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Measuring and Explaining Inequity
in Health Service Delivery

Equitable distribution of health care is a principle subscribed to in many countries,
often explicitly in legislation or official policy documents (van Doorslaer, Wagstaff,
and Rutten 1993). Egalitarian equity goals distinguish between horizontal equity—
equal treatment of equals—and vertical equity—appropriate unequal treatment of
unequals. In health care, most attention, both in policy and research, has been given
to the horizontal equity principle, defined as “equal treatment for equal medical
need, irrespective of other characteristics such as income, race, place of residence,
etc.” (van Doorslaer et al. 2000; Wagstaff and van Doorslaer 2000; Wagstaff, van
Doorslaer, and Paci 1991). In this chapter, we discuss measurement and explanation
of horizontal inequity in the delivery of health care.

In practice, it is not possible to examine the extent to which the horizontal
equity principle is violated without simultaneously specifying a vertical equity
norm. Researchers have usually assumed, implicitly or explicitly, that, on average,
vertical equity is satisfied. That is, the observed differential utilization of health
care resources across individuals in different states of need is appropriate. If that
is accepted, then the measurement of horizontal inequity in health care use can
proceed in much the same way as the standardization methods covered in chapter
5. For example, one seeks to establish whether there is differential utilization of
health care by income after standardizing for differences in the need for health
care in relation to income. In empirical analyses, expected utilization, given char-
acteristics such as age, gender, and measures of health status, is used as a proxy for
“need.” Complications to the regression method of standardization arise because
measures of health care utilization typically are nonnegative integer counts (e.g.,
numbers of visits, hospital days, etc.) with very skewed distributions. As dis-
cussed in chapter 11, nonlinear methods of estimation are then appropriate. But
the standardization methods presented in chapter 5 do not immediately carry over
to nonlinear models. They can be rescued only if relationships can be represented
linearly. In this chapter, we therefore concentrate on standardization in nonlinear
settings.

Once health care use has been standardized for need, inequity can be measured
by the concentration index. Inequity could then be explained by decomposing the
concentration index, as explained in chapter 13. In fact, with the decomposition
approach, standardization for need and explanation of inequity can be done in one
step. We describe this procedure in the final section of the chapter.
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Measuring horizontal inequity

There will typically be inequality in the utilization of health care in relation to
socioeconomic characteristics, such as income. Typically, in high-income coun-
tries poorer individuals consume more health care resources as a result of their
lower health status and so greater need for health care. Obviously, such inequality
in health care use cannot be interpreted as inequity. In low-income countries, the
lack of health insurance and purchasing power among the poor typically mean that
their utilization of health care is less than that of the better-off despite their greater
need (Gwatkin et al. 2003; O’Donnell et al. forthcoming). In this case, the inequality
in health care use does not fully reflect the inequity. To measure inequity, inequal-
ity in utilization of health care must be standardized for differences in need. After
standardization, any residual inequality in utilization, by income for example, is
interpreted as horizontal inequity, which could be pro-rich or pro-poor.

Standardization for differences in need could be done using either the direct or indi-
rect method described in chapter 5. Although with demographic standardization the
appropriate standardizing variables are immediately obvious, that is not true for need
standardization. Need is a rather elusive concept that has been given a variety of inter-
pretations in relation to the definition of equity in health care delivery (Culyer 1995;
Culyer and Wagstaff 1993). By some definitions, measurement of need is not tractable,
at least in the context of large-scale household surveys. In practice, researchers have
relied on demographics plus health status and morbidity variables (e.g., self-assessed
health, presence of chronic conditions, activity limitations, etc.) to proxy need.

Although both direct and indirect methods of standardization could be used, as
we argued in chapter 5, when microdata are available there is little to commend the
direct approach. Here, we restrict attention to the indirect method, which gives the
difference between the actual distribution of use and the distribution that would be
expected given the distribution of need. The latter is referred to as the need-expected
distribution of health care.

When health care use is modelled by linear regression, the standardization pro-
cedure is exactly as presented in equations 5.1 through 5.3 of chapter 5. The need
variables are included among the x’s. The control, or z, variables should include
nonneed correlates of health care utilization for which we do not want to standard-
ize but which would bias the coefficients on the need variables if omitted from the
regression (Gravelle 2003; Schokkaert and van de Voorde 2004). For example, sup-
pose that some groups with poor health (an x variable), for example, people who are
disabled or handicapped, receive more generous insurance coverage (a z variable)
than the nondisabled. If we were to estimate the standardizing regression exclud-
ing a variable capturing the better coverage, then the coefficient on the poor health
variable would—to some extent—pick up the effect of more generous cover, over
and above the direct effect of greater need. That would overestimate the “appropri-
ate vertical need difference” as embodied in the coefficient of poor health.'

Once need-standardized utilization has been estimated, inequity can be tested
by determining whether standardized use is unequally distributed by income, for
example. Inequity could be measured by estimating the concentration index for
need-standardized utilization, which has been referred to as the health inequity

'The more generous cover to disabled persons may reflect society’s concern that these indi-
viduals would receive less care than they need in the absence of such a subsidy. We assume
here that—holding all other factors such as income and accessibility constant—it is the par-
tial effect of poor health on health care use that, on average, reflects the appropriate vertical
need difference between those who are in poor health and those who are not.
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index (HIwy) (Wagstaff and van Doorslaer 2000). Equivalently, this can be obtained
as the difference between the concentration index for actual utilization and that for
need-predicted utilization.

This procedure rests on the assumption that once observable need indicators
have been controlled for, any residual variation in utilization is attributable to non-
need factors. Given that the data available on need indicators typically are limited,
that is likely to be a strong assumption. It will result in biased measurement of hor-
izontal inequity in the case that unobservable variation in need is correlated with
income. Schokkaert, Dhaene, and Van de Voorde (1998) discuss this issue in the
context of the related literature on risk adjustment.

Indirect standardization with nonlinear models

Measures of health care use are typically nonnegative integer counts, for example,
number of visits to a doctor or days in a hospital. In a sample, there will typically be
a large proportion of observations with no utilization and very few observations,
corresponding to individuals falling severely ill, with utilization very much above
the mean. Given this, it may be considered appropriate to model the determinants
of the use/nonuse probability separately from the number of visits conditional on
any use. Although the least squares regression method of indirect standardization
could be used with such data, it would not guarantee that the predicted values from
the standardizing regression (equation 5.2) lie in the permitted range of (0,1) for
binary variables and at or above zero for nonnegative counts (see chapter 11). This
can be avoided by using nonlinear estimators.

Let us write a nonlinear model of the relationship between a health care vari-
able, y, which may be binary or a count, and need (x) and control (z) variables in
terms of a general functional form G:

(151) ]/1'ZG(a+2jﬂ]'Xﬁ+zk'ykai)+€i,

where G will take particular forms for the probit, logit, Poisson, negative binomial,
and so on models. If there were no z variables included in equation 15.1, then pre-
dicted values obtained from the model could be interpreted as need-expected uti-
lization. Need-standardized utilization could then be defined as actual use minus
need-expected utilization, as in equation 5.3, only in this case the mean of the pre-
diction should be added, rather than the mean of the actual variable, to ensure that
the mean of standardized utilization equals that of actual utilization.

However, as argued above, including z variables in the model is probably desired
to avoid omitted-variables bias. Doing so in this nonlinear context leads to a prob-
lem because the effect of the z variables on need-standardized use can no longer be
entirely neutralized by setting them equal to their means or indeed to any other vec-
tor of constants. As a result, the variance of the need-standardized use will depend
on the values to which the z variables are set in the standardization procedure, and
that will affect measures of income-related inequality, such as the concentration
index. Accepting this, the analyst could define standardized use as follows:

. . A =\ IN A4 A 5=
(15.2) y}szyi—G(a+2jﬂ]-xﬁ +Zkykzk)+ZZG(a+2]ﬂjxﬁ +Zk?’k2k),
i1

where 7 is the sample size, and we have chosen to set the z variables to their means
(Z; ) in obtaining the predictions. Note that the mean of ;° is equal to that of y but
because G is not linearly additive, its variance would differ if the z variables were
set to some other vector of values.
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Box 15.1 Distribution of Preventive Health Care Utilization and Need in Jamaica

The table below shows the actual need-expected and need-standardized distributions for
the probability of reporting at least one preventive visit to a doctor, nurse, or other health
practitioner, by quintiles of equivalent expenditure in Jamaica derived from the 1989 Sur-
vey of Living Conditions (van Doorslaer and Wagstaff 1998). The indicators used in the
prediction of needed health care are demographic variables (7 age-sex dummies), self-
assessed health (4 dummies), and functional limitations of activities (7 dummies). It can
be seen that the actual distribution observed is clearly pro-rich, and the need-expected
distribution is pro-poor. This is a result of the fact that “need,” as proxied by demographic
and morbidity characteristics, is more concentrated among the lower-income groups. As
a result, for the poorest fifth of Jamaicans, the probability of reporting a preventive care
contact is 6.5 percent lower than would be expected on average given their need, whereas
the richest 20 percent of Jamaicans report a probability of such a contact that is 8.2 percent
higher than expected. It is therefore no surprise that the need-standardized distribution
shows an even more pro-rich distribution than the actual distribution. After need stan-
dardization, the richest quintile’s contact probability is twice that of the poorest.

The figures reported in the table for need-predicted use and its difference from
actual use are derived from a probit model including control variables, specifically (log)
equivalent expenditure and health insurance status, which are set equal to their sample
means to obtain the predictions. Need-standardized use is presented both with and
without the inclusion of controls in the standardizing model and estimating this by
both OLS and probit. In this example, results are not sensitive to either variation. It has
been found elsewhere that concentration indices for standardized health care utiliza-
tion are relatively insensitive to the use of OLS or nonlinear models for standardization
(van Doorslaer, Masseria, and OECD Health Equity Research Group 2004; van Doors-
laer et al. 2000; Wagstaff and van Doorslaer 2000). That is reassuring given the compli-
cations introduced by nonlinear models noted above. Insensitivity to the inclusion of
control variables in the standardizing regression may be more specific to this example.
Others have found more substantial differences (Gravelle 2003).

Distributions of Actual Need-Predicted and Need-Standardized Preventive Visits to Doctor, Nurse,
or Other Health Practitioner, Jamaica 1989

Probability of using preventive health care in previous 6 months

Probit with controls Need-standardized
Difference = With controls Without controls

Need-  predicted -
Quintile Actual  predicted  actual Probit OLS Probit OLS
Poorest 20% 0.1717 0.2363 —-0.0646 0.1450 0.1457 0.1483 0.1481
2nd poorest 20% 0.2003 0.2158 -0.0155 0.1942 0.1943 0.1952 0.1950
Middle 0.2052 0.2119 -0.0067 0.2029 0.2030 0.2029 0.2029
2nd richest 20% 0.2157 0.1954 0.0203 0.2300 0.2297 0.2282 0.2285
Richest 20% 0.2706 0.1888 0.0817 0.2914 0.2908 0.2889 0.2891
Mean 0.2127 0.2097 0.0030 0.2127 0.2127 0.2127 0.2127
Concentration 0.0928 —-0.0452 0.1374 0.1362 0.1318 0.1322
index/Hlyy
Standard error 0.0122 0.0039 0.0117 0.0117 0.0117 0.0117
t-ratio 7.6249 -11.4721 11.7162 11.6182 11.2663 11.2968

Source: Authors.
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Computation

Stata computation for standardization by linear regression is provided in chapter 5.
The general procedure is the same in the case of nonlinear models, with the replace-
ment of the OLS command regr with the chosen estimator. So, in the case of a
probit model, the need-predicted (yhat) and need-standardized (yst) probability
of health care utilization would be generated as follows:

qui probit y $X $Z [pw=weight]
foreach z of global Z {
gen copy_ "z'="z’
qui sum “z’ [aw=weight]
replace “z’ = r(mean)
}
predict yhat
foreach z of global Z ({

~ ~

z' = copy_ "z’
drop copy ~z’

replace

}

sum m_yhat [aw=weight]
gen yst = y-yhat + r(mean)

where X and Z are globals containing lists of need and control variables, respec-
tively. Note that the mean of predicted use and not the mean of actual use is added
in generating standardized use. Obviously if control variables were not included,
the predictions would be obtained immediately after the model is estimated and
neither loop is required.

Quintile means can be estimated using tabstat and concentration indices
computed as explained in chapter 8.

Explaining horizontal inequity

In chapter 13, we noted that if a health variable is specified as a linear function of
determinants, then its concentration index can be decomposed into the contribu-
tion of each determinant, computed as the product of the health variable’s elasticity
with respect to the determinant and the latter’s concentration index. This makes
it possible to explain socioeconomic-related inequality in health care utilization.
In fact, the decomposition method allows horizontal inequity in utilization to be
both measured and explained in a very convenient way. The concentration index
for need-standardized utilization is exactly equal to that which is obtained by sub-
tracting the contributions of all need variables from the unstandardized concen-
tration index (van Doorslaer, Koolman, and Jones 2004). Besides convenience, the
advantage of this approach is that it allows the analyst to duck the potentially con-
tentious division of determinants into need (x) and control (z) variables and so the
determination of “justified” and “unjustified,” or inequitable, inequality in health
care utilization. The full decomposition results can be presented, and the user can
choose which factors to treat as x variables and which to treat as z variables.

The decomposition result holds for a linear model of health care. If a nonlinear
model is used, then the decomposition is possible only if some linear approximation
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to the nonlinear model is made. One possibility is to use estimates of the partial effects
evaluated at the means (van Doorslaer, Koolman, and Jones 2004). That is, a linear
approximation to equation 15.1 is given by

(15.3) yizam+zjﬂ}"xﬁ+zkyfz,d+ui,

where the B/" and yj' are the partial effects, dy/dx; and dy/dz, of each variable
treated as fixed parameters and evaluated at sample means; and u; is the implied
error term, which includes approximation errors. Because equation 15.3 is linearly
additive, the decomposition result (Wagstaff, van Doorslaer, and Watanabe 2003)
can be applied, such that the concentration index for y can be written as

(15.4) czzj(ﬁ;"f]- /WC;i+, (vi'% / w)Cy +GC, / .

Because the partial effects are evaluated at particular values of the variables, for
example, the means, this decomposition is not unique. This is the inevitable price to
be paid for the linear approximation. Also, unlike the truly linear case, the index of
horizontal inequity, HIy, obtained by subtracting the need contributions in equa-
tion 15.4 from the unstandardized concentration index will not equal the concen-
tration index for need-standardized utilization calculated from the estimates of the
nonlinear model parameters, as described in the previous section.

Note that equation 15.3 could itself be used to estimate need-standardized utili-
zation and, unlike equation 15.2, its distribution would not depend on the values to
which the control variables were set. Need-predicted utilization could be defined as

(15.5) §X=6"+Y B+ Y g
j k
Then indirectly standardized use would be given by the following:

(15.6) I =y-55+7,

where ]T/ is the mean of the predictions from equation 15.3 with all variables at
actual values. Because equation 15.3 is linearly additive, the z variables cancel in the
final two terms of equation 15.6, and the variance of °, unlike that of 7, does not
depend on the values to which those variables are set in the need-prediction equa-
tion, 15.5. However, y° will depend on the values of both the x and z variables at
which the partial effects are evaluated. There is no escaping the nonuniqueness of
the standardization in the context of a nonlinear model including control variables.

Computation

Stata code for the concentration index decomposition based on linear regression is
provided in chapter 13. For nonlinear estimators, the partial effects must be calcu-
lated from the parameter estimates and then the contributions calculated using these
partial effects, as in equation 15.4. For the probit model, Stata has a programmed
routine called dprobit that provides partial effects directly (see chapter 11):

dprobit y $X $Z [pw=weight]
matrix dfdx=e (dfdx)

The matrix command saves the partial effects into a matrix named dfdx. By
default, partial effects are calculated at the sample means. They can be computed at
another vector of values using the at (matname) option (see chapter 11). For other
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Box 15.2 Decomposition of Inequality in Utilization of Preventive Care in Jamaica, 1989

We decompose the concentration index for any use of preventive health care in Jamaica.
The probability of making any use of preventive care is estimated both by least squares,
in which the decomposition is exactly as presented in chapter 13, and by probit, in which
case we make a linear approximation to the model using the partial effects evaluated at
sample means, as in equation 15.3, and then use the decomposition given by equation
15.4. Need and nonneed variables are as described in box 15.1, although, as pointed out
above, the decomposition approach allows the user to choose which factors to consider
as need proxies. We do not present the full decomposition results but provide, in the
table below, the absolute and percentage contributions to the unstandardized concen-
tration index for groups of “need” factors (age-sex dummies, self-assessed health dum-
mies, and functional limitation dummies) and for the two “nonneed” factors. Results
are not particularly sensitive to the estimation method. The residual difference between
the unstandardized concentration index and the sum of the contributions of all need
and nonneed factors is larger for the partial effects probit approach, largely because
this gives a slightly larger estimate of the contribution of household expenditure.

The contribution of all need factors is negative, indicating that if utilization were
determined by need alone, it would be pro-poor. The aggregate contribution of all
need factors is about 47 percent of the unstandardized index. Self-assessed health and
functional limitations each contribute roughly twice as much as the age-sex groups.
Although the distribution of need pushes utilization in a pro-poor direction, this is more
than offset by the direct effect of household expenditure and of insurance coverage. If
need were distributed equally, the direct effect of household expenditure on utilization
would produce a concentration index 29 to 34 percent greater than that observed. There
is also an indirect effect of household expenditure on utilization through health insur-
ance coverage that raises the concentration index by 24 percent of its observed value.

The horizontal inequity index is positive, indicating that for given need, the better-
off make greater use of preventive care in Jamaica. The index is not particularly sensi-
tive to the estimation method.

Decomposition of Concentration Index for Access to Preventive Health Care
in Jamaica, 1989

Contributions to concentration index for any preventive care
OLS Probit partial effects
Absolute Percentage Absolute Percentage

Need factors

Age-sex groups -0.0083 -89 -0.0110 -11.9
Self-assessed health -0.0169 -18.2 -0.0163 -17.5
Functional limitations -0.0182 -19.6 -0.0170 -18.3
Subtotal -0.0434 -46.7 -0.0443 —47.7
Nonneed factors

Log household expenditure  0.1196 128.8 0.1249 134.5
Health insurance cover 0.0218 23.5 0.0221 23.8
Subtotal 0.1414 152.3 0.1470 158.3
Residual -0.0052 -5.6 -0.0099 -10.6
Total 0.0928 0.0928

Horizontal inequity index  0.1362 0.1371

Source: Authors.




184  Chapter 15

nonlinear models, the partial effects can be calculated using the mfx command
after running the model (see chapter 11).

The contributions of need factors can then be computed with the following
loop:

sca need=0
foreach x of global X {
qui {
mat b "x’ = dfdx[1,” x
sca b "x’' = b “x’'[1,1]
corr r ~x’' [aw=weight]
2

I\\]

, C
sca cov_x’ = r(cov_12)
sum “x’ [aw=weight]

sca m_"x’ = r(mean)

sca elas "x’ = (b _"x'*m "x')/m y
sca CI_"x' = 2*cov_"x’'/m_"x'

sca con_ "x’' = elas "x’'*CI_ "x’
sca prcnt "x’ = con_ "x’/CI

sca need=need+con_"x’

di “"x
di “"x
di “"x’ contribution:”, con “x’
di “"x

' elasticity:”, elas "x’

~

' concentration index:”, CI_"x’'

' percentage contribution:”, prcnt “x’

}

where CI is a scalar equal to the unstandardized concentration index computed
as in chapter 8. The scalar need will contain the sum of the contributions of all the
need factors. The contributions of the nonneed factors can be computed by running
the same loop over the global Z containing the nonneed factors and renaming the
scalar need to nonneed. The total contributions of all need factors and of nonneed
factors and the horizontal inequity index (HIy) can then be displayed as follows:

di “Inequality due to need factors:”, need

di “Inequality due to non-need factors:”, nonneed
sca HI = CI - need

di “Horizontal Inequity Index:”, HI

Further reading

Detailed discussion of the issues touched on in this chapter can be found in Wag-
staff and van Doorslaer (2000); Gravelle (2003); Schokkaert and van de Voorde
(2004); and van Doorslaer, Koolman, and Jones (2004). Standard errors for the con-
tributions to the concentration index decomposition can be obtained by bootstrap-
ping (van Doorslaer, Koolman, and Jones 2004). Gravelle, Morris, and Sutton (2006)
make a valuable contribution in placing the empirical study of equity in health care
in the context of a social welfare maximization model. That helps to make explicit
the links between normative and positive analysis of the distribution of health care,
a point that has also been emphasized by Schokkaert and van de Voorde (2004). It
also helps clarify the conditions required for the identification of horizontal and
vertical equity and to distinguish between the two.
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