inherently difficult to measure, and in some cases over states

of the world yet to be realised. An example of this is the rapidly expanding area of

attitudinal research which utilises survey data to capture and represent key aspects of

individuals situation. This includes surveys of consumer satisfaction over products and

services (see Rossi, Gilula, and Allenby (2001)), surveys of job satisfaction (Kristensen

and Johansson (2006)), health (Bago D’Uva, Lindeboom, O’Donnell, and Van Doorslaer

(2009); Peracchi and Rossetti (2009); Salomon, Tandon, and Murray (2004)), political

efficacy (King, Murray, Salomon, and Tandon (2004)), work disability (Kapteyn, Smith,

and Van Soest (2007)), and corruption (Olken (2007)).

A fundamental barrier to inference using survey response is that respondents exhibit

variation in the manner in which they utilise ratings scale. This problem has been noted

in a number of areas. In marketing Rossi, Gilula, and Allenby (2001) consider the effect

of respondents who differ in their use of scale, with, for example, some respondents using

only the extreme points on the ratings. Baumgartner and Steenkamp (2001) provide a

comprehensive analysis of response styles using data from a large cross country sample,

and find a significant effect of response style on the observed responses. King and Wand

(2007) emphasise the more general issue of the extent to which self-assessment responses

are interpersonal comparable.

The accuracy of the survey information is critical for policy formation. The perfor-

mance of public services are often compared and used as a tool to promote best practice.

In some instances self-assessment surveys are conducted across countries and in this re-

spect the issue of comparability is even more pertinent. For example, in 2001 the WHO

launched the World Health Survey, an extensive cross country survey designed to elicit

patients views and attitudes across a range of health-care experiences including choice of

provider, quality of service, and waiting times. The importance of providing a correct

statistical framework to analyse this type of data is paramount since these studies often

produce country rankings leading to policy responses which must be properly informed.

In this paper we explore solutions to a particular type of heterogeneity in survey data

which is manifest in the presence of individual-specific response scales. We consider this

problem in the context of the existing evidence on the cross-country differences in life

satisfaction. Previous studies on life satisfaction such as Kapteyn, Smith, and Van Soest
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(2009) have focussed on a small number of pre-selected countries that are believed to be

comparable. In this study we extend the analysis to a larger set and focus on the extent

of cross-country comparability in terms of life satisfaction. Over the last twenty years

the growing empirical evidence on the determinants1 of life-satisfaction has fostered a de-

bate on how to make comparisons across countries (Diener (2006), Kahneman, Krueger,

Schkade, Schwarz, and Stone (2004)). Although across many studies Denmark and the

Scandinavian Countries have persistently received high ranks (Inglehart and Klingemann

(2000)), there remains some doubt as to what extent these rankings depend upon true

variation in life satisfaction or are confounded by simultaneous cross-country variation in

response scales. In the presence of scale heterogeneity the mapping from the underlying

latent variable, say y∗, to the ordinal response may differ across respondents. Put differ-

ently, if we fix y∗ across two individuals, but response scale are different, then observed

ratings will differ.

We utilise two broad identification strategies to account for scale heterogeneity. Keep-

ing the data fixed, we consider a number of methods based on alternative generalisations

of the ordered response model. We also examine a number of approaches based on the

use of additional information. One approach to this problem has been to collect supple-

mentary data in the form of responses on one or more additional questions with the same

response categories as the self-assessment question. These additional questions, referred

to as anchoring vignettes, can under certain conditions, be used to correct for the resul-

tant biases in model parameters (see King and Wand (2007); King, Murray, Salomon, and

Tandon (2004)).

In utilising vignette information to account for scale heterogeneity we consider the

identifying assumption of vignette equivalence. The two extreme cases are that (i) indi-

viduals from all countries are comparable and (ii) all individuals possess different response

scales and it is not possible to engage in meaningful comparisons. Our testing strategy

considers the possibility that comparability is located between these two extremes. We

test the validity of this approach and in doing so construct groups of countries which are

comparable.

The paper is organised as follows. In section 2 we consider the general problem of het-

erogeneity in survey response and position the vignette approach alongside other method-

ologies that have sought to address this problem. In section 3 we introduce the ordered

response model in conjunction with a number of generalisations which have been proposed

as a means to account for scale heterogeneity. In section 4 we consider generalisations of

the ordered response model that are based on additional data. Section 5 introduces the

1See, for example, Clark, Frijters, and Shields (2008), Frey and Stutzer (2007).
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data and in section 6 we present the results. Section 6 concludes.

2 Heterogeneity and Survey Response

In this section we position the problem of scale heterogeneity within the broader context of

inference problems in survey response. One of the most difficult problems is the presence of

measurement error. In the most generic sense measurement error represents the difference

between the actual value of a quantity and the value obtained by a measurement. In

the presence of random error repeating the measurement will improve the situation. If

however the measuring instrument is systematically biased then additional measurements

will not help. Pudney (2008) notes that the term measurement error does not convey the

true nature of the problems with survey data given that social scientists do not actively

measure but passively record responses. In this context we can think of the measuring

instrument as both the scientist and the respondent. In the case of attitudinal surveys a

respondents task might be to measure his own life satisfaction based on an ordinal scale

and a tolerance or threshold parameter. If these thresholds are individual-specific then

parameter estimates representing the impact of specific determinants of life satisfaction

are likely to be biased if the model specification imposes fixed thresholds. Bound, Brown,

and Mathiowetz (2001) provide an excellent survey of measurement error in survey data.

The authors consider measurement error in household survey of health related variables,

making a distinction between generally more continuous variables such as health care

expenditure and utilisation, and the self-reporting of health related conditions.

Our point of departure is the notion of inter-individual comparability. As an example,

one might postulate that individuals from different cultures and languages may perceive

and respond to questions on self-assessment in different ways. Such response heterogene-

ity, if not accounted for, may confound inter-individual comparisons. A potential solution

to this problem is the inclusion of fixed effects, as a way to account for unobserved hetero-

geneity at the country level. However, the problem with this approach is that these fixed

effects may both determine variation in levels of the particular self-assessment, as well as

differences across individuals in the manner in which a given level is reported.2

In considering alternative approaches to account for this form of heterogeneity, one of

the problems is that the literature is fragmented across a number of rather disparate ar-

eas. In econometrics, measurement error considered within the classical errors-in-variables

framework, and characterised by a fully observed continuous dependent variable with mea-

2A number of studies have attested that individuals may still use different scales when reporting well-
being even if they live in the same country (see, for example, Van Praag (1971), and Ferrer-I-Carbonell
and Frijters (2004)).
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surement error affecting one or more explanatory variables, will generate biased and incon-

sistent parameter estimates, with a general tendency towards attenuation. Kreider (1999)

discusses the problem of measurement error for self-reported health and in particular work

disability in the context of models of labour force participation. However, the focus here

is the impact of likely overreporting of disability on parameter estimates associated with

one or more explanatory variables.

In the context of attitudinal surveys where observed responses are often discrete, the

disjunction between what is observed and the underlying latent construct is nonlinear

and mediated by an observational rule. In this context it is important to separate two

behaviourial processes: the actual behaviour the analyst is seeking to measure, and the

response behaviour of those individuals who provide answers to survey questions. Since a

covariate of interest may affect both processes, the critical question is whether the observed

response and attendant data, in combination with a particular estimator, is sufficient to

separate these two processes.

Measurement error in the dependent variable in a discrete choice setting is generally

understood as arising from an error in either the recording or reporting of a response.

This may occur simply because the respondent misunderstands the question. For example,

models of employment tenure depend upon responses to questions on whether an individual

changed jobs over a given period. Measurement error in this context is manifest as a

transposition of the integer response, and is therefore synonymous with misclassification.

In this instance the true discrete response is recorded with error, generating a series of

false positive and false negatives. Hausman, Abrevaya, and Scott-Morton (1998) propose a

modified maximum likelihood estimator where the probability of misclassification depends

on the value of the true response, say ỹi, namely τ0 = Pr(yi = 1|ỹi = 0) and τ1 =

Pr(yi = 0|ỹi = 1). As the authors state, considering the misclassification model in this

context, we observe that the model is indistinguishable from a standard binary choice

model with heterogeneity in the response process over 3 types of individuals. For type

1 individuals τ0 represent the fraction of individuals who always respond with a one

independent of the observed xi, whilst for type 2 individuals τ1 denotes the fraction of

individuals who always respond with a zero. The remaining fraction (type 3) represent

those individuals whose behaviour is consistent with the standard binary choice model.

Estimates of parameters τ0 and τ1 are then used to account for a problem of heterogeneity

rather than misclassification.

Seen in this light it is instructive to consider the convolution of scale heterogeneity and

variation in y∗ as a misclassification problem. However, as demonstrated below, given that

our focus is on data generated by attitudinal surveys, and in particular a set of ordinal

responses over J choices, the process of deconvolution is more difficult unless restrictive
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identification assumptions are imposed. As an example, we consider the distribution of

reported outcomes yi = {j} over a population of individuals (indexed by i) as determined

by two components: y∗i and αi = {αij}, the former denoting a true unobserved objective

measure, with αi denoting a vector of individual-specific threshold parameters. Assuming

at the outset that these are constant across individuals, namely αi = α, the observational

rule or response process, provides a mapping from y∗i to yi, namely

yi =
J+1∑
j=1

1(αj−1 < y∗i < αj)× j, (1)

where 1(.) denotes the indicator function. α0 and αJ+1 are set at−∞ and +∞ respectively.

Without loss of generality we assume that y∗i is additive in a linear index x′iβ and an

error εi. We now introduce individual-specific response scales, ξij = gj(αj , Iij , ωij) where

gj(.) denotes a transformation of the following arguments: Iij = v′iγj is a linear index

dependent on observables vi, αj is a threshold constant, and ωij represent unobservables.

The mapping is then given by

yi =
J+1∑
j=1

1(ξij−1 < y∗i < ξij)× j. (2)

The fundamental difference between the two observational rules (1) and (2) is that in

the former the presence of threshold constants imposes a rather innocuous identification

constraint in that xi cannot contain a constant. However, in (2) we observe the potential

identification problem that may confound inference. If thresholds ξij vary as a function of

observed covariates xi, then given the ordered response model contains a single index, we

see that inference on parameters β may be compromised given the convolution of variation

in thresholds gj(αj , Iij , ωij) and x′iβ.

In the case of misclassification in binary response, and considering the case where

the true response is zero, the identification problem is to separate Pr(yi = 1|ỹi = 0)

from Pr(yi = 0|ỹi = 0), namely to allow for heterogeneity in response by estimating

the fraction of false positives. Although similar to the problem of scale heterogeneity

in ordered responses in that we wish to separate Pr(yi = j|ξij) from Pr(yi = j|x′iβ),

there are a number of fundamental differences. First, in the case of binary response

the misclassification problem is naturally bounded with errors manifest as either false

positives or false negatives. In the case of either ordered or multinomial response, the

possible number of errors is J(J − 1), such that this type of correction becomes difficult

to implement when J is large. Second, the proposed solution to the missclassification
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problem considered by Hausman, Abrevaya, and Scott-Morton (1998) and extended to the

multinomial case by Ramalho (2001), relies on the identification assumption of conditional

independence

Pr(Y = y|Ỹ = ỹ,x) = Pr(Y = y|Ỹ = ỹ) (3)

namely that conditional on the true unobserved response, the reported outcome is inde-

pendent of the individual characteristics xi. In our case we wish to allow the possibility

that misclassification depends upon both observed and unobserved heterogeneity at the

level of the individual3

In section 3 we introduce the ordered response model and focus upon a number of

generalisations that have been proposed. These generalisations take the data as given and

are based upon alternative estimators. In section 4 we examine a number of additional

generalisations where the focus is in supplementing the information set.

3 Generalised Ordered Response

To consider a class of generalised ordered response models we present the following canon-

ical model

y∗i ∼ Ψ(µ∗i ,Σ
∗
i ), (4)

where y∗i = {y∗im} denotes a M × 1 vector of latent variables, and yi = {yim} denotes

a M × 1 vector of responses with each element yim ∈ (1, J). Ψ(.) denotes a multivariate

distribution with mean µ∗i and covariance matrix Σ∗i .
4 The observational rule for the mth

element of yi is given by

yim = 1(ξj−1,im < y∗im < ξj−1,im)× j, j = 1, ..., J.

For M > 1 represents cases where respondents provide information on multiple assess-

ments, either in the form of panel or a multiple question survey.

Our point of departure is the benchmark ordered response (OR) model, based on a

single self-assessment (M = 1). This model is a single index model, characterised by

an unobserved latent variable y∗i which is generally assumed additive in a linear index

x′iβ and an error term εi. The mapping from y∗i to an observed response is given by

the observational rule (1). Identification of mean equation parameters β is achieved by

3Krieder and Pepper (2008) consider the problem of making inference on disability using potentially cor-
rupt self-assessment data. In introducing a classification error model, the authors utilise a nonparametric
bounding methodology and demonstrate the price of various identification assumptions.

4A common distributional assumption used in these models is normality. For M > 1 this gives rise to
the multivariate ordered probit model.
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assuming scale homogeneity in the form of constant threshold parameters. Standard

location conditions can be achieved by excluding a constant from xi.

There exist a large number of generalisations of the benchmark ordered response

model,5 including Pudney and Shields (2000), finite mixtures models (see Eluru, Bhat, and

Hensher (2008), Greene and Hensher (2010)), and generalised thresholds which depend

upon both observables and unobservables (Cunha, Heckman, and Navarro (2007)). In the

case of the latter generalisation the authors discuss the economic foundations of ordered

choice models, and present a useful discussion of stochastic threshold models. Below we

consider a number of these extensions, with particular emphasis on models that account

for scale heterogeneity.

3.1 Generalised Threshold Models

A common extension of the benchmark ordered response model (1) accommodates scale

heterogeneity by allowing thresholds to vary across individuals due to observables. Deter-

ministic threshold models were first proposed by Maddala (1983) and Terza (1985). An

immediate obstacle to this generalisation is the single linear index characteristic of the

ordered response model. For example, if we let individual thresholds be a linear determin-

istic function of xi, say ξij = αj + x′iγj , where γj is a K × 1 vector of parameters, then

the identification problem stems from the convolution of two linear indexes. To see this

we rewrite Pij = Pr(yi = j) as

Pij = F (αj − x′i(β − γj))− F (αj−1 − x′(β − γj−1)), (5)

where F (.) denotes the distribution function. From (5) we observe that this generalised

(linear) threshold model is not separately identified from a heterogenous parameter model,

namely θj = β − γj .

To see the ramifications of this problem in the context of cross-country comparability

of self-assessed life satisfaction, we consider the identification of country effects. Letting C

denote the number of countries, such effects might be estimated by a (C−1)×1 parameter

vector βC ⊂ β. Respondents living in different countries may have systematically different

true levels of satisfaction and, in addition, the scale on which the level of life satisfaction

are reported may differ by country. These effects can be estimated by a parameter vector

γjC ⊂ γj . However, in the context of the linear index model (as in (5)), the information

from self-reported assessments is not sufficient to separately identify variation in true levels

which may be attributed to country effects (βC) from scale heterogeneity (γjC).

5Excellent coverage of a number of generalisations are to be found in Greene and Hensher (2010) and
Boes and Winkelmann (2005).
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In order to separately identify these two effects additional information is required. To

consider these approaches, using the notation introduced in section 2, we first write the

probability for choosing j as

Pij = F (g(αj , Iij , ωij)− x′iβ)− F (g(αj−1, Iij−1, ωij−1)− x′iβ). (6)

Using this canonical representation below we consider a number of approaches to identi-

fication.

3.1.1 Identification Strategies

It is important to position the identification strategy in the context of the objectives of

the study. In the strategies outlined below our focus is upon instances where the analyst

observes both responses on one or more ordinal responses, alongside a set of individual

characteristics (xi). The objective is then to control for scale heterogeneity, utilising all

or some of the observed heterogeneity, in order to make valid inference on the impact of

observed characteristics on the observed response.

Pudney and Shields (2000) maintain a linear index specification but achieve identifi-

cation of mean parameters β by partitioning xi into possibly overlapping subsets. Letting

xMi ⊂ xi and vTi ⊂ xi denote the covariates used in the mean (M) and the threshold (T ),

the identification condition is that each partition contain at least one unique variable.

Although the resulting set of zero restrictions generates identification without the need to

introduce a nonlinear transformation, there are a number of problems with this approach.

First, it is not possible to estimate the impact of any given covariate on both y∗ and the

response process.6 Second, model probabilities Pij for ordered response models, as evident

from (6), are calculated as the difference between two distribution functions, evaluated at

their respective arguments. As a consequence response models based on a linear index

threshold model cannot guarantee that model probabilities will be positive.

Letting vi = xi and ξij = exp(αj + x′iγj) then we have the nonlinear threshold speci-

fication. The presence of the same set of covariates in the threshold component as in the

mean equation dictates that identification is achieved through functional form. Although

this route to identification has met disapproval in the empirical economics literature,

Greene and Hensher (2010) make a useful argument, noting that there is no underlying

theory which dictates the linearity of the index for either the conditional mean or the

thresholds.

A mixed generalised ordered response model represents a further generalisation of

6See Pudney and Shields (2000) for an insightful discussion of circumstances when this does not repre-
sent a constraint.
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the ordered response model. The most general form of this model allows parameters

in both the mean and threshold component to vary across individuals (see Greene and

Hensher (2010)). Other recent examples of this generalisation is the stochastic threshold

model considered by Cunha, Heckman, and Navarro (2007), and Eluru, Bhat, and Hensher

(2008), where thresholds are now allowed to depend on both observables and unobservable.

In this instance we write

ξij = exp(αj + x′iγj + σξjωij) (7)

Threshold parameters are now given by threshold constants αj , threshold standard devi-

ations σξj , alongside the effects of observables γj . A standard specification of the random

individual effects is based on ωij ∼ N(0, 1).

In some cases the analyst may not observe covariate information in the form of xi.

For example, Rossi, Gilula, and Allenby (2001), control for scale heterogeneity utilising a

Bayesian Hierarchical approach. Relative to the approaches considered above, a notable

feature is that identification is dependent upon observing, for each respondent, a 1 ×M
vector of ordinal responses yi. A typical format of this type of data might be that the

first question is designed to elicit a general preference a given product, with subsequent

questions focussing on product attributes.

The specification of the vector of latent variables is given by

y∗i = µ + τ iι + σizi, (8)

where ι is M × 1 unit vector. µ∗i = µ + τ iι is a M × 1 vector of means and Σ∗i = σiΣ is

the M ×M covariance matrix. (8) allows for a respondent-specific location (τ i) and scale

(σi) parameters, fixed across M . It is instructive to note that although heterogeneity is

introduced into the specification of the vector of latent variable y∗i , with the threshold

parameters fixed, an alternative (observationally equivalent) approach would be to fix y∗i
and introduce heterogeneity through the threshold parameters. One such specification

would be to recast (8), with zi ∼ N(0,Σ), as a model with respondent specific thresholds

αi = τ i + σiα. The authors point out that the chosen route to identification is depen-

dent on observing multiple responses per respondent, and given that this is generally not

large, a parsimonious specification is required. The two primary objectives of the study

are also important considerations here. The authors focus upon the measurement of the

relationship between product satisfaction and preferences for product attributes, and the

identification of individual-specific preference parameters. In this instance the set of pa-

rameters that represent scale heterogeneity are of interest in themselves, and this may be

done either through location and scale shifts introduced at the level of the latent variables

or the threshold parameters. An interesting extension of this approach would be to utilise
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this method to facilitate valid inference on the impact of covariates on the observed set of

responses.

4 Incorporating Additional Information

The identification strategies considered above have taken as given the available data, and

sort to overcome the identification problem through a combination of partitioning xi, func-

tional form, or alternate estimators based upon stochastic threshold specification. In the

spirit of the standard instrumental variables estimators, an alternative route to identifi-

cation is to use additional data. An approach which has found prominence in a number

of disciplines, accounts for measurement error by utilising additional survey response in-

formation.7 Kotlarski (1967) exploits the classical properties of the measurement errors,

and demonstrates that in all cases it is better to use two or more noisy measures rather

than a single, more precisely defined measure. Browning and Crossley (2009) extend this

result, relaxing the classical assumptions.

In the context of attitudinal surveys, two types of additional information have been

used to circumvent the problem of scale heterogeneity. One approach has been to lo-

cate one or more indicators of the latent construct y∗ that is not subject to reporting

heterogeneity (see, for example, Bago D’Uva, Lindeboom, O’Donnell, and Van Doorslaer

(2009) and Van Soest, Delaney, Harmon, Kapteyn, and Smith (2007)). Bound, Brown,

and Mathiowetz (2001) review a number of studies of self-report, emphasising the role

of validation sources. An alternative strategy which has been predominantly used in the

political and health sciences, utilises additional survey responses on a hypothetical sit-

uation, a so-called vignette, that is fixed for all respondents. The ’repeated measures’

in this context comprise a set of responses on the self-assessment survey, and responses

across a set of vignettes. If all individuals perceive the description in the vignette in the

same way then any systematic variation in answers to vignettes can be attributed to scale

heterogeneity.

The vignette approach is based on the following sub-model

z∗il = θl + σωωil, l = 1, ..., L (9)

zil =
J+1∑
j=1

1(ξij−1 ≤ z∗il ≤ ξij)× j, (10)

where z∗il is the unobserved latent variable corresponding to vignette l. The fundamental

premiss of the vignette methodology is that there exists a true (objective) unobserved

7Examples of this approach include Li and Vuong (1998), Schennach (2004), and Delaigle, Hall, and
Meister (2008).

11



level of the latent variable, which apart from iid sampling error (ωil) is constant across

individuals (θl). The observational rule in (10) is assumed to be the same as for the

self-assessment model (2), with the thresholds determined by the same set of explanatory

variables. The self-assessment component is the standard latent variable regression with

linear index x′iβ with the following threshold specification

ξij = ξij−1 + exp(αj + x′iγj), j = 2, ..., J − 1, (11)

where ξi1 = α1+x′iγ1. This model, which we refer to as Hopit8 with vignettes is comprised

of a self-assessment component given by (2) and normal errors, a threshold specification

given by (11), and a vignette component given by equations (9) and (10). This specification

facilitates the identification of scale heterogeneity and the requisite ordering of thresholds.

The two critical identifying assumptions are (i) vignette equivalence and (ii) response

consistency. The first assumption requires that the description of the vignette is perceived

to correspond to the same state by all respondents. Response consistency requires that

individuals use the response category in the self-assessment question in the same way

when they evaluate hypothetical scenarios in the vignettes. The identifying assumption of

vignette equivalence implies that any systematic differences in observed responses zi can

be attributed to scale heterogeneity.

Although in utilising this approach scale heterogeneity is identified with the use of a

single vignette, there are gains to observing multiple vignette responses for each individual.

To see this assume that the design of a single vignette depicts a situation at the lower

end of the distribution for life satisfaction, with the self-assessed responses clustered in

the upper end of the distribution. Since this vignette depicts a situation at the lower end

of the distribution, this provides information to correct for scale heterogeneity over self-

assessment responses located at this point. If we now include responses on an additional

vignette, and assume that these responses span other parts of the distribution, then we

have additional information to capture the full extent of scale heterogeneity. Note that

the additional information used by Rossi, Gilula, and Allenby (2001) is in the form of

multiple responses, which facilitates the identification of respondent-specific location and

scale parameters. In this context a large location parameter, τ i, would indicate overuse

of a particular value while a large scale parameter, σi, would indicate the presence of

extreme response styles. One limitation of identifying scale heterogeneity through a set

of individual specific scale and location parameters, is that this approach cannot, for

example, accommodate a situation where individual response heterogeneity is polarised

across two extremes of the distribution.

8The use of the acronym Hopit, hierarchical ordered probit, follows that of Greene and Hensher (2010).
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Combining the self-assessment and vignette components, the likelihood function for

the Hopit model can be written as9

L(β,θ,γ | y, z) =Ly(β,γ | y)×Lz(θ,γ | z), (12)

where Ly(.) and Lz(.) denote, respectively, the likelihood functions for the two sub-models.

β is a K×1 vector of mean parameters, θ is a L×1 vector of vignettes constants and γ is

a (J ×K)× 1 vector of threshold parameters.10 In most cases the parameters of interest

are β.

The likelihood for the self-assessment component Ly(.) is given by

Ly(β,γ | y) ∝ ΠN
i=1Π

J
j=1[F (ξij − x′iβ)− F (ξij − x′iβ)]1(yi=j),

and the likelihood for the vignette component Lz(.) is given by

Lz(θ,γ | z) ∝ ΠL
l=1Π

N
i=1Π

J
j=1[F (ξij − θl)− F (ξij−1 − θl)]

1(zil=j).

Note that i indexes individuals that provide both self-assessment responses and also re-

sponses to the vignettes. Since the variance of the self-assessment sub-model is normalised

to one, we are able to identify the variance of the latent variable in the vignette model,

σω.

Examining Ly(β,γ) we observe that the likelihood depends upon both mean and scale

parameters, and there lies the potential identification problem. Since the identification

assumption of the vignette approach depends upon vignette equivalence, thereby preclud-

ing the inclusion of xi, we see that the accompanying assumption of response consistency,

facilities the identification of γ given that these parameters are present in the vignette

likelihood Lz(θ,γ).

4.1 Testing

A number of tests have been designed to test the validity of the identifying assumptions

of vignette equivalence and response consistency. Bago D’Uva, Lindeboom, O’Donnell,

and Van Doorslaer (2009) test both assumptions in a study of cognitive functioning and

mobility related health problems in the UK. An important caveat here is that without

additional information it is not possible to test for response consistency. This occurs given

that with the vignette sub-model we have a just-identified model. Such a test is feasible

9King, Murray, Salomon, and Tandon (2004) refer to this as a compound hierarchical model.
10Note that the dimension of γ corresponds to the most general model. More parsimonious versions, for

example, restricting all threshold parameters to be equal, are possible.
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when the analyst has additional objective indicators of the latent construct which are

believed to be free of reporting error. With this information the identification assumption

is that any systematic variation in assessments that exists after conditioning on objective

indicators can be considered scale heterogeneity. As a result, we can then think of the

model as overidentified, and response consistency can then be tested.

As Kapteyn, Smith, and Van Soest (2009) note, it is extremely difficult to locate ob-

jective indicators for life satisfaction. Therefore, in this study we focus on testing vignette

equivalence based upon whether respondents in all countries in our sample perceive the

same ”true” value of the vignette. We identify countries for which vignette equivalence

holds and use this to locate country groups with the same underlying interpretation of the

vignette. Put another way our testing strategy is designed to identify the extent to which

respondents are comparable across countries. To operationalise our test we first rewrite

(9)

z∗i1 = θ1 + σωωi1 (13)

z∗il = θl + λr(θlDic) + σωωil c = 1, ..., C − 1 l = 2, ..., L (14)

where Dic = 1 for individual i resident in country c. The two extreme cases are that

all/none of the observations in the sample are comparable. However, the most likely

situation is that individual responses across certain groups of countries are comparable.

In summary we estimate a joint model with a likelihood given by (12), and replace

the vignette equations (9) and (10) with equations (13) and (14).11 Non zero elements in

λ = {λr} indicate systematic variation in the perception of a vignette relative to a reference

country thereby invalidating the vignette equivalence assumption, implying that for one

or more countries we cannot identify reporting heterogeneity using the information from

the vignettes. Those countries for which we cannot reject the null form a group, such that

within this partition comparability is based on individuals sharing the same interpretation

of the vignette.

5 Data

We use data from the second wave (2006) of the Survey of Health, Ageing and Retirement

in Europe (SHARE)12 which provides information on health, psycho-cognitive ability,

socio-economic status and social support for individuals aged 50+ living in private Eu-

11The first vignette acts as reference and cannot depend on the same country dummies as the second
vignette as the model would be unidentified (see Bago D’Uva, Lindeboom, O’Donnell, and Van Doorslaer
(2009)).

12see SHARE (2009).
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ropean households. A separate project COMPARE utilises a random sample from the

SHARE sample, and includes vignettes on health, well-being, job satisfaction and work

disability for eleven countries covering Scandinavia (Denmark and Sweden) Continental

Europe (France, Belgium, Germany, Poland, Netherlands, Czech Republic) and Southern

Europe (Italy, Greece and Spain). In our study we restrict attention to respondents for

whom the vignette information is available.13

Table 1 describes the variables used in the analysis. We consider traditional economic

factors such as household income, household size plus a set of socio-demographic controls

represented by gender, age and numbers of year in education. A number of existing studies

(Helliwell and Putnam (2005), Lyubomirsky, Sheldon, and Schkade (2005)) have noted

that economic factors account for only about 10% of the variation in life satisfaction across

individuals, emphasising the influence of non-economic factors, such as being married or

being in a stable relationship, being active in the community and helping others. Personal

health and education are other determinants.

As we can see from Table 2 our vignette sample equally represents women and men,

with respondents, on average aged 65. In the vignette sample 67% of respondents live

with their partner, and in 2% of the cases the partner never worked. Respondents seem to

prefer socialising activity (22%) and voluntary work (15%) to other forms of community

involvement such as educational (8%) or political activity (5%). Finally 11% are part

of a religious organisation. Since the use of self-reported health is prone to endogeneity

with respect to self-reported life satisfaction, we include in the analysis more objective

measures of respondents’ health represented by the number of chronic diseases, a measure

of depression and whether the respondent has any limitation in daily activities. Respon-

dents rate their depression on average at 2.25 on a scale between 0-11, 44% declare to

have limitation in daily activity and have at least one chronic disease.

5.1 Cross-Country Comparisons using Vignettes

Vignettes have been employed in a growing number of surveys including the English Lon-

gitudinal Study of Ageing (ELSA), the World Health Surveys (WHS) and the Survey of

Health, Ageing and Retirement in Europe (SHARE). Table 3 presents a number of key

studies in the vignette literature. Kapteyn, Smith, and Van Soest (2007) utilise a vignette

approach to disentangle true differences in work disability from potential differences in

response scales. Given that this is done for two countries, the United States and the

Netherlands, the imposition of vignette equivalence at the country level is less restric-

13Two types of vignettes were randomly assigned to the respondents: type A for respondents younger
than 65 and type B for respondents 65 years and older. They differ with regard to question order and
gender of the people described in the statements.
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tive.14 Kapteyn, Smith, and Van Soest (2009) have recently extended this approach to

analyse the determinants of life satisfaction for the same pair of countries; they find that

after correcting for differences in response scales, the conclusion that the Dutch are more

satisfied with their lives remains valid.

King, Murray, Salomon, and Tandon (2004) have applied the vignette methodology

to political efficacy in another two country study. They find that without accounting for

response scale heterogeneity Chinese seem to have more political influence than the Mexi-

cans. However, after controlling for scale heterogeneity the conclusion reverses. In a within

country study Delaney, Harmon, Smith, and Van Soest (2007) utilise self-assessment and

vignettes in a survey on drinking behavior among students at a major university in Ire-

land. The self-assessment and vignette responses are then combined in a joint estimation

to identify the varying thresholds.

Kristensen and Johansson (2006) utilise a similar approach to reconsider the empirical

regularity that in cross-country studies certain countries are persistently ranked high with

respect to a number of measures, including job satisfaction (see, for example, Blanchflower

and Oswald (1999)). In particular the authors examine the extent to which cross-country

differences in reported job satisfaction may be attributed to scale heterogeneity. The

identifying assumption is that vignette equivalence holds across seven EU countries.

In this study we utilise vignettes as identification instruments in comparing life sat-

isfaction across the eleven European countries covered by the SHARE data. For life

satisfaction respondents are first asked to rate the following question: ”How satisfied are

you with your life in general?”. The self-assessment question is rated according to the

scale: ”Very Dissatisfied”, Dissatisfied”, ”Neither Satisfied not Dissatisfied”, ”Satisfied”,

”Very Satisfied”. Respondents are then faced with the following two anchoring vignettes:

• John is 63 years old. His wife died 2 years ago and he still spends a lot of time

thinking about her. He has 4 children and 10 grandchildren who visit him regularly.

John can make ends meet but has no money for extras such as expensive gifts to his

grandchildren. He has had to stop working recently due to heart problems. He gets

tired easily. Otherwise, he has no serious health conditions.

• Carry is 72 years old and a widow. Her total after tax income is about e 1,100

per month. She owns the house she lives in and has a large circle of friends. She

plays bridge twice a week and goes on vacation regularly with some friends. Lately

she has been suffering from arthritis, which makes working in the house and garden

14Given that Kapteyn, Smith, and Van Soest (2007) compare work disability across two countries, the
authors also examine the extent to which variation in how respondents translate a true disability level into
a reported indicator affects inference on disability within a country.
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painful.

Respondents are asked to rate the level of life satisfaction of the two hypothetical

individuals described in the above vignettes using the same scale as the self-assessment

question. Figure 1 and Table 4 report the distribution across countries of the respondent’s

life satisfaction for the self-assessment and the two vignettes scored on an ordinal scale

between one and five. As shown in Table 2 the average for self-reported life satisfaction

across countries is around 4, for the first vignette is 2.6 and for the second vignette 3.52.

Looking at the distribution of self-reported life satisfaction in Table 4 we note that in

Italy and the Czech Republic only 7% of the respondents are ”Very Satisfied” with their

life while in Denmark this percentage is 41% and in Sweden is 31%. It is also interesting

to note that in Italy and Greece around 13% of respondents class themselves as ”Very

Dissatisfied” or ”Dissatisfied”, whereas in the Scandinavian Countries this percentage

drops to 2% for Denmark and Sweden and 1% for Netherlands.

This data suggests there may exist scale heterogeneity in our sample based upon

observed differences in the way respondents rate the level of life-satisfaction for any given

vignette. For example, when rating the level of satisfaction of John (vignette 1), only 1%

of Danish rate him as ”Very Dissatisfied” while in Italy the percentage is 13%. Assuming

vignette equivalence this variation can be used to control for scale heterogeneity when

undertaking self-assessment.

6 Results

In this section we present the results of the benchmark ordered probit model and compare

it with two versions of the generalised ordered probit model given by deterministic and

stochastic thresholds. We also present the results of the Hopit model which combines a

self-assessment and vignette model component. In line with the main focus of the paper

in Table 8 we provide cross-country rankings of life satisfaction for each specification

and assess their sensitivity to model specification. In testing for vignette equivalence, we

identify groups of countries which are comparable in terms of the interpretation of the

vignette.

6.1 Ordered Probit and Generalised Ordered Probit

Table 5 presents the results for the ordered and generalised ordered probit models with

deterministic and stochastic thresholds.15 Column two presents the results for the ordered

15The estimation of the ordered probit and generalised ordered probit uses LIMDEP (Greene (2007).
The deterministic version of generalised ordered probit model is estimated by maximum likelihood while
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probit model. We observe that life satisfaction is higher for women and is weakly affected

by the numbers of years in education. Life satisfaction increases with household income

(given household size) and falls with any health limitation and with the number of chronic

disease and depression. Respondents who are currently living with their partner or spouse

report higher levels of life satisfaction relative to those who are alone. Finally, any form

of community involvement exerts a positive effect on life satisfaction, particularly if the

respondent is active in politics, religion, social activity or volunteering.

Column three of Table 5 presents the results for the generalised ordered probit with

deterministic thresholds.16 Although our specification allows thresholds to vary as a func-

tion of the same set of covariates as in the mean equation, for the sake of expediency we

choose to present the parameter estimates for a particular threshold, namely (γ̂4), which

represents the category ”Very Satisfied”. The observed differences in the mean equation

parameters relative to ordered probit, indicate that the threshold specification is account-

ing for some degree of heterogeneity. However we have few priors as to how accounting

for scale heterogeneity in this way might affect the mean parameters with respect to the

ordered probit results. For example, for the deterministic threshold model we find that

both gender and income are now not significant whereas we observe a much larger effect on

life satisfaction of community involvement, particularly volunteering and social activity.

Column four reports the parameter estimates for the upper threshold. Respondents who

receive help, do any voluntary work or are involved in any social activity utilise a higher

threshold for the category ”Very Satisfied”. Note also that few controls are significant

especially in the threshold equation suggesting that a more parsimonious model for the

threshold equation might be considered.

In the last two columns of Table 5 we present the results of a generalised ordered

probit model with stochastic thresholds. In this model the combination of nonlinearities

via the functional form and the random thresholds are used to identify response scale

heterogeneity. The particular variant of the stochastic threshold model we consider is:

ξij = ξij−1 + exp(αj +
C−1∑
c=1

Dicγc + σξjωij) j = 2, ..., J − 1, (15)

where ωij ∼ N(0, 1). Dic = 1 is a dummy variable equal to 1 if individual i is resident

in country c; γc is the associated country effect. Although the stochastic threshold model

represents a useful extension of the ordered response model in accounting for individual

the stochastic version by maximum simulated likelihood.
16Note that for all models estimated in LIMDEP the parameters for the first threshold are restricted to

be zero. A constant is included in the estimation of the mean equation but is not reported in the table of
results.
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reporting heterogeneity, we encountered a number of numerical problems when estimating

the parameters of this model. Eluru, Bhat, and Hensher (2008) and Greene and Hensher

(2010)) report similar estimation problems. In our model the threshold specification in-

cludes a threshold constant and standard deviation, together with a full set of country

dummies. We impose zero restrictions on the elements of γ which are associated with

covariates which vary across individuals.17

In Table 5 we present estimates for the mean (β̂), together with the mean and standard

deviation of the threshold random effects (α̂j , σ̂ξj). Estimates of threshold parameters

for the country effects (γ̂C) are presented in Table 8. The mean equation parameters

of this more parsimonious model are reported in column five of Table 5. As a result of

the parameter restrictions we note that in a number of instances parameter estimates are

similar to the ordered probit. Given that the stochastic generalised ordered probit model

nests the ordered probit we perform a likelihood ratio test and find that this generalised

model represents an improvement. There are also differences in the estimation of country

dummies in the two models and this is discussed in Table 8.

6.2 Hierarchical Ordered Probit

Table 6 presents the results of the mean equation for the Hopit model.18 Column two

presents the results for the mean equation for all countries, while columns 4-7 present the

parameter estimates for groups of countries which are located on the basis of a test of

vignette equivalence which is discussed below. We again report the parameter estimates

for the threshold category γ̂4, ”Very Satisfied”. The bottom part of Table 6 reports the

results for the vignette equation which includes estimates of the mean parameters for the

two vignettes, θ̂1 and θ̂2, and the standard deviation parameter σ̂ω.

In the results for all countries we observe that relative to males, females are still more

likely to report higher levels of life satisfaction with a magnitude similar to the ordered

and generalised stochastic ordered probit estimates. However, we again emphasise that we

have few priors on the expected direction of the change in the mean equation parameters.

We note, however, that age is now significant and household income exhibits a larger effect

relative to the ordered and generalised ordered probit models. The level of community

involvement, especially volunteering and social activity, exhibit relatively large effects.

To assess whether the Hopit model facilitates comparability across all countries we

perform a test for vignette equivalence. To perform the test we maximise the log of the

17In extending our work we plan to explore a number of richer specifications of the stochastic generalised
ordered probit model incorporating in the threshold equation a subset of the controls.

18This model is estimated using conditional maximum likelihood and implemented by the STATA module
GLLAMM - see Rabe-Hesketh and Skrondal (2008).
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likelihood given by (12), utilising a variant of the vignette component given by (14). The

test results are presented in Table 7. In column two we present the mean parameter esti-

mates for the vignette equation, θ̂1 and θ̂2, and the parameter estimates for the country

interaction effects, θ̂2 ∗Dic with c = 1, ..., C − 1. Parameter estimates for θ̂2 ∗Dic which

are not significantly different from zero, indicate a group of homogenous countries in the

sense that the interpretation of the vignettes are comparable. This group is formed by

Germany, the Netherlands, France and Greece. We now restrict the sample to the remain-

ing countries, and employ the same test of vignette equivalence to determine whether there

exist additional groupings.19 As reported in column four, we are able to locate a second

group of countries formed by Spain, Italy, Denmark, Belgium and the Czech Republic,

with Poland forming a singleton. A likelihood ratio test strongly rejects the model that

assumes vignette equivalence for all countries.

Parameter estimates for each subgroup are presented in column four to seven of Table

6. In Group 1 all countries are EU member states while the second includes one accession

country (Czech Republic). Previous studies on the determinants of life satisfaction across

Europe have found that while economic factors are not as important for the EU-15, espe-

cially for the Scandinavian and Continental European countries, they are still important

drivers of life satisfaction for the accession countries and the Mediterranean countries (see

Aslam and Corrado (2007)). In comparing parameter estimates for the two subgroups we

find similar results. For example, marital status exerts a significantly larger effect on life

satisfaction in the first group of core European countries. In the second group income and

poor health, particularly limitation in daily activities, play a greater role.

6.3 Country Rankings

In Table 8 we report parameter estimates and indicators of significance for country dum-

mies for model specifications presented in the previous sections. Using the parameter

estimates for the country dummies we also construct a ranking of countries in terms of

reported life satisfaction, and comment on the variation in these rankings across different

specifications.

The rankings generated by the ordered probit model (column 2) indicate that life

satisfaction is highest for Denmark and lowest for Greece. These results, along with high

rankings for Sweden and Netherlands are in line with the findings of a number of previous

studies ((Inglehart and Klingemann (2000)). In columns 4 and 6 we report rankings

for two generalisations based on, respectively, deterministic and stochastic thresholds. In

both cases we note substantial differences in the rankings relative to the benchmark model.

19For both tests we utilise a significance level of 10%.
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Although these differences demonstrate an impact of the different model specifications, and

in particular how rankings on life satisfaction change dependent upon alternative strategies

to identify scale heterogeneity, there are a number of factors which limit the inference we

can make. First, across all models the ranks are based on parameter estimates, which,

in a number of instances are not statistically significant. Related, it is also the case

that the testing strategy is not capable of generating a full set of rank order statistics,

together with interval estimates for these ranks. For example, if we compare the results

for the deterministic and stochastic threshold models, alongside the Hopit results using all

countries, we observe that the Netherlands is ranked 2nd and 1st. In addition for the same

three models three countries are consistently in the top 5 countries (Spain, Netherlands

and Poland), although the estimated ranks differ. Although these results demonstrate a

degree of robustness in terms of locating countries which are ranked either high or low,

the full ranking exhibits variation dependent upon the identification strategy. Put another

way, given that these ranks are statistics with sampling distributions, the data may not

be sufficient to generate a full set of order statistics.

A limitation of the generalised ordered probit models considered here is that there

exists a maintained assumption that conditional on the use of the respective identification

strategies, scale heterogeneity can be accounted for, and reliable inference conducted using

the mean equation parameters. When using the Hopit model, the additional vignette

information has provided an alternative identification strategy, with an advantage that we

can test for cross-country comparability. In testing for vignette equivalence we rejected

comparability across the full set of countries, and located two groups of countries which

are directly comparable. The rankings for the groups are given in columns 10 and 12. We

also find the one country, Poland, appears to interpret the vignette in a different way from

the other countries.

7 Conclusion

In this paper we have considered the problem of inference in cross-country surveys of life

satisfaction. In particular we have examined the extent to which the impact of country

of residence on life satisfaction is confounded by scale heterogeneity. Although our find-

ings suggest that existing models are able to differentiate between high and low ranked

countries, our results suggest that the complete rankings for life satisfaction depend on

the identification strategy. For the model specification based upon vignettes, the rejection

of comparability across all countries provides a question over the design of the vignette.

Increasingly social scientist have become actively involved in the design of survey ques-

tionnaires, including, for example, consideration of possible instruments in anticipation of
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endogeneity problems. The use of vignettes in conjunction with self-assessment responses

represents a similar development, and in this regard there may be scope for pilot studies

to explore the issue of vignette equivalence. Existing work by one of the authors (Weeks

(2010)) has considered a related set of problems encountered when ranking stochasti-

cally ordered distributions. We are currently developing these methods within a Bayesian

framework and extending to the present analysis. In addition given that the primary focus

of much of the extant literature is on point identification, we will consider the extent to

which methods based upon partial identification may be of use.
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Table 2: Descriptive Statistics

Variable Mean S.D. Min Max

Life Satisfaction 3.90 0.77 1 5

Vignette 1 2.66 0.81 1 5

Vignette 2 3.52 0.84 1 5

Female 0.53 0.50 0 1

Age 64.90 9.81 50 97

Years Education 11.21 3.99 1 25

Household Size 2.09 1.05 1 10

Log Household Income 7.56 1.20 0 13.82

Living with Partner 0.67 0.47 0 1

Partner never Worked 0.02 0.15 0 1

Limitation 0.44 0.50 0 1

Depression 2.25 2.19 0 11

Chronic Diseases 1.68 1.54 0 10

Received Help 0.24 0.42 0 1

Voluntary Work 0.15 0.35 0 1

Educational Activity 0.08 0.26 0 1

Social Activity 0.22 0.42 0 1

Religious Activity 0.11 0.31 0 1

Political Activity 0.05 0.21 0 1

N 3927

Source: Share Data Wave-2 2006.
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Table 7: Hopit: Test for Vignette Equivalence

Life Satisfaction

All Countries Group1 Group2

θ̂1 2.83* 4.82* 0.85

θ̂2 3.80** 5.74** 2.42+

θ̂2∗Netherlands 0.15 0.14

θ̂2∗France 0.21 0.21

θ̂2∗Greece -0.12 -0.11

θ̂2∗Sweden 0.56** -

θ̂2∗Spain 0.28+ -0.29

θ̂2∗Italy 0.38** -0.19

θ̂2∗Denmark 0.39** -0.17

θ̂2∗Belgium 0.70** 0.14

θ̂2∗Czechia 0.47** -0.10

θ̂2∗Poland 0.25* -0.33*

σ̂ω 0.11** 0.04 0.15**

Reference Country Germany Germany Sweden

Sample Size 3927 1192 2675

Log-likelihood -12783.6 -4047.4 -8693.3

+ p < 0.10, * p < 0.05, ** p < 0.01

33



T
ab

le
8:

C
ou

n
tr

y
R

an
k
in

gs

O
rd

er
ed

P
ro

b
it

G
en

er
a
li
se

d
O

rd
er

ed
P

ro
b
it

H
o
p
it

D
et

er
m

in
is

ti
c

S
to

ch
a
st

ic
A

ll
G

ro
u
p

1
G

ro
u
p

2

R
a
n
k
in

g
C

o
u
n
tr

y
β̂
C

C
o
u
n
tr

y
β̂
C

C
o
u
n
tr

y
β̂
C

C
o
u
n
tr

y
β̂
C

C
o
u
n
tr

y
β̂
C

C
o
u
n
tr

y
β̂
C

1
)

D
en

m
a
rk

0
.7

1
*
*

S
p
a
in

1
.1

6
*

N
et

h
er

la
n
d
s

1
.2

3
*
*

N
et

h
er

la
n
d
s

0
.9

3
*
*

N
et

h
er

la
n
d
s

0
.9

1
*
*

S
w

ed
en

0
.4

2
*
*

2
)

S
w

ed
en

0
.4

0
*
*

N
et

h
er

la
n
d
s

0
.7

9
P

o
la

n
d

0
.4

3
*
*

S
w

ed
en

0
.4

9
*
*

F
ra

n
ce

0
.3

9
*
*

S
p
a
in

0
.2

6
+

3
)

P
o
la

n
d

0
.3

8
*
*

B
el

g
iu

m
0
.4

2
C

ze
ch

R
.

0
.3

8
*

P
o
la

n
d

0
.4

3
*
*

G
re

ec
e

-0
.1

8
D

en
m

a
rk

0
.1

3

4
)

N
et

h
er

la
n
d
s

0
.3

7
*
*

D
en

m
a
rk

0
.3

3
S
p
a
in

0
.1

5
F

ra
n
ce

0
.3

9
*
*

It
a
ly

-0
.0

8

5
)

S
p
a
in

0
.2

5
*

P
o
la

n
d

0
.2

7
D

en
m

a
rk

0
.0

6
S
p
a
in

0
.3

5
*

C
ze

ch
R

.
-0

.1
7

6
)

B
el

g
iu

m
0
.1

6
*

C
ze

ch
R

.
0
.1

2
B

el
g
iu

m
-0

.0
7

D
en

m
a
rk

0
.1

9
+

7
)

C
ze

ch
R

.
-0

.0
1

S
w

ed
en

0
.1

0
S
w

ed
en

-0
.1

4
B

el
g
iu

m
0
.0

7

8
)

F
ra

n
ce

-0
.1

0
It

a
ly

0
.0

1
F

ra
n
ce

-0
.2

0
It

a
ly

0
.0

1

9
)

It
a
ly

-0
.3

3
*
*

G
re

ec
e

-0
.3

4
It

a
ly

-0
.2

3
C

ze
ch

R
.

-0
.0

9

1
0
)

G
re

ec
e

-0
.3

7
*
*

F
ra

n
ce

-0
.3

5
G

re
ec

e
-0

.4
3
*
*

G
re

ec
e

-0
.2

2
+

R
ef

er
en

ce
G

er
m

a
n
y

G
er

m
a
n
y

G
er

m
a
n
y

G
er

m
a
n
y

G
er

m
a
n
y

B
el

g
iu

m

+
p
<

0.
1
0,

*
p
<

0.
05

,
*
*
p
<

0.
0
1
.

34



0.2.4.6.8 0.2.4.6.8 0.2.4.6.8

Se
lf

Vi
gn

1
Vi

gn
2

Se
lf

Vi
gn

1
Vi

gn
2

Se
lf

Vi
gn

1
Vi

gn
2

Se
lf

Vi
gn

1
Vi

gn
2

Se
lf

Vi
gn

1
Vi

gn
2

Se
lf

Vi
gn

1
Vi

gn
2

Se
lf

Vi
gn

1
Vi

gn
2

Se
lf

Vi
gn

1
Vi

gn
2

Se
lf

Vi
gn

1
Vi

gn
2

Se
lf

Vi
gn

1
Vi

gn
2

Se
lf

Vi
gn

1
Vi

gn
2

G
er

m
an

y
Sw

ed
en

N
et

he
rla

nd
s

Sp
ai

n

Ita
ly

Fr
an

ce
D

en
m

ar
k

G
re

ec
e

Be
lg

iu
m

C
ze

ch
ia

Po
la

nd

F
ig
ur
e
1:
D
is
tr
ib
ut
io
n
of
Se
lf
-R
ep
or
ts
an
d
V
ig
ne
tt
es
.

35


	Introduction
	Heterogeneity and Survey Response
	Generalised Ordered Response
	Generalised Threshold Models
	Identification Strategies


	Incorporating Additional Information
	Testing

	Data
	Cross-Country Comparisons using Vignettes

	Results
	Ordered Probit and Generalised Ordered Probit
	Hierarchical Ordered Probit
	Country Rankings

	Conclusion



