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Abstract

This paper assesses the internal validity of using the McMaster Health Utility Index Mark
[11 (HUI) to scale the responses on the typical self-assessed health (SAH) question “How do
you rate your health status in general?’. It compares alternative procedures to impose
cardinality on the ordina responses. These include OLS, ordered probit and interval
regression approaches. The cardina measures of health are used to compute and to
decompose concentration indices for income-related inequality in health. These results are
validated by comparison with the individua variation in the ‘benchmark’ HUI responses
obtained from the Canadian National Population Health Survey 1994-95. The interval
regression approach, which exploits a mapping from the empirical distribution function of
HUI into SAH, outperforms the other approaches. In addition, we show how the method
can be extended to alow for differences in SAH thresholds across different groups of
people and to measuring and decomposing ‘pure’ health inequality.
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1. Introduction

One of the challenges in investigating inequalities in health is that, very often,
health information is only available at an ordina level. One of the most commonly used
indicators of overall individual health in general population surveys is the simple question
“How is your hedlth in genera?’, with response categories ranging from “very good” or
“excellent” to “poor” or “very poor”. This categorical variable has been shown to be avery
good predictor variable of other outcomes, such as subsequent use of medical care or of
mortality (see e.g., Idler and Benyamini, 1997). However it does not provide a cardina
health (utility) scale that can be used, for instance, for quality adjustments of life
expectancy. Categorica measures of hedth create a problem for the measurement of
inequalities in heath. The health concentration index, and the related slope index of
inequality, require information on hedlth in the form of either a continuous variable or a
dichotomous variable (Wagstaff and van Doorslaer, 1994).

Although, in health interview surveys, the simple self-assessed hedth (SAH)
question is usualy supplemented by a host of other measurement instruments, its use
remains very popular in general socioeconomic surveys, such as the European Community
Household Panel, which tend to have limited space for health questions. It is often the key
health variable available in the largest number of surveys and over the longest period of
time. Imposing a cardinal scale on SAH alows concentration indices to be used for
measuring and explaining inequalities in health. But this comes at a cost: imposing the
wrong scaling may lead to misleading results. The aim of this paper is to compare a range
of different methods for scaling SAH against the benchmark provided by a direct measure
of health utility.

In the past, researchers concerned with the measurement of inequalities in heath
have dealt with the ordinal scale problem either by dichotomizing the variable into a



healthy/non-healthy distinction or by arbitrarily imposing some sort of scaling assumption.
The dichotomization approach has well-known disadvantages. Not all health variation
contained in the SAH variable is used and it makes comparisons of inequality over time
(e.g. Wagstaff and Van Doorslaer, 1994) or across populations (e.g. Van Doordaer and
Koolman, 2000) unreliable. Results often differ depending on the choice of the cut-off for
healthy/non-healthy.

A variety of methods have been adopted in the scaling approach. Wagstaff and Van
Doordlaer (1994) assumed that underlying the categorical empirical distribution of the
responses to the self-assessed health (SAH) question was a latent, continuous but
unobservable health variable with a standard lognormal distribution. This allowed ‘ scoring’
of the SAH categories using the midpoints of the intervals corresponding to the standard
lognormal distribution. The advantage of this approach was that it enabled a comparison of
results across surveys with differing numbers of response categories to the SAH question
(e.g. Van Doordaer et al, 1997). The health inequality results obtained using this scaling
procedure also appeared to be comparable to those obtained using truly continuous generic
measures like the SF36 (Gerdtham et a, 1999) or the HUI Il (Humphries and van
Doordlaer, 2000). But an obvious disadvantage is that it imposes the unduly strong
assumption of an identical latent health distribution across surveys or countries. Also the
latent variable does not line on the [0,1] scale expected of a health utility score.

A second approach is to estimate ordered probit regressions using the SAH
categories as the dependent variable and to re-scale the underlying latent variable of this
model to compute “quality weights’ for health between 0 and 1 (Cutler and Richardson,
1997; Groot, 2000). So far no evidence on the validity of this method has been produced.
Finally, some researchers have used external information on the means per SAH category
of a more generic health measure from another survey to score the SAH categories in a
survey not containing such generic measures (Van Doordaer and Koolman, 2000;
Gerdtham and Johanneson, 2000). An obvious disadvantage of this approach - and indeed
the standard lognormal one - is that it uses the SAH information as if it were a continuous
variable while in fact the underlying information is still inherently categorical. When



regression analysis is used to model the measure of health outcome this leads to the
inappropriate use of OLS on what remains essentially a categorical dependent variable and
does not exploit the within-category variation in health.

In this paper, we compare the internal validity of some of the latter approaches by
exploiting the fact that the Canadian National Population Health Survey 1994-95 contains
both the simple SAH question and one of the well-known measures of health utility. Thisis
the McMaster Health Utility Index Mark I11, as used in computing healthy life expectancies
for Canada (Feeny et al., 1995, Furlong et al., 1998). By assuming that the HUI can serve
as an appropriate measure of the actual health of individuals, we can assess to what extent
the results obtained with the various approaches approximate those obtained with direct

observations of HUI.

Our reasoning is as follows. When individual-level data on HUI is available it is
possible to use regression analysis on the actual HUI values to carry out analysis of
inequality. In particular, regressions can be used to decompose the explained component of
HUI using the methods of Wagstaff, van Doorslaer and Watanabe (2002). Now imagine
that the survey includes SAH but not HUI. If individual level dataon HUI is not available it
would not possible to link a particular individua’s SAH and HUI. However, imagine we do
have external information on the shape of the empirical distribution function (EDF) of HUI
in the relevant population (say from another survey). Our aim is to use this information and
find a latent variable method that approximates the predictions from a regression on actual
HUI. This gives us a criterion for assessing the validity of the methods and means that our
benchmark is to see how the predictions from different methods compare to the predictions

from aregression on actual HUI.

We also explore the importance of the phenomenon which has been termed * state-
dependent reporting bias (Kerkhofs and Lindeboom, 1995), ‘scale of reference bias
(Groot, 2000) and ‘response category cut-point shift’ (Sadana et al, 2000, Murray et al,
2001) for the measurement of income-related health inequality. This occurs if sub-groups
of the population use systematically different threshold levels for SAH, despite having the



same level of ‘true’ health. These differences may be influenced by, among other things,
age, sex, education, language and personal experience of illness. We test for the existence
of this effect and we illustrate the impact of alowing for the thresholds in the interval
regression approach to depend on disability.

Finally, it has been argued (e.g. Gakidou et al, 2000) that all health inequalities can
to some extent be a cause of concern, not just those which display a systematic relationship
with indicators of socio-economic status. Systematic health disparities have been shown to
exist not only with respect to variables like income and education, but aso with respect to
place of residence, race, marital status, ethnic origin and a host of other characteristics of
groups or individuals which health policy makers may find relevant. Consequently, it
would be of interest to be able to compute measures of total or ‘pure’ inequality in health
and decompose them into their sources, including socioeconomic factors like income. We
will illustrate how the methods proposed in this paper also allow for such decompositions.

2. Methods

2.1 Measurement of health

Econometric analysis of an ordered categorical dependent variable, such as SAH, is
typically based on the ordered probit or logit model or, if information on the scaling of the
variable is available, the interval (grouped data) regression model.

2.1.1 The ordered probit model

The ordered probit model can be used to model a discrete dependent variable that takes

ordered multinomial outcomes for each individua i, for example y; = 1,2......,m. This



applies to our measure of self-assessed health (SAH), which has categorical outcomes poor,

fair, good, very good and excellent. The model can be expressed as,

D Vi =) ifma<y5£€m, j=1...m

where the latent variable, y*, is assumed to be a function of a vector of socio-economic
variables x,

2 yi =xb + &, & ~N®O1I

and m = -¥, m£ s, my=¥. Given the assumption that the error term is normally
distributed, the probability of observing a particular value of y is,

(3) Pj=P(yi=j)= F(m-xb) - F(ma -xb)

where F (.) is the standard normal distribution function. With independent observations, the
log-likelihood for the ordered probit model takes the form,

4 LogL = a; é.j yii log Pj

where the y;; are binary variables that equal 1 if y; = j. This can be maximised to give
estimates of b and of the unknown threshold values m.

Predictions of the linear index, xb, can then be used as a measure of individua
health and, after appropriate re-scaling, be used as ‘quality weights or utility proxies.
Cutler and Richardson (1997) and Groot (2000) have proposed to do this by using the re-
scaled linear index y*/(mn.1-m). With their normalisation that m=0, this implies that their
“QALY score” equals 0 when y*=m, when the latent index is equal to the lowest threshold,
for example between poor and fair health. It equals 1 when y*=m,1, at the highest



threshold, for example between very good and excellent heath. A drawback of this re-
scaling procedure is that individuals with predicted values of the latent index below the
bottom threshold should receive negative quality-of-life or utility weights, while
individuals with values above the top threshold should receive weights greater than one.
This seems undesirable and can easily be remedied by adopting an aternative scale. We

have considered the following two alternatives:

i. The predictions from the ordered probit model can be re-scaled to the [0,1]
interval. Let y* be the predicted linear index from the ordered probit model and let y™ be
the largest individual prediction and y™ the smallest. Then the re-scaled variable can be
calculated as,

(5) Y= (' =y"IY™-y™)

ii. An alternative is to re-scale to the actual observable range of HUI scores in the
NPHS. In this case, using the observed range (0.031-1) would make little difference. But it
is possible to use the range of average HUI values for the demographic groups defined by
the set of regressors, x. One way to do this is to use the minimum and maximum predictions

from an OLS regression of HUI on X (say, p™ and p™),
(6) y'=p™ + (p™-p™y

This re-scales from the interval [0,1] to the interval [p™",p™]. It can be interpreted as the
observable range of HUI, conditional on the set of regressors, x. In practice, of course, this
isonly practicable for samples where a measure like HUI is available.

2.1.2 Theinterval regression model

Interval, or grouped data, regression provides an aternative to the ordered probit model in
the case when the values of the upper and lower limits of the intervals are known. Because



the nis are known, the estimates of b are more efficient and it is possible to identify the
variance of the error term s? and, hence, the scale of y* (see e.g., Jones, 2000). Software
to estimate this model is readily available, for example in Stata and in Limdep (where it is
called grouped data regression).

Our approach is to use HUI scores to scale the intervals of SAH. To do this we
assume that there is a stable mapping from HUI to the (latent) variable that determines
reported SAH and that this applies for al individuals. Thisimplies that an individual’s rank
according to HUI will correspond to their rank according to SAH and, hence, the g-th
guantile of the distribution of HUI will correspond to the g-th quantile of the distribution of
SAH. We adopt a nonparametric approach to estimate the thresholds (m). The first step is
to compute the cumulative frequency of observations for each category of SAH. Then find
the quantiles of the empirical distribution function (EDF) for HUI that match these

frequencies. More formally,

(7) m=F(G)

where F'()) is the inverse of the EDF of HUI and G is the cumulative frequency of

observations for category j of SAH.

Because we use HUI values to scale the thresholds for SAH, the linear index for the
interval regression model is measured on the same scale. The unconditional prediction of
the linear index xb gives us a prediction of each individua’s level of HUI derived from
their observed SAH. This is the level of HUI that would be predicted knowing that an
individual has characteristics x. The prediction is both continuous and linear in the X's.
Linearity is a useful property that means that concentration indices calculated using the

predictions are suitable for decomposition analysis (see section 2.3 below).

An dternative way of computing the predicted values from the interval regression
model is to use the expected value of the linear index, conditional on the individual’s

observed category of SAH,



(8) E(y* il x, ma<y<i£m)=
xb + s{f (ma—xb)/s) - f (m-xb)/s) H{F (mxb)/s) - F (m1—xb)/s)}

This gives the level of HUI that would be predicted knowing both x and the category of
SAH that the individual reports. Comparing these conditional predictions to the actual data
on HUI isauseful way of assessing the reliability of the interval regression method.

A priori, the interval regression approach appears to have several advantages over
alternative methods. First, using either interval regression or an ordered probit model means
that decomposition analysis does not have to be based on the inappropriate use of OLS to
model a categorical dependent variable. Second, using the predicted linear index, rather
than simply using the mean HUI score for each category of SAH, leads to greater
individual-level variation in the measure of health. This is especialy true if x includes
continuous variables such as income. In effect the between-SAH category variation is
exploited to generate some within-SAH category variation in HUI, athough HUI itself is
unobserved. Third, interval regression, like the category means method but unlike the
ordered probit model, allows for the incorporation of externa information to scale the
categorical observations of SAH. As such, the predictions are measured on the same scale
as HUI and do not require ex post re-scaling, as is often done with ordered probit
predictions. Finaly, the thresholds used in the interval regressions can be allowed to be
different for different groups of individuals or when comparing across different countries
(depending on the relative frequencies in each category of SAH). As the thresholds
determine the scale of the latent variable, this is equivaent to alowing for
heteroskedasticity in the latent variable specification.

2.1.3 Testing the internal validity of the interval regression approach

In order to assess how the ordered probit and interval regression methods perform in terms
of their internal validity, it is possible to exploit the fact that we have the actual HUI values



to use as a benchmark in this study. Our strategy is to compare the descriptive performance
(measured by the mean, standard deviation, 25", 50" and 75™ percentiles, minimum and
maximum) and the measured degree of inequality (measured by the concentration and Gini
indices) of the various measures. We aso perform a decomposition anaysis of each of
these aternative health indices. This alows us to assess whether the different health
measures have an impact on the measurement and explanation of inequalities in health. The
first two are based on the actual HUI data:

(i) the actual measured HUI scores per individual,

(i) the OLS predicted HUI scores based on the actual observations,

The others use indirect methods:

(ii1) the attributed mean HUI score for each category of SAH.

(iv) the re-scaled predictions of the linear index from an ordered probit model,

(v) the unconditional predictions of the linear index from an interval regression mode!.

Method (ii) provides the benchmark for assessing the performance of the predictions in
methods (iii)-(v).

It is sometimes argued that the mapping of ‘true health’ into SAH categories varies
with respondent characteristics. This has been referred to as ‘state-dependent reporting
bias' (Kerkhofs and Lindeboom, 1995) or ‘scale of reference bias’ (Groot, 2000) and can be
formally tested by making the threshold levels dependent on some or all of the exogenous
variables used in the ordered probit model. It is worth noting that allowing the scaling of
SAH to vary across individual characteristics is equivaent to a heteroskedastic

specification. To illustrate, let,
(9) yi =fx)+ &, & ~ NOsgx))

for some general functionsf(.) and g(.). Then, adapting (3),

10



(10 Py =Pi=])= F[{m-f(x)}/sg(x)] - F[{m1 - f(x)}/sg(x)]

FI{m/g(x) - f(x))a(x)}/s] - F[{ma/g(x) - f(x))/g(x)}/s]

F[{m; - h(x)}/s] - F[{mj1 - h(x)}/s]

which gives an interval regresson with thresholds that vary across individual

characteristics, X;.

As mentioned above, a limitation of the ordered probit model is that it does not
allow the incorporation of external information on the HUI distribution. Thisis a limitation
for our analysis, which is concerned with whether state-dependent reporting bias exists
after allowing for an individual’s level of HUI. Nevertheless a comparison of the standard
ordered probit model, as in (3), and one in which the bs are allowed to vary across

categories (b;) provides some preliminary evidence.

Our real concern is whether the mapping from HUI to SAH is stable across different
groups of individuals. With our nonparametric approach it is possible to compute the
empirical distribution function of HUI for different sub-samples and see whether the
thresholds corresponding to the cumulative frequencies for SAH are stable across groups.
We compare the HUI means and interval limit values for different age-sex categories and
for those with and without disabilities. Of course, this does not guarantee that mapping will
be stable across other sub-groups or across different populations. However, we show how
the interval regression method can be extended to allow for individual- or group-specific
thresholds, if there is evidence that the thresholds vary.

2.2. Measurement of inequality

We use the health concentration index (Wagstaff, van Doorslaer and Paci, 1989) as our
measure of relative income-related health inequality. Suppose we have a continuous

11



cardinal measure of health (utility) yi.. The concentration curve L(s) plots the cumulative
proportion of the population (ranked by income, beginning with the lowest incomes)
against the cumulative proportion of health. If L(s) coincides with the diagonal, everyone
enjoys the same hedlth. If, by contrast, L(s) lies below the diagonal, inequalities in health
exist and favour the richer members of society. The further L(s) lies from the diagonal, the
greater the degree of inequality. The health concentration index, C, is defined as twice the
area between L(s) and the diagonal. C takes a value of zero when L(s) coincides with the
diagonal and is negative (positive) when L(s) lies above (below) the diagonal. The
minimum and maximum values of C using individual-level data are -1 and +1 respectively:
these occur when all the population's ill-health is concentrated in the hands of the most and
least disadvantaged persons respectively.

For weighted data, the computation formula for C given by Kakwani, Wagstaff and
van Doorslaer (1994) can be modified as follows:

2
(12) C =—a wyR-1
where,

(12) m=a._ Wy,

is the (weighted) mean health of the sample, N is the sample size, w; is the sampling
weight of individual i (with the sum of w; equal to N), and R; is the (weighted) relative
fractional rank of theith individual. The latter is defined as (Lerman and Yitzhaki, 1989)

i-1

(13) R=13 . w +iw wherewp=0

j=

and thus indicates the weighted cumulative proportion of the population up to the midpoint
of each individual weight. As Kakwani et al. (1994) show, C can alternatively be derived

as the estimate of gin the following convenient WL S regression:

12



(14) 25 2y /] Jw =afw +gRJw +u..

where s2 =28 " w (R - 2) isthe (weighted) variance of R.. The estimator of gis equal

i=1 !

to,
(15) g =

which, given that the mean of R; isequal to %%, givestheresult g = C.

This means that C can be computed conveniently using the weighted covariance of
mand the (weighted) fractional rank (Lerman and Yitzhaki, 1989) as:

N

& w(y-m(R-1)=

(16) C= wcov(y,R)

2 2
m m

where wcov denotes the weighted covariance.

An advantage of using the predictions from ordered probits or interval regressionsis
that they can then be used to look at total health inequality, including inequality not
specifically linked to income. This allows for the broader analysis of health pseudo-Lorenz
curves and the measurement of inequality using a Gini coefficient of health inequality G
(e.g. Le Grand, 1989, and Wagstaff, Paci and van Doordaer, 1991). It can be defined

analogoudly to the health concentration index as,

N

2
(17) G =—Q_ WyR-1

where all other variables are as before but R'; now denotes the relative (weighted) fractional
rank in the health distribution with individuals ranked from lowest to highest health.

Standard errors for C and G can be obtained from estimating equations like (14) by
least squares methods. A more accurate estimator for the standard error of C, taking into

13



account the serial correlation in the errors and the dependence of the observations as a
result of the presence of the relative rank variable on the right-hand side of (14), has been
developed by Kakwani et al. (1994). But since this estimator does not correct for potential
heteroskedasticity and for the fact that the data were taken from a clustered sampling
design, we have chosen not to use those here but rather to make use of the Huber-White

robust estimator of the variance matrix.

2.3 Decomposing inequality

Measuring inequality is useful and important, but more interesting for policy purposes isto
unravel and quantify the contributions of various determinants of health to measured
inequality. One straightforward way of doing this is demonstrated by Wagstaff, van
Doorslaer and Watanabe (2002). They show that, for alinear regression model,

(18) y =a+q b.x +e.
the concentration index for y can be written as,
(19) c=4,(b,%/mC, +GC,/m=C,+GC,/m,

where mis the mean of y, X, isthe mean of x,, Cy is the concentration index for x, and GC.

is the generalized concentration index for €.

Equation (19) shows that C can be thought of as being made up of two components.
Thefirst is the deterministic, or “explained”, component. Thisis equal to aweighted sum of
the concentration indices of the regressors, where the weights are simply the elasticities of y
with respect to each x«. The second is a residual, or “unexplained”, component. This
reflects the inequality in health that cannot be explained by systematic variation in the Xk
across income groups. The decomposition shows how each determinant's separate
contribution to explained income-related health inequality can be decomposed (i) its health

14



elasticity (b, /m) and (ii) its income-related inequality (Cy). This alows us further

decompose each factor’ s contribution into these two terms

Equation (19) can also be used to decompose inequality as measured by the Gini in
exactly the same way. This can be computed directly, by replacing income rank by health
rank. Alternatively, it is possible to make use of the relationship between the Gini
coefficient and the concentration index (Kakwani, 1980, p.174),

_T(Y,R")

20 = 17
<0 r(y,R)

where r(.) denotes a correlation coefficient. Substituting for C from (19) gives the
decomposition for the Gini. We will exploit this useful property in the analysis of
inequality in the self-reported health of Canadians in section 4.

The decomposition result in (19) relies on the fact that y is additive in its
components Xx. Because the predicted linear indexes from the ordered probit or the interval
regression model are also additive in the X's, the same kind of decomposition analysis can
be applied to them. Thisis afurther attraction of using the latent variable approach to deal
with the categorical measure of SAH. This kind of decomposition analysis could not be
applied directly to the observed categorical measure of health. However, it is worth
pointing out that the use of the predicted linear index means that it is only the explained
variation in the health measure that can decomposed.

3. Data and variable definitions

The data used in this paper are taken from the first wave (in 1994-1995) of the Canadian
National Population Health Survey (NPHS). The target population of the NPHS includes
household residents in al provinces, with the exclusion of populations on Indian Reserves,
Canadian Forces Bases and some remote areas of Ontario and Quebec. A total of 26,430

15



households were selected for the survey. In each household, a randomly selected household
member, aged 12 years or older, was selected for a more in-depth interview. Thisinterview
included questions on health status, risk factors, and demographic and socio-economic
information. The data were weighted using the survey weights to adjust for the complex
multi-cluster sample design of the NPHS. Detailed information about the NPHS content
and sample design has been published elsewhere (e.g. Tambay and Catlin, 1995).

The two key variables for this study are self-assessed health (SAH) and health status
as measured by the Health Utility Index (HUI). As part of the in-depth component of the
NPHS respondents were asked: “ In general, how would you say your health is?” The
response categories were excellent, very good, good, fair, and poor. Also, each respondent
was assigned a Health Utility Index score based on their response to the questions of the
eight-attribute Health Utility Index Mark 111 health status classification system. The Health
Utility Index is a generic health status index, developed at McMaster University that
measures both quantitative and qualitative aspects of health (Torrance et al, 1995, 1996;
Feeny et al, 1995). It provides a description of an individual’s overall functional health,
based on eight attributes: vision, hearing, speech, ambulation, dexterity, emotion, cognition,
and pain. The Health Utility Index assigns a single numerical value, between zero and one,
for all possible combinations of levels of these eight self-reported health attributes. A score
of one indicates perfect health. The Health Utility Index also embodies the views of society
concerning health status, inasmuch as preferences about various health states are €elicited

from a representative sample of individuals.

The key ranking variable used is total income before taxes and deductions, as
measured in the NPHS as a categorical variable with 11 response categories. For the
purposes of this study, the two lowest income groups- no income and less than $5,000-
were combined into one group, thus reducing the number of income categories from 11 to
10. The midpoint of each income category was then attributed to all households in that
category and subsequently divided by an equivalence factor equal to (number of household
members)®>, to adjust for differencesin household size. The income values assigned for the
top and bottom groups were Can $2,500 and $87,500.00 respectively.

16



Other health determinants included in the analysis are the following. (i) Education
level, the highest level of general or higher education completed is available at three levels:
recognised third level education (ISCED 5-7), second stage of secondary level of education
(ISCED 3) and less than second stage of secondary education (ISCED 0-2)); (ii) Marita
status distinguishes between married, separated/divorced, widowed and unmarried
(including co-habiting); (iii) Activity status includes employed, self-employed, student,
unemployed, retired, housework and ‘ other economically inactive'.

The NPHS has a complex multi-stage stratified sampling design. In order to keep
the sample representative of the Canadian adult population, sampling weights are used in

all analyses.

4. Resaults

4.1 The distributions of SAH and HUI

It is well known that the health of a general population sample has a very skewed
distribution, with the great majority of respondents reporting their heath to be good to
excellent. Table 1 provides the NPHS (weighted) distributions of SAH and the associated
HUI scores. It illustrates that only 11.5% of Canadian adults report lower-than-good self-
assessed health. The skewness is aso illustrated by the fact that the ‘distances’ between
excellent health, very good health and good health in terms of HUI means are much smaller
than between poor and fair health. In fact, the loss of health utility increases with each step
in SAH when going down from excellent to poor heath. This suggests that the health
differences between SAH categories increase with lowering SAH categories. Also the
standard deviation of the mean HUI increases with lowering levels of SAH. By collapsing

health measurement into just 5 categories, these two differences are no longer visible.
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By applying the mapping procedure described in section 2 and by using the
cumulative distribution function of HUI as the benchmark, we can derive the thresholds
which define the HUI intervals corresponding to each SAH level. Thisisaso illustrated in
Figure 1 which shows how the actually observed frequencies of each SAH level are used to
determine the corresponding interval boundaries in HUI units. Note that this procedure
assumes that, for instance, all individuals reporting poor health have HUI scores below
0.428. We can see in column 5 of Table 1 that the assumption is violated because in reality
the observed mean HUI for this group equal to 0.557 is above this interval threshold.

Our method makes the “instrumental” assumption that there is a stable
monotonically increasing mapping from HUI to (latent) SAH. This assumption is
instrumental in the sense that it provides us with a way of generating values for the
thresholds that are used in the interval regression. The validity of this approach should be
judged by the performance of the interval regression method against the benchmark
provided by predictions from regressions on actual HUI data. There are problems with
trying to test this assumption directly. Unlike HUI, latent SAH is not observed. The actual
categorical values of SAH can be used (allowing only five possible ranks). Alternatively, to
proxy the conditional expectation of the latent variable, we can use the fitted values from an
ordered probit (which, unlike the interval regression, are not tied to HUI in any way). In
reality there is likely to be “noise” in the relationship, due to heterogeneity and
measurement error, so that it cannot be expected to hold exactly for al individuals. If the
relationship is expected to hold on average we can compare the rank of the predicted values
from OLS on actual HUI to the rank of the predicted values from the ordered probit. The
Spearman rank correlation between actual HUI and actual SAH is 0.4365 and independence
is regjected (p=0.0000). The Spearman rank correlation between predicted HUI and
predicted y* from the ordered probit is 0.9493. For completeness, it is worth noting that the
Spearman rank correlation between predicted HUI and the predictions from the interval

regression is 0.9592.

Table 2 presents the same information for four demographic groups. younger men
(between 18 and 44), older men (over 45), and younger and older women. It can be seen
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that there are some differences in mean HUI value by level of SAH, with women often
reporting slightly lower values than men, and older respondents reporting somewhat |ower
HUI values than younger. Obviousdly, the distribution of SAH is also more concentrated to
the right for the (healthier) younger groups. The relevant interval boundaries, however, do
not differ greatly across demographic groups, indicating that the interval regression

approach is unlikely to be sensitive to making the interval boundaries age-sex specific.

Table 2 aso presents the same information on HUI by SAH for two very different
sub-populations: those which do and do which do not report to be “on disability or
recovering from illness’. Since the ‘disabled’” group includes most people unable to work
due to disability (or illness), they may have somewhat divergent views of their self-reported
general health conditional on HUI due to coping mechanisms or other forms of adaptation
to their disability. We can observe that, on average, and as expected, the disabled group is
much more concentrated in the lower SAH groups and the corresponding HUI mean values
reported by level of SAH are much lower. Nevertheless, the interval boundaries deriving
from the mapping of SAH into HUI do not differ dramatically between the two groups.

To further explore the question of state-dependent reporting bias we compared the
standard ordered probit model with one in which all of the bs are allowed to vary across
categories of SAH. This suggests that heterogeneity is — in general - not a problem within
the Canadian sample: the likelihood ratio test for the null that the slope coefficients are
equal across categoriesis 2[-19,757.979-(-19,789.982)] = 64 (p=0.999), suggesting that this
hypothesis cannot be rejected. In what follows, we have therefore ignored the issue of state-
dependent reporting bias because interval regressions results with state-dependent interval
boundaries gave almost identical results to those with uniform interval boundaries across

the sample.
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4.2 Comparison of different health measures

In this section we compare the descriptive performance of the regression-based HUI
measures with those for the actually observed HUI measure. The intention is to examine to
what extent the HUI observations can be approximated by the predicted values of the
regression-based approaches. Table 3a presents means, standard deviations, minimum and
maximum for the total sample predictions. The actua measured HUI is then compared to
four types of predictions obtained from:

(i) an OLSregression using actual HUI as the dependent variable — our benchmark,
(i) an OL S regression on mean HUI per category of SAH,
(iii) an ordered probit regression using SAH as dependent variable,

(iv) an interval regression using SAH as dependent variable and HUI-based threshold
levels.

The ordered probit predictions from (iii) have been re-scaled in order to be comparable on
the HUI scale in terms of health utility units.

We can observe that much of the inter-individual variability in health (HUI) is lost
when going from the actual to (any type of) predicted values, even on the basis of a
regression on actually observed HUI scores. But of the three possible candidates, the
interval regression approach comes closest to the descriptive statistics obtained from the
benchmark provided by the OLS regression on actual HUI scores. The predicted mean is
not identical to the observed mean, but the variability is higher and the predicted range and
percentiles are closer to the predicted actua ones than in any of the other options. The
application of OLS to HUI-mean-scored SAH categories shows less variability and predicts
over a narrower range. The ordered probit model, even after using the simple re-scaling to
the [0,1] interval, does not approximate the linear predictions very well at al. The more
™™

appropriate re-scaling to [p gets us somewhat closer, but is not usually an option

given that this interval cannot be observed in the absence of HUI scores. In sum, the
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interval regression approach seems to provide the closest possible approximation to the

predictions that would be obtained from an OL S regression on actual HUI scores.

The same descriptive statistics are presented in Table 3b for the conditional
predictions given the observed level of SAH. Again we observe that the conditional
predictions obtained from the interval regression are closest to the linear predictions of the
actual HUI score. The mean, standard deviation, range and percentiles of the interval
regression predictions are all closer to the ones obtained using OLS on the actual HUI
observations than in any of the aternatives, thereby confirming the superior predictive
performance of the interval regression approach.

4.3 Inequality and decomposition analysis
4.3.1 Income-related health inequality

The last column of Table 3(a) presents the estimated health concentration indices computed
using equation (14). The concentration index for the actual HUI data equals 0.0141. When
the actual data is replaced with within-category means (as in van Doorslaer and Koolman,
2000, and Gerdtham and Johanneson, 2000) the estimated concentration index is only
0.0097, showing how the neglect of within-category variation leads to a lower level of
measured inequality. The estimates of the overall concentration index can be compared to
estimates of the concentration index for the explained variation in heath. Our benchmark,
the OLS predicted value based on actual HUI, is 0.0135. Using the decomposition in
equation (19), this implies that the unexplained component of income-related inequality is
small (0.0141-0.0135=0.0006). The interval regression prediction is somewhat higher, at
0.0151, but is closer than any of the estimates generated by the other approximation
methods. The estimate based on the OLS predictions using HUI means per SAH category
(0.0090) underestimates the explained inequality by around 33%. It is clear that the ordered
probit regression does not allow for any sensible approximation of the true degree of
inequality, not even after re-scaling on the basis of the interval extremes, which are not

usually available.
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Essentially the same observations are illustrated by the cumulative health
distributions presented in Figure 2. It shows the health concentration curves for each of the
HUI-based measures but expressed as the percentage deviations from the diagonal in order
to amplify the differences. They are al below the diagonal, indicating inequality favouring
the better-off, with the area between the curve and the diagonal serving as a measure of the
degree of inequality. But the implied health distributions are not identical. We see that the
concentration curves of the OLS and the interval regression predictions are much closer to
that of the actual HUI distribution, while the predictions of the means-based OLS leadsto a
substantial under-estimation and the re-scaled ordered probit to an over-estimation of
income-related health inequality.

The regression results used for the decomposition analysis are presented in Table 4.
The first two columns present the estimated means and concentration indices for each of the
explanatory variables used in the regression equation. The regression results are

complemented by a column of inequality contributions expressed as a percentage of C, .

Each term can be interpreted as a sort of ‘attributable fraction’ of inequality in the predicted
y.

Some caution is required in giving a causal interpretation to the results of the
regression analysis. The results tell us about the association between health and factors such
as income and activity status. It is, of course, possible that this association reflects reverse
causality, namely that good health has a positive effect on income or that both are jointly
determined by another third factor. Our estimates are derived from cross-section
observational data and issues of causality are better explored with longitudinal or
experimental data. However the decomposition methods presented here would be
applicable with such data. Our results are intended to illustrate the decomposition methods
and should be interpreted as a decomposition of the association between income and health.

An important requirement for any explanatory variable to have an impact on the
distribution of health across income is that it is itself unequally distributed across income

levels. As such, the negative concentration indices illustrate clearly that groups which are
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disproportionately represented among the lower income groups in Canada include the lower
educated, the unemployed, the disabled, the retired, the divorced and the elderly. The
concentration index of the logarithm of income can be seen as a measure of the inequality
in the Canadian income distribution. In terms of regression coefficients, we see that the
results are remarkably similar across the various approaches. Income invariably shows a
statistically significant positive partial effect on health, even after controlling for all these
other regressors. Higher income shows a positive but decreasing effect on better health.
Other important correlates of adult health are age above 40, education, and activity status.

The magnitude of each variable’s contribution to inequality depends on the
magnitude of each of its components. Not surprisingly, the unequal distribution of income
itself is the largest single contributor to explained health inequality by income. It accounts
for 30% of the inequality in the actual OLS-predicted HUI, and for over 40% of the
inequality in any of the other predicted HUI measures. It is not unlikely that the fact that
income is the only continuous explanatory variable in these regressions contributes to the
apparent overestimation of its contribution. The variable with the second largest negative
association with health is activity status. Disability status, for instance, is one of the
variables with the most negative association with health and the most negative
concentration index, highlighting the unfavourable health and income position of disabled
individuals. Despite the fact that it affects only 2.8% of the Canadian adult population, it is
nevertheless the second most important contributor to health inequality, after income itself.
Other variables with important (negative) partial contributions include low education and

retirement.

It is striking that the percentage contributions of the interval regression and the
OLS- category-means predicted health inequality are very similar, despite the fact that the
latter method underestimates health inequality. In fact, using the decomposition method in
(29), it is straightforward to show that the percentage contributions to a concentration index
are invariant to linear transformations of the index. Thisis a corollary of the result that, for
a variable y with mean mand concentration index C, any linear transformation y*=a + by

has a concentration index,
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1) cr=_Pm
a+bm

(see eg., Kakwani, 1980, p. 176). Combining (21) with the decomposition result in (19)
shows that the percentage contribution of a component, x, to C will equal its percentage
contribution to C*. (21) also demonstrates the invariance of the concentration index to a
proportionate re-scaling of health, that is, when a equals zero, C* equals C. (21) helps to
explain our results. We ran simple linear regressions on the predicted values to gauge
whether our different measures of health are close to linear transformations. For the
regression of the predicted values for the interval regression on the predictions from the
ordered probit model the R? is 0.94; from the regression on the predictions for the HUI
category meansiit is 0.998; and for the regression on the actual HUI predictions it is 0.954.
This shows that predicted indices are highly collinear with each other and explains why the
estimated percentage contributions are very similar. All approximation methods appear to
overestimate the percentage contribution of the household's income and the individual’s
education, at the expense of other determinants’ contributions, but this problem is more
pronounced for the ordered probit based estimates.

4.3.2. Tota health inequality

Asoutlined in section 2, the regression-based individual health predictions can also be used
to examine total inequality in health, irrespective of income or socio-economic position, by
ranking all individuas by their (predicted) health and computing Gini indices for health.
This would not be possible with the observed categorical measure of SAH but is possible
using the predictions from the ordered probit or interval regression models, which introduce
a sufficient degree of individual-level variation in the measure of health. We know from
equation (20) that health Ginis will aways be higher than health concentration indices, as
long as the health and income rankings differ (cf eg. (20)). Because income is one of the
explanatory variables, our regression models explain more of the income-related variation
in health than of the total variation in health.

24



Thisis illustrated in Table 5. The top row shows, first of all, that the Gini of actual HUI
observations equals 0.0675, which is much higher than the corresponding concentration
index in Table 4, which was only 0.0141. It is also twice as high as the Gini index
measuring inequality in (OLS) predicted actua HUI scores, which is 0.0326. The
difference between these two estimates is attributable to determinants of health that are not
captured by the model and to random inter-individual variation. Again, we observe that — of
the three proxy predictions used — the interval regression comes closest in approximating
the explained inequality in health based on the actual HUI (0.0326). Its Gini is 0.0309,
whereas the OLS on the categorical HUI means results in a value of only 0.0185, and the
re-scaled ordered probit estimates produce a Gini of 0.0461. All predicted Ginis are only
twice the size of the predicted concentration indices in Table 4. This reflects the fact that
income-related health inequality accounts for a larger share of predictable total health
inequality than of actual inequality.

Ginis for total inequality in predicted health can be decomposed in the same way as
we did for concentration indices in Table 4. The regression coefficients now need to be
combined with the concentration index of each determinant in terms of health. These are to
be interpreted as a sort of ‘inverse’ concentration index, measuring the association of the
regressor with health rank. A positive concentration index indicates that the variable in
question is positively associated with health, whereas the reverse holds for a negative
concentration index. The ranking is now dependent on predicted health and therefore
(slightly) different in each case. The concentration indices in terms of predicted health for
al health determinants are always higher (in absolute value) than those in terms of actual
health. This smply reflects the fact that health is predicted using precisely these
determinants. As such, they have the association with health rank built in. Regressors with
particularly high concentration indices in terms of actual hedth are, again, variables like
disability and very old age. Note also that the concentration index of income with respect to
health rank is to be interpreted as a sort of ‘mirror image' of the concentration indices of
health with respect to income rank used in the previous sections.

25



The partia contribution of health-related inequality in incomelas measured by the
‘inverse’ concentration index(is only about 5% of total health inequality as predicted by
an OLS regression on actual HUI. This percentage is (more than) doubled if any of the
other approaches for predicting HUI is used. Overestimation of the relative contribution (in
percentage terms) also occurs for education, at the expense of the relative contribution of
women’s age, which appears underestimated. In general, and despite the differences in the
overall magnitude of inequality generated by the various prediction methods, the
decompositions in relative contributions are very similar. This reflects the minor
differences in the influence of the regressors across methods. The superiority of the interval
regression approach in terms of predicted inequality, therefore, does not carry over to the
decomposition anaysis.

5. Summary and conclusions

This paper assessed the internal validity of using the McMaster Health Utility Index Mark
[11 (HUI) to scale the responses on the typical self-assessed health (SAH) question “How do
you rate your hedth status in genera?’. It compared alternative procedures to impose
cardinality on the ordinal responses obtained. These included OLS, ordered probit and
interval regression approaches. Inequality and decomposition results were validated by
comparison with the ‘benchmark’ HUI responses obtained in the Canadian National
Population Health Survey 1994-95. A note of caution here is that HUI in itself may
underestimate the true variability in health status, since there will be additional variability
within each HUI category and heterogeneity in the valuation of health states. This may be
offset by random measurement error in the HUI classification, which would lead to an
overestimate of the true variability.

It is found that an interval regression approach, which assumes and exploits a
monotonic mapping of the empirical distribution function from HUI into SAH, performs
better than OL S and ordered probit approaches in terms of internal validity. It outperforms
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the other approaches in the sense that the conditional and unconditional descriptive
statistics are closer to those for predictions based on the actual HUI data and that the
magnitude of the concentration index computed using this method is closer to the index
calculated using the actual HUI scores. The ordered probit overestimates the true degree of
health inequality while the attribution of mean generic scores to SAH categories leads to

underestimation.

We showed how the method can be extended to allow for differences in SAH
thresholds across sub-groups of individuals and to measuring and decomposing ‘pure
health inequality. Also the estimates of the Gini coefficient for health are closest to that for
actual HUI when predictions from the interval regression are used. The comparative
advantage of the interval regression approach does not carry over to the decomposition
analysis. The estimates of the relative contributions to income-related and ‘pure’ inequality
in health are very similar across methods. This is because the relative contributions are
invariant to linear transformations and, in our data, the different measures of hedth are
highly collinear. All regression-based methods overestimate the contribution of income to
both income-related and ‘pure’ inequalities in health when compared to the actual data.

The application to the Canadian data for 1994 confirms the earlier finding (e.g.
Humphries and van Doorslaer, 2000) that significant inequalities in self-reported health by
income exist and favour the rich. But it aso provides some evidence on the factors which
contribute to this finding. For any potential determinant to have an important contribution
to the existence of income-related health inequalities, it is required that (@) this factor has a
substantial partial health elasticity and (b) that it is unequally distributed across the income
distribution. In particular, the analysis showed that around 30-40% of these inequalities is
due to the fact that income itself is unequally distributed and has an independent and
significant association with health status. Among the other variables included in the health
equation, non-working status (especially disability and retirement) and educational status
emerge as important other contributing factors. Because of the emphasis on the health
measurement issues, no further attempts were undertaken in this paper to test and account
for the potential endogeneity of some of these explanatory variables.
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Our methodological results are encouraging for the internal validity of the interval
regression approach, and future work will address the question of external validity. In
particular, we aim to investigate whether the Canadian HUI values or threshold values
obtained from a European survey can be used to scale interval regressions applied to other
surveys, such as the European Community Household Panel (ECHP), that only include
self-assessed health and do not measure HUI directly.
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