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Abstract

This paper compares the use of parametric and non-parametric approaches to adjust for
heterogeneity in self-reported data. Despite the growing popularity of the HOPIT model to
account for reporting heterogeneity when dealing with self-reported categorical data, recent
evidence has questioned the validity of this heavily parametric approach. We compare the
performance of the HOPIT model with the non-parametric estimators put forward by King et
al. (2004) and King and Wand (2007). Using data relating to the health domains of mobility
and memory from the Survey of Health, Ageing and Retirement in Europe (SHARE) we
perform pairwise country comparisons of self-reported health, objective measures of health,
and measures of health adjusted for the presence of reporting heterogeneity. Our study design
focuses on comparisons of countries where there exist a discrepancy between the distribution
of self-reported data and objective measures of health and assesses whether vignettes are able
to reconcile this difference. Comparisons of distributions are based on first order stochastic
dominance. In general, HOPIT and non-parametric estimation produce similar results in
terms of first order stochastic dominance for the domains of both mobility and memory.
Neither method consistently explains discrepancies across countries between self-reported
and objective measures of health mobility and memory.
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1. Introduction

Self reported data are ubiquitous in socia surveys. For example, respondents are often
asked their opinion about their customer satisfaction, their job or life satisfaction, their
satisfaction with public services or their health status. Although these kinds of question are
widely used by socia researchers, the comparability of responses across survey respondents
is often questionable. Consider, as an example, self-assessed health status, which is often
measured on an ordered 5-point categorical scale, ranging from very poor to excellent health.
A common problem with such scales is that individuals faced with the self-reported health
instrument are likely to interpret the meaning of the available response categories in a way
that systematically differs across populations or population sub-groups (Salomon et a. 2004).
This implies that individuals use different thresholds when mapping their “true’ underlying
level of hedth to the response scale available in the survey question. This phenomenon is
variously referred to as differential item functioning, differential reporting behaviour,
reporting heterogeneity or response cut-point shift. Where this occurs randomly across
individuals it does not present a mgjor concern when analysing health outcomes. Systematic
variation in reporting behaviour across individuas is more problematic and can be
particularly troublesome for cross-country comparative analysis where differences in social
norms and expectations are likely to heavily influence the type of response scale (Salomon et
al. 2004, Prarr et al. 2011). Accordingly, analyses of health outcomes may produce invalid
inference should country differences in reporting not be taken into account.

Anchoring vignettes have been proposed as a way to address the issue of reporting
heterogeneity (King et a. 2004). Vignettes represent hypothetical descriptions of fixed levels
of a latent construct such as heath status. Since respondents rate the same fixed level
described by a given vignette, differencesin their ratings are assumed to be due to differences
in reporting behaviour. Thus vignettes offer a useful means to assess systematic variation in
ratings by relating respondent assessments to their socioeconomic and demographic
characteristics. This information can then be used to adjust self-reported data to achieve
greater cross-respondent comparability. A number of large-scale socia surveys such as the
Survey of Hedth, Ageing and Retirement in Europe (SHARE), the U.S. Heath and
Retirement Study (HRS), the English Longitudinal Study of Ageing (ELSA), and the World
Health Survey (WHS) have introduced vignettes to be used alongside self-reported data.



The mgjority of studies that address the issue of reporting heretogeneity using vignettes
have adopted the hierarchical ordered probit (HOPIT) model (Tandon et a. 2003). The
HOPIT model is an extension of the standard ordered probit model that allows the cut-point
thresholds (that separate the response categories) to vary across individuas as functions of
respondent characteristics. In so doing, the model allows for systematic reporting behaviour
to vary across respondents. The HOPIT model has been applied in several areas of economics
and social science, for example, to investigate: self-reported data on health status (lburg et al.
2002, King et a. 2004, Bago d'Uva et al. 2008, Peracchi and Rossetti 2009, Grol-
Prokopczyk et al. 2011); healthy behaviours (van Soest et al. 2011); satisfaction with health
systems performance (Valentine et al. 2003, Puentes Rosas et al. 2006, Sirven et al. 2008,
Rice et al. 2012); work disability (Kapteyn et al. 2007, Kapteyn et al. 2009, Angelini et al.
2011a, Paccagnella 2011); political efficacy (King et al. 2004), job satisfaction (Kristensen
and Johansson 2008); life satisfaction (Angelini et a. 2011b), satisfaction with income
(Kapteyn et a. 2011a) and consumer satisfaction with products and services (Ross et al.
2001).

While the parametric HOPIT model has dominated empirical applications of the
vignette approach, non-parametric methods have also been developed to address the issue of
reporting heterogeneity, but these have seldom been applied in the literature (Chevalier and
Fielding 2011). In particular, King et a. (2004) and King and Wand (2007) have proposed an
approach which exploits arespondent’s ordering of the vignettes and the relative position of
their self-assessment within this ordering. To our knowledge, the only other study that has
applied this approach is Hudson (2011), which investigates reporting heterogeneity in
parents’ assessments of their children's respiratory health. The non-parametric approach has
the advantage of avoiding the parametric assumptions inherent in the HOPIT model. A
potential disadvantage is that datais required on all respondents for both the self-assessments
and ratings of the full set of vignette questions. In contrast, the HOPIT approach only
requires respondents to answer the self reports together with a sub-set of vignettes, which is
preferable for survey gquestionnaire design (King et a. 2004). In addition, the non-parametric
approach requires the ability to order the vignettes from best to worst. This might not be
straightforward for some concepts of interest. For example, if we consider the vignettes
included in the World Health Survey questionnaire on respectful treatment as an indicator of
the quality of health services, patient’s valuations of different aspects of respectful care may
very considerably leading to no natural ordering among the vignettes.



Despite the growing popularity of the vignette methodology to address the issue of
reporting heterogeneity, the formal evaluation of the validity of the approach remains a topic
of ongoing research. For the approach to be valid, two assumptions need to hold. The first,
termed vignette equivalence, implies that “the level of the variable represented by any one
vignette is perceived by al respondents in the same way and on the same unidimensional
scale” (King et a. 2004, p. 194). This assumes that all respondents agree on the underlying
latent level described by the vignette except for random error. The second assumption,
termed response consistency, implies that individuals use the same mapping from the
underlying latent scale to the available ordered response categories when responding to both
the self-assessments and the vignette questions. This assumption alows the relationship
between reporting behaviour and characteristics of respondents obtained using the responses
to the vignettes to be used to adjust respondents self-reports of the underlying construct of
interest.

The empirical literature investigating the two assumptions is equivocal. While Murray
et a. (2003), King et a. (2004), Kristensen and Johansson (2008), Rice et al. (2011) and
Hudson (2011) provide evidence in support of the assumption of vignette equivaence,
largely making use of non-parametric methods, Datta Gupta et al. (2010), Peracchi and
Rossetti (2010) and Bago d* Uvaet al. (2012) do not. Corrado and Weeks (2010) are sceptical
about the comparability of survey responses across countries and develop a test that allows
the identification of subsets of countries where the assumption of vignette equivalence holds.
For response consistency Kapteyn et al. (2011b) and van Soest et a. (2011) provide
supporting evidence, whereas Bago d'Uva et a. (2012) and Peracchi and Rossetti (2010)
reject the assumption. It is notable that the studies which test response consistency (with the
exception of Peracchi and Rossetti 2010) rely on the availability of objective measures of the
concept of interest.! An important consideration, which is often overlooked is whether the use
of vignettes may still aid in adjusting comparisons of self-reports closer to some “true
underlying difference even where the assumptions are rejected by statistical criteria. That is,
are the methods helpful in improving comparability where the assumptions of response

consistency and vignette equivalence fail on statistical criteria.

! Peracchi and Rossetti (2010) provide an important contribution by demonstrating how response consistency
and vignette equivalence can be tested in the absence of objective measures. They exploit the fact that under
these assumptions the model is over-identified where there are one or more vignettes available for the concept
under analysis. The test applied to health domains in SHARE rejects the assumptions of response consistency
and vignette equivalence.



This paper considers two research issues. First, we compare the relative performance of
a non-parametric approach as an aternative to the HOPIT model to adjust for reporting
heterogeneity. Secondly, we assess how well the methods adjust self-reports of health status
towards “true’ underlying health. We use objective measures of health as a benchmark in
assessing these related issues. We do this by drawing on data from the Survey of Health,
Ageing and Retirement in Europe (SHARE), a survey of household members born in or
before 1954 across twelve European countries. The data are particularly useful as they
contain information on self-reports of heath status together with objective measures and
vignettes for two domains of hedth. This enables us to undertake pairwise country
comparisons of self-reported health (hereinafter, SRH), objective measures of headlth, and
adjusted measures of SRH purged of reporting behaviour, with adjustment derived from both
parametric (HOPIT) and non-parametric methods. We adopt a study design that focuses on
pairwise comparisons of countries where there exists a discrepancy between comparisons
based on self-reported health and comparisons based on objective measures of health. That is,
where comparisons based on objective measures suggest a difference in health status, but
self-assessments of health do not, or vice versa. Differences are based on first-order
stochastic dominance of respective distributions of health. This set-up allows usto investigate
whether vignettes are helpful in adjusting comparison of self-reports of health towards the
“true’ underlying differences observed in the objective measures (irrespective of assumptions
about vignette equivalence and response consistency). It further alows us to assess the

relative performance of the HOPIT model compared to a non-parametric approach.

2. Methods

The reporting of SRH is via an ordered categorical variable which is assumed to be a
discrete representation of some underlying latent scale. Should individuals map the latent
scale to the survey response categories in a consistent way, irrespective of their
characteristics or circumstances, then we would observe homogeneous reporting behaviour.
In these circumstances the standard ordered probit estimator that assumes a set of fixed
thresholds applicable to all respondents would offer an appropriate method to model the data.
However, where individuals systematically differ in the positioning of thresholds to map the
latent construct to the available response categories, then reporting heterogeneity arises. This
obfuscates meaningful analyses across groups of individuals and methods to correct for

reporting heterogeneity are required to improve comparability.



2.1. Non-parametric methods

King et a. (2004) and King and Wand (2007) propose a non-parametric approach for
examining the categorical self-reports and associated vignettes. The method exploits the
ordering of the vignettes and the relative position of the self-assessment rating within this
ordering. To implement the method, an individual’s categorical self-assessed response is
recoded to locate it relative to their rating of the set of vignettes. Accordingly, define y; asthe
categorical self-assessment for respondent i and r;4, ..., 13, the corresponding set of K vignette
responses. Respondents are presented the same set of response categories for both the self-
assessment and the set of vignettes. Assuming all respondents order the vignettes in an

identical way (7;,_1 <7 Vi k), then King et a (2004) define arecoded response C; as

( 1if}’i<ri1

2ifyi=m
C = 3ifrn <y <y (1)
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Accordingly, C defines a scale that places the self-ratings relative to the respondent’s
assessment of the set of vignettes. The scale on which C lies includes a greater number of
possible categories than the original scale on which the self assessments where made but
importantly is purged of differential reporting behaviour. Once obtained, C; can be used to
perform direct comparisons across individuals or can be modelled using parametric methods,
such as the ordered probit model. Where respondents fail to uniquely differentiate between
vignettes leading to ties in their ratings, then it is suggested to define C; by a set of values (or
range) rather than a single value. For example, if y; = r;; = r;,, then C; = {2,3,4}. Moreover,
in practice respondents might rank the vignettes inconsistently. To retain the information
contained in these responses, King et al. (2004) suggest grouping across the vignettes causing
the inconsistency and treating these as ties. However, dealing with a set of values instead of a
scalar value presents challenges to implementing the approach. King et al. (2004) suggest

alocating C; by assuming a uniform distribution for the values across the specified range,
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while King and Wand (2007) extend the approach by developing a generalisation of the
ordered probit model. Their censored ordered probit model, models C; by including the
potential range of values that C; might take within the thresholds that map the latent scale to
the observed outcome assuming that the latent variable has a normal distribution. For the
standard ordered probit model a latent outcome, y;", is modelled as a conditional normal with
mean X; and variance 1. For identification the constant is set to zero. For scalar values of C;,
the observation mechanism relating the latent variable y;" to the observed category C; can be
expressed as.

Ci=c |f Pe-1 = yl;k < Uc @)

for=1,...,2K+1,with yy = —ccand pyg41 = ©

For vector values of C;, the censored ordered probit model generalises the standard ordered

probit model by extending the observation mechanism in equation (2) as follows:

Ci=c if Hmin(c)-1 = ylik < Hmax(c) (3)

Following King et al., (2004) and King and Wand (2007) we refer to the non-
parametric approach as the C-estimator.

2.2. Hopit model

The HOPIT mode (developed by Tandon et al. 2003) is an extension of the ordered
probit model that allows the thresholds to vary across individuals as a function of respondent
characteristics. The HOPIT model can be thought of as consisting of two parts. The first part
uses vignettes to provide a source of exogenous information enabling the thresholds to be
modelled as a function of relevant respondent covariates. The second part relates the set of
regressors determining underlying latent health while controlling for differences in reporting
behaviour by fixing the thresholds to the relationships obtained in the first part of the model.



For a formal description of the model see, as an example, King et a. (2004). This model has

been described numerous times in the literature and we do not repeat this here.

3. Survey of Health, Ageing and Retirement in Europe (SHARE)

We make use of the first wave (2004-2005) of SHARE which is a survey of household
members born in or before 1954 and covers twelve European countries (Austria, Belgium,
Denmark, France, Germany, Greece, Israel, Italy, Netherlands, Sweden, Switzerland, Spain).
The dataset has a similar design to the US Health and Retirement Study and contains
information on the individual life circumstances of all eligible members of approximately
18,000 households. The data includes information relating to respondents’ health overall and
on six specific domains of hedth (breath, pain, mobility, work disability, depression and
memory). For each domain three vignette questions are asked of respondents. In addition, the
survey includes objective measures of health, notably in the domains of mobility and
cognitive ability. We make use of data from Belgium, France, Germany, Greece, Italy,
Netherlands, Spain, and Sweden, since only these countries fielded data on anchoring

vignettes.

We use the two health-related domains mobility and memory for which 4408 and 4413
individuals, respectively, responded to both the questions on vignettes and their own health
conditions. For self-reported mobility individuals are asked “Overall in the last 30 days, how
much of a problem did you have with moving around?’ while for memory the question reads
“Overdl in the last 30 days how much difficulty did you have with concentrating or
remembering things’. For both questions, the available response categories are “None”,
“Mild”, “Moderate’, “Severe”, “Extreme’. Table 1 reports the frequencies of responses to
these categories across the eight counties for mobility and memory, respectively. These
descriptive statistics show substantial variability in the reporting of health. For example,
while 74% of Greek respondents report no problems with mobility, only 38% of Swedish
respondents do likewise. However, 56% of Swedish respondents report no problems with
memory contrasted against 34% of respondents in Belgium. The variation in reporting will
reflect differences both in underlying health status and reporting behaviour. The purpose of
using the methods outlined above is to purge the latter to reveal only differences in
underlying health.



Respondents are asked to evaluate three vignettes related to the mobility domain and
three related to memory. Anillustrative vignette for mobility is: “Tom has alot of swellingin
his legs due to his health condition. He has to make an effort to walk around his home as his
legs feel heavy. Overdl in the last 30 days, how much of a problem did Tom have with
moving around?’. For memory, an illustrative vignette is. “Lisa can concentrate while
watching TV, reading a magazine or playing a game of cards or chess. Once a week she
forgets where her keys or glasses are, but finds them within five minutes. Overal in the last
30 days, how much difficulty did Lisa have with concentrating or remembering things?”’
When rating vignettes, individuals choose among the same categories as those available for
the self-reports. Table 2 presents the percentage of respondents, by country, reporting each of
the five categories for the two illustrative vignettes. This table clearly shows heterogeneity
across respondents in reporting of the vignettes. For example, approximately 16% of
respondents rate mobility problems described in the vignette as extreme, while around 49%
and 30% rate this as severe and moderate, respectively. Given the fixed and exogenous nature
of the vignettes this variation in respondents ratings provides prime-facie evidence of
differential reporting behaviour. Reporting behaviour also appears to vary across countries
and while approximately 30% of respondents in Greece judge mobility described in the
illustrative vignette as extreme, in France only around 4% of respondents chose this response

category.

Our objective measure of mobility is based on a walking speed test. This is aimed at
eliciting information about mobility and functioning of the lower limbs, and is implemented
by atimed walk over a short distance (2.5 m). The measure is available only for those aged
75 years and over or younger respondents with self-reported mobility limitations. Since this
measure is available for a subsample of individuals only we supplement it with a measure of
hand grip strength. Hand grip strength is measured using a hand-held dynamometer, which
shows strength in kilograms and this test is applied to al individuas without an age
restriction.? Hand grip strength has been found to predict the severity of late-life disability
and mortality (Frederiksen et a., 2002; Rantanen et al., 1998) and recently has been used
elsewhere as an objective indicator of mobility (Bago d'Uva et a. 2012). For the memory
domain, SHARE contains objective measures of cognitive ability, such as verbal fluency and

numeracy. Among these, we exploit information provided by a memory test termed “ten

2 Respondents are asked to squeeze a lever as hard as they can for a couple of seconds and then let go. Grip
strength is calculated from this.



words list learning”.’ This test reports on the number of words an individua can recal from

10 words previously provided to respondents.

SHARE also contains rich information on individual socio-economic characteristics. In
common with a great deal of the literature on reporting behaviour, we restrict our attention to
a set of key variables and include age (as a continuous variable), gender (a dummy variable
for men), household income (in Euros), education (a dummy variable for having a number of
years of school below the average), and marita status (a dummy variable for being married or
living with a partner). Table 3 reports summary statistics for these variables for each of the

eight countries considered.

4. Study design

To evaluate how well the parametric and non-parametric approaches perform in
adjusting for differential reporting behaviour we undertake pairwise country comparisons of
SRH, of objective measures of health, and of SRH adjusted for reporting behaviour. The
adjusted measures are derived from both the parametric and non-parametric models and
comparisons are made for both mobility and memory health domains. Our study design
focuses on pairwise comparison of countries where there exists a discrepancy between
assessments based on self-reported health and those based on objective measures. Since the
objective measure of mobility is recorded only for people aged over 75 years or younger
respondents with self-reported mobility limitations, we supplement this measure with a
measure of hand grip strength and consider comparisons where a discrepancy exists between

self-reported mobility and the two objective measures.

We test for differences in health distributions using first order stochastic dominance.
For self-reports and objective measures, which are measured on a categorical scale, we apply
the Kolmogorov-Smirnov test (Kolmogorov 1933, Smirnov 1948). Strictly the Kolmogorov-
Smirnov test is a test of equality of distributions and not specifically a test of stochastic
dominance. Therefore, when the test suggests rejecting the null hypothesis of equality we

confirm stochastic dominance by a visual inspection of graphs of the two distributions to

® Individuals are told “Now, | am going to read a list of words from my computer screen. We have purposely
made the list long so it will be difficult for anyone to recall al the words. Most people recall just a few. Please
listen carefully, as the set of words cannot be repeated. When | have finished, | will ask you to recall aloud as
many of the words as you can, in any order. Isthis clear?’. They are then administered the test.
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disregard comparisons where curves may cross. Comparisons of the adjusted headth
distributions are undertaken using the method devel oped by Anderson (1996). Since the non-
parametric C estimator results in both scalar and vector values (for tied observations and
inconsistent orderings), and the HOPIT model produces counterfactual predictions of the
probability of belonging to each health status category, the Kolmogorov-Smirnov test is not
applicable. The approach of Anderson (1996) is based on the population frequencies for each
of the categories of the outcome of interest. We apply this test to the sample frequencies
derived from the HOPIT and non-parametric model. The intuition behind Anderson's test is
the following. Let H be the range space of health levels from the health distributions of
country A and country B, with cumulative distributions Fa(h) and Fg(h), respectively. First
order stochastic dominance of B with respect to A is equivalent to and requires a test of the

following condition:
FA(h) < FB(h), FA(hj) + FB(hj) forsomej=1,..,], Vh €eH (4)

The test is straightforward to implement. The combined sample for A and B is

partitioned into j equal intervals and, in each interval, the empirical frequencies of the A and

A
B samples is computed: for example, pf} = z—’A j =1, ...3, Wherex]-A is the number of
observations in country A in the j** interval j, and nis the total number of observations in
country A. Let |1 be ak x k lower-triangular matrix of ones. Since the cumulative distribution

function at a point | can be computed as F(c;) = ¥!_,p,, atest of condition (7) requires

testing the following hypothesis:
Ho:Ir (p* — p®) =0 against Hy: I (p*— p®) <0 (5)

In particular, first-order dominance of distribution B over A requires that no element of
the vector I (p* — p®) be significantly greater than zero, while at least one element is
significantly negative.* The significance of the test statistic I (p — p®) can be assessed
through the use of the studentized maximum modulus distribution (Stoline and Ury 1979).

Sample frequencies for the categories of self-reported health adjusted for reporting
hererogeneity can be computed from the simulations (predictions) from the HOPIT model.
These simulated frequencies are obtained assuming all individuals adopt the reporting

* Since this is symmetric, in order for distribution A to dominate distribution B, no element of the vector
I (p* — p®) should be significantly negative, while at least one element should be significantly positive.
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behavior of a selected baseline country. A common reporting style for both countries is
adopted in order to try to purge these smulated frequencies from reporting heterogeneity
(see, for example, Rice et al. 2012).

Issues due to ties and inconsistencies in the ordering of the vignettes are dealt with by
following the two approaches suggested by King et a (2004) and King and Wand (2007).
The first approach assigns a discrete value to an individual where inconsistencies or ties have
resulted in C taking arange or vector of values by assuming the values over the range have a
uniform distribution (see King et al., 2004). We refer to this as the “uniform distribution
approach”. The greater number of cases with interval values and the larger the intervals, the
more uniform the resulting distribution will look. The second approach, proposed by King
and Wand (2007), involves estimating the censored ordered probit model described above to
regress C; on a set of individua characteristics (those used in the HOPIT model). The

resulting predictions from the model are then used to compute the sample frequencies.”

Estimation of the HOPIT model was undertaken using STATA 11, while the non-
parametric estimator C was computed using the package “anchors’ available in R and
developed by Wand, King and Lau (2011).

5. Results

Cross-country comparisons of unadjusted SRH and their respective objectives
counterparts lead to five pairwise comparisons for mobility and twelve for memory. As an
illustration, Figure 1 compares mobility in the Netherlands to Italy and shows the cumulative
distribution of SRH, of the objective measures of health (walking speed and hand grip
strength) and of the predicted frequencies of health derived from the HOPIT model and the
non-parametric C estimator (for brevity, we show only the results from assuming ties and
inconsistencies are dealt with by imposing a uniform distribution). Visual inspection of the
figure suggests that neither country stochastically dominates for SRH, but that The
Netherlands dominates Italy on the objective measures of mobility (walking speed and hand
grip strength) indicating greater mobility in The Netherlands compared to Italy. Measures of
SRH adjusted for reporting behaviour also suggests stochastic dominance for The
Netherlands over Italy. This set of results imply that adjusting SRH for differences in

> While neither model is devoid of parametric assumptions, these are only used to deal with the problems of ties
and inconsistencies in the ordering of the vignettes and we continue to refer to the underlying approach as non-
parametric.
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reporting leads to comparisons of self-assessments more closely aligned to the comparison of
the objective measures than the comparison based on unadjusted SRH. This supports the use
of vignettes as a credible way to adjust self-reported data for cultural differences in norms
and expectations.

The preliminary evidence reported in Figure 1 is supported by the results we get when
running formal tests of stochastic dominance. Table 4 reports D (the largest difference
between the distribution functions of the two countries under comparison) and the p-values
for the Kolmogorov-Smirnov first order stochastic dominance tests for SRH, walking speed
and hand grip strength. The null hypothesisis atest of equality of the cumulative distribution
functions of the two countries (we test the corresponding test statistics at the 5% critical
value). Table 5 shows the corresponding statistics for the Anderson's test, reported for
predictions from the HOPIT model and the C non-parametric estimator. For the latter model,
we consider predictions from both the ‘uniform distribution approach’ and the censored
ordered probit model. Since both kinds of predictions produce very similar results, we focus
only on results derived from the approach that assumes a uniform distribution for ties and
inconsistencies. In the column for the HOPIT model each statistic corresponds to one of the
five categories of self-reported health, while in the columns for the C estimator each statistic
corresponds to one of the seven possible values taken by C. The significance of these test
statistics is assessed through the use of the studentized maximum modulus distribution
(Stoline and Ury 1979). With 5 and 7 statistics each (and infinite degrees of freedom), the 5%
critical value of the studentized maximum modulus distribution are 2.80 and 3.03 for the
HOPIT and the C estimator, respectively.

For ease of reference Table 6 presents a summary of the stochastic dominance results
presented in Tables 4 and 5. For SRH mobility we observe stochastic dominance for The
Netherlands compared to Sweden (The Netherlands dominates) and Italy compared to Greece
(Greece dominates). These are not, however, supported by the objective measures where
stochastic dominance is not established. The converse holds for the other paired country
comparisons where dominance is found when comparing across objective measures (The
Netherlands dominates Italy and Belgium, while Belgium dominates Italy) but no stochastic
dominance is observed for comparisons of SRH. We are interested in assessing whether the
application of the HOPIT model or the non-parametric C estimator results in adjusted
distributions of health that more closely resemble the comparison of the distributions of the

objective measures than comparisons of the raw unadjusted self-reports.
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In terms of tests of stochastic dominance, in general, both the HOPIT and the C
estimator result in similar conclusions and there does not appear to be any clear advantage in
using a less restrictive non-parametric approach over the more standard HOPIT moddl. If we
compare The Netherlands with Italy, or Belgium or Sweden, and compare Italy with Greece,
both estimators indicate the presence of stochastic dominance (Belgium, Sweden and Italy
are dominated by The Netherlands and Italy is dominated by Greece, respectively). Only two
of these comparisons, however, produce results that correspond to those found when
comparing the objective measures of mobility. Comparisons for Italy with Greece, and The
Netherlands with Sweden produce adjusted distributions that more closely resemble the
comparisons of the unadjusted distributions than those from the objective measures. Here the
use of vignettes does not appear to aid in enhancing the comparability of the data. A similar
result is found when comparing Italy with Belgium where again, comparisons using
stochastic dominance criteria result in adjusted distributions of health that resemble the

unadjusted SRH more closely than the distributions of the objective measures.

For memory, we observe stochastic dominance for three out of the twelve country
comparisons when considering SRH and nine comparisons for the objective recall memory
test. As with mobility, in general, application of the non-parametric C estimator and the
HOPIT model results in comparisons of adjusted health distributions that agree in terms of
stochastic dominance criteria (there are two exceptions. Germany and Italy, and Spain and
Italy).® However, once again no clear pattern is discernable when comparing the dominance
of the distributions for the vignette adjusted measures of memory compared to the

comparisons of the objective measures.

6. Discussion and Conclusions

Many socia surveys require respondents to rate their satisfaction with various aspects
of life which tend to be measured on an ordered categorical scale. A common problem with
such scales is that individuals may interpret the meaning of the available response categories

in away that systematically differs across populations or population sub-groups (Salomon et

® When comparing Spain with Belgium with regard to the C estimator it is not clear if one country dominates the
other or not. The Anderson (1996) test suggests the presence of stochastic dominance, however a visual
inspection of the graph of the two distributions suggests that no country clearly dominates over the other. The
Anderson test may reject a null of equality of distributions due to either dominance indeterminacy or through
curve-crossing (Y alonetzky 2011).
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al. 2004). This reporting heterogeneity hinders comparability, particularly where comparison
is sought across countries where social norms and expectations may differ markedly. The use
of anchoring vignettes has been proposed as a means to address the issue of reporting
heterogeneity (King et al. 2004). The most common approach to incorporating information
contained in responses to vignettes is via the use of the HOPIT model (Tandon et a. 2003).
More recently an approach termed the non-parametric C estimator has been proposed as an
aternative that relaxes the parametric assumptions underlying the use of the HOPIT model
(King and Wand 2007). For both approaches, identification relies on the assumptions of
response consistency and vignette equivalence. However, an important practical
consideration is whether, even where these assumptions do not hold, the application of the
vignette approach moves self-reported data closer to the ‘true’ underlying latent construct it

purports to measure.

This paper attempts to evaluate the performance of both parametric and non-parametric
estimators for adjusting for differential reporting behaviour to assess whether either approach
consistently dominates the other. Using data from SHARE across eight European countries
we perform pairwise country comparisons where there exist discrepancies in terms of
stochastic dominance of the distributions of SRH and the distributions of objective measures
of health. These distributions are compared to those derived from SRH adjusted for reporting
behaviour using the HOPIT model and the non-parametric C estimator. Based on the
assumption that the objective measures are true reflections of underling health status in these
domains, we fail to find a consistent pattern in the results to suggest that either approach
satisfactorily addresses the issue of differential reporting. For some pairwise country
comparisons the predictions obtained through the HOPIT estimator and the C estimator
replicate better the results obtained through the objective measures of health than those
obtained through the self-reported measures of heath. However, for other pairwise
comparisons this does not hold. In general, we observe similar results when using the HOPIT
model and the non-parametric C estimator to adjust self-reports for differential reporting

behaviour.

Our research design selects pairwise country comparisons based on differences in
distributions of SRH but not in distributions of objective measures, or vice versa, where
differences are defined by tests of first order stochastic dominance supported by graphical
inspection of the distributions. Tests of stochastic dominance of vignette adjusted differences
in self-reports, using either the HOPIT model or the non-parametric approaches, based on
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both statistical criteria and visual graphical inspection (more conservative) or the former
alone, do not suggest a consistent pattern supportive of the use of vignettes in reconciling
SRH towards objective measures. This holds for results from either the HOPIT model or the

non-parametric approach. In general, either approach produces similar conclusions.

The lack of clear-cut results with regard to the performance of the two approaches to
adjusting for reporting might imply that the two fundamental assumptions underlying the use
of the methods (response consistency and vignette equivalence) are not tenable, or at least do
not hold across all country comparisons. Results presented in Peracchi and Rossetti (2010),
Datta Gupta et al. (2010), and Bago d'Uvaet a. (2012), do cast some doubt on the validity of
the assumptions. In part, this might be due to the vignettes not describing sufficiently well
health problems to which respondents are equally able to relate. For the HOPIT approach, the
set of characteristics used to model systematic variation in reporting behaviour may be too
blunt to sufficiently capture the nuances across individuas in their reporting styles and
further investigation of the determinants of reporting behaviour is a potentialy fruitful area
for future research. Similarly, ranking SRH between vignette ratings in the non-parametric
approach may ignore potentially valuable information, particularly where respondents’ value
their SRH closer to one of the two vignettes between which it is placed. Additiona
information may be obtained by asking individuals to identify one of the two vignettes that
most closely resemble their underlying health status. A further potential explanation for the
inconsistent performance of the vignette approach is that the measures used as objective
indicators of health do not fully reflect the underlying concept of the domains of health
addressed in the self-reports. Thisis unlikely, however, for the two domains used here where
the objective measures would appear a reasonable description of the underlying health

problem.
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Table 1: Distribution of self reported health across countries

Moility problems Belgium France Germany Greece Italy N ethe?IZn ds Spain Sweden
none 55.4% 67.2% 46.3% 74.2% 58.6% 57.7% 52.6% 38.1%
mild 26.2% 15.1% 27.0% 15.5% 20.3% 25.3% 19.9% 38.6%
moderate 12.5% 13.6% 19.1% 5.3% 11.0% 11.3% 17.7% 18.0%
severe 4.5% 3.6% 7.2% 3.6% 7.2% 4.3% 8.7% 4.6%
extreme 1.4% 0.5% 0.4% 1.4% 2.8% 1.3% 1.1% 0.8%
Belgium France Germany Greece Italy The Spain Sweden
Memory problems Netherlands
none 33.8% 38.8% 44.6% 52.6% 41.8% 42.1% 44.2% 56.1%
mild 45.4% 35.8% 36.1% 31.4% 35.0% 48.4% 24.0% 21.9%
moderate 19.2% 21.6% 15.7% 13.4% 16.1% 6.8% 22.1% 12.5%
severe 1.4% 3.5% 3.6% 2.6% 5.4% 1.9% 9.5% 8.7%
extreme 0.2% 0.2% 0.0% 0.0% 1.6% 0.8% 0.2% 0.7%

Note: For self-reported mobility individuals are asked “Overall in the last 30 days, how much of a problem did you have with moving around?’ while for memory they are

asked “Overdl in the last 30 days how much difficulty did you have with concentrating or remembering things
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Table 2: Vignette ratings for mobility and memory (Vignette 1), by country

The
Mobility problems Belgium France Germany Greece Italy Netherlands Spain Sweden
% % % % % % % %
none 1.78 2.59 1.19 0.56 4.38 1.69 0.65 0.00
mild 4.26 8.37 7.16 5.01 12.21 2.44 5.19 2.95
moderate 35.52 37.15 26.24 22.95 20.51 29.27 2511 14.50
severe 43.34 47.29 56.66 41.03 51.38 39.21 59.74 58.23
extreme 15.10 4.60 8.75 30.46 11.52 27.39 9.31 24.32
The
Memory problems Belgium France Germany Greece Italy Netherlands Spain Sweden
% % % % % % % %
none 17.97 15.86 23.06 41.31 27.98 22.03 16.67 5.38
mild 64.23 53.82 49.30 39.36 43.35 68.55 38.31 24.45
moderate 15.30 25.73 24.45 15.72 20.18 8.29 33.33 45.72
severe 231 3.88 2.58 3.62 7.57 1.13 11.47 23.96
extreme 0.18 0.71 0.60 0.00 0.92 0.00 0.22 0.49

Note: The description of the vignette for mobility is: “Tom has a lot of swelling in his legs due to his health condition. He has to make an effort to walk around his home as
his legs feels heavy. Overall in the last 30 days, how much of a problem did Tom have with moving around?’. For memory, the description for the vignette is as follows:
“Lisa can concentrate while watching TV, reading a magazine or playing a game of cards or chess. Once a week she forgets where her keys or glasses are, but finds them
within five minutes. Overall in the last 30 days, how much difficulty did Lisa have with concentrating or remembering things?”.
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Table 3: Average of socio-demographic variables within countries

The
Belgium France Germany Greece Italy Netherlands Spain Sweden
n. obs 554 826 497 718 428 529 462 394
age (years) 63.5 64.5 63.4 61.8 63.5 62.3 64.7 63.8
gender (men) 44% 43% 43% 46% 44% 48% 42% 48%
household income (1000 euros) 40.7 455 51.8 29.2 29.7 49.8 39.9 49.0
education (years) 10.7 9.4 13.4 9.9 7.2 12.3 7.2 11.2
married or cohabiting 74% 69% 78% 74% 73% 84% 2% 78%
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Figure 1: Pairwise comparisons, The Netherland vs Italy
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Table 4: Kolmogorov Smirnov stochastic dominancetest (D statistics and p-values).

MOBILITY Self reported mobility Walking speed test Grip strength test
o pue  CUNEM b pvae PO o puae Do
The Netherlands vs Italy 0.050 0.544 none 0.340 0.000 The Netherlands 0.216 0.000 The Netherlands
The Netherlands vs Belgium 0.022 1.000 none 0.187 0.000 The Netherlands 0.107 0.004 The Netherlands
The Netherlands vs Sweden 0.204 0.000 The Netherlands 0.073 0.307 none 0.081 0.103 none
Italy vs Greece 0.160 0.000 Greece 0.085 0.307 none 0.075 0.105 none
Italy vs Belgium 0.046 0.639 none 0.167 0.000 Belgium 0.130 0.001 Belgium
MEMORY Self reported memory Memory test
Dominating Dominating

D p-value country D p-value country
Germany vs France 0.06 0.197 none 0.224 0.000 Germany
Greece vs Belgium 0.188 0.000 Greece 0.032 0.891 none
Sweden vs Greece 0.068 0.162 none 0.089 0.029 Sweden
Sweden vs France 0.173 0.000 none 0.172 0.000 Sweden
Germany vs Italy 0.038 0.883 none 0.354 0.000 Germany
Spain vs Italy 0.087 0.059 none 0.137 0.000 Italy
Spain vs Belgium 0.004 0.110 none 0.353 0.000 Belgium
Germany vs The Netherlands 0.099 0.011 The Netherlands 0.060 0.305 none
Spain vs France 0.065 0.147 none 0.274 0.000 France
Italy vs France 0.033 0.912 none 0.137 0.000 France
Italy vs Belgium 0.080 0.078 none 0.216 0.000 Belgium
France vs Belgium 0.050 0.346 none 0.086 0.015 Belgium

Note: the table reports two-sample Kolmogorov-Smirnov tests for equality of distribution functions.
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Table5: Anderson’s (1996) test statistics.

C C
. (Uniformly  (Censored

Hopit alocated oprobit

MOBILITY intervals)  predictions)

test test test
statistics statistics statistics
The Netherland -2.247 5.095 5.094
vsltaly -3.256 3.839 3.3%4
-4.117 2.636 2.005
(The -4.471 2.295 1.565
Netherlands 0.000 2.083 1.737
dominates) 1.679 1.590
0.000 0.000
The Netherland -1.188 3.786 3.987
vs Belgium -1.919 1.758 1.866
-2.619 1.621 1.821
(The -2.978 1.335 1.618
Netherlands 0.000 1.166 1.257
dominates) 0.761 0.570
0.000 0.000
The Netherland -1.713 6.833 6.955
vs Sweden -3.152 3.236 3.211
-4.500 1.909 2122
(The -5.117 0.222 0.840
Netherlands 0.000 -0.067 0.218
dominates) -2.117 -2.117
0.000 0.000
ltaly vs Greece 2.649 -7.203 -7.105
4.870 -6.085 -5.417
6.335 -4.201 -3.440
(Greece 7.918 -3.327 -2.448
dominates) 0.000 -3.195 -2.745
-2.551 -2.794
0.000 0.000
Italy vs 0.928 -1.564 -1.411
Belgium 1.574 -2.237 -1.597
1.948 -1.154 -0.368
2.072 -1.083 -0.118
(no country

dominates) 0.000 -1.031 -0.567
-1.004 -0.943
0.000 0.000

Note: The column for the Hopit model corresponds to the five categories of self-reported health, while the
columns for the C estimator correspond to the seven possible values assumed by C. Under the null hypothesis of
lack of first order stochastic dominance, the categories in the Hopit column and the values in the C column are
distributed as a studentized maximum modulus distribution. With 5 and 7 multiple comparisons (and infinite
degrees of freedom) the 5% critical value of the distributions in the Hopit column and the C column are 2.800
and 3.031 respectively.
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Table5: (cont.)

C C C C C C
. Uniforml Censored . Uniforml Censored . Uniforml Censored
Hopit (al I ocatedy ( oprobit Hopit ( al Iocatedy ( oprobit Hopit ( al Iocatedy ( oprobit
MEMORY intervals)  predictions) intervals)  predictions) intervals)  predictions)
test test . test test - test test -
satisics  gtatigics (o SIscs datisics  gtatisics o SAISCS datisics  gtatigics o SAICS
Germany vs -0.343 0.053 0.300 -0.227 1.181 1.319 -0.225 2.497 2.551
France -0.547 0.670 1.006 Germany vs ltaly -1.219 1.503 1.872 Spain vs France -0.698 0.341 0.219
-0.788 1.244 1.443 -2.242 1.345 1.385 -0.686 0.208 0.261
(no country 0.051 1.848 1.596 (Qermany -2.032 2.597 2.194 (no country -1.192 -0.102 -0.516
dominates) 0.000 2.249 2.282 do_rm ngt&s for C 0.000 3.087 2.979 dominates) 0.000 -0.119 -0.282
1.007 1.190 unif. distr. only) 1.653 1.703 2.204 2.288
0.000 0.000 0.000 -0.005 0.000 0.000
Greecevs 0.199 0.910 0.908 -0.599 3.296 3.254 0.423 -1.253 -1.165
Belgium 0.500 -1.308 -1.300 Spain vs Italy -1.558 1.207 1.198 Italy vs France 0.951 -1.030 -1.115
0.805 -0.803 -0.916 -1.982 0.457 0.380 1501 -0.313 -0.165
(no country 1.046 -1.895 -2.181 (Spain dominates -2.026 0.942 0.500 (no country 1.156 -1.175 -0.958
dominates) 0.000 -1.587 -1.807 for C only) 0.000 1.125 0.966 dominates) 0.000 -1411 -1.263
-2.036 -2.097 2.556 2.520 -0.942 -0.834
0.000 0.000 0.000 0.000 0.000 0.000
Sweden vs -3.410 11.460 11.643 -0.099 1.026 1.326 Italy vs Belgium 0.491 0.693 0.827
Greece -9.035 7.321 7.134 Spain vs Belgium 0.088 -0.568 -1.237 1417 -1.929 -1.323
-10.469 5.611 5.810 0.251 -1.879 -1.546 2.282 -1.589 -1.060
(Sweden -10.164 3.752 4.163 (clear absence of -0.012 -1.077 -0.742 (no country 2457 -2.713 -1.988
dominates) 0.000 3.381 3.731 domi nance only 0.000 -0.665 0.000 dominates) 0.000 -2.274 -1.912
3.291 3.334 for Hopit) 4.286 4.265 -1.510 -1.478
0.000 0.000 0.000 0.000 0.000 0.000
Sweden vs -3.825 2.587 2.587 Germany vsThe 0.413 0.725 0.991 France vs 0.177 0.000 -1.191
France -8.928 3.585 3.936 Netherlands 1.873 -3.903 -2.315 Belgium 0.543 -0.657 -0.744
-11.692 4.499 3.901 3.680 -4.654 -3.837 0.908 -2.199 -1.893
-12.279 6.947 7.289 4.272 -3.005 -2.699 0.911 -1.650 -1.276
o ?;te;) 0.000 7.949 7.347 (Thso';'nﬁ::re's"’)‘”ds 0000  -1.493 1177 Ej”c‘)’r;?]‘;‘g 0000  -1.145 0.404
10.801 10.841 -1.886 -1.748 2.322 2.305
0.000 0.000 0.000 0.000 0.000 0.000
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Table 6: Summary table for stochastic dominance

Mobility C
. . . Uniforml Censored
Country comparison Selr;cggﬁti)tged wal k|tr£tspeed Grip ts;tength pret:i'ic::Ft)ilf)ns {alllocatedy oprot_)it
intervals predictions
The Netherland vs Italy NO SD SD SD SD SD SD
The Netherland vs Belgium NO SD SD SD SD SD SD
The Netherland vs Sweden SD NO SD NO SD SD SD SD
Italy vs Greece SD NO SD NO SD SD SD SD
Italy vs Belgium NO SD SD SD NO SD NO SD NO SD
Note: SD = stochastic dominance, NO SD = absence of stochastic dominance
Memory C
. Uniforml Censored
Country comparison Selr:‘]ésﬁ(i)tr;ed memory test pretj'iocr'zil E)ns allocatedy 0p_r0bit
intervals predictions

Germany vs France SD NO SD NO SD NO SD NO SD
Greece vs Belgium SD NO SD NO SD NO SD NO SD
Sweden vs Greece NO SD SD SD SD SD
Sweden vs France NO SD SD SD SD SD
Germany vs Italy NO SD SD NO SD SD NO SD
Spain vsltaly NO SD SD NO SD SD SD
Spain vs Belgium NO SD SD NO SD NO SD/SD NO SD/SD
Germany vs The Netherlands SD NO SD SD SD SD
Spain vs France NO SD SD NO SD NO SD NO SD
Italy vs France NO SD SD NO SD NO SD NO SD
Italy vs Belgium NO SD SD NO SD NO SD NO SD
France vs Belgium NO SD SD NO SD NO SD NO SD

Note: SD = stochastic dominance, NO SD = absence of stochastic dominance. These are supported both by respective test statistics and
graphical inspection. NO SD/SD indicates situations where the Anderson (1996) test suggests stochastic dominance, however a visual
inspection of the graph suggests otherwise.
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