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Explaining Differences between Groups:
Oaxaca Decomposition

After inequalities in the health sector are measured, a natural next step is to seek to
explain them. Why do inequalities in health exist between the poor and better-off
in many countries despite health systems explicitly aimed at eliminating inequali-
ties in access to health care? Why is inequality in the incidence of health sector sub-
sidies greater in one country than in another? Why has the distribution of health or
health care changed over time?

In this chapter and the next, we consider methods of decomposing inequality
in health or health care into contributing factors. The core idea is to explain the
distribution of the outcome variable in question by a set of factors that vary sys-
tematically with socioeconomic status. For example, variations in health may
be explained by variations in education, income, insurance coverage, distance to
health facilities, and quality of care at local facilities. Even if policy makers have
managed to eliminate inequalities in some of these dimensions, inequalities
between the poor and better-off may remain in others. The decomposition meth-
ods reveal how far inequalities in health can be explained by inequalities in, say,
insurance coverage rather than inequalities in, say, distance to health facilities. The
decompositions in this chapter and the next are based on regression analysis of the
relationships between the health variable of interest and its correlates. Such analy-
ses are usually purely descriptive, revealing the associations that characterize the
health inequality, but if data are sufficient to allow the estimation of causal effects,
then it is possible to identify the factors that generate inequality in the variable of
interest. In cases in which causal effects have not been obtained, the decomposition
provides an explanation in the statistical sense, and the results will not necessarily
be a good guide to policy making. For example, the results will not help us predict
how inequalities in Y would change if policy makers were to reduce inequalities
in X, or reduce the effect of X and Y (e.g., by expanding facilities serving remote
populations if X were distance to provider). By contrast, if causal effects have been
obtained, the decomposition results ought to shed light on such issues.

The decomposition method outlined in this chapter, known as the Oaxaca
decomposition (Oaxaca 1973), explains the gap in the means of an outcome vari-
able between two groups (e.g., between the poor and the nonpoor). The gap is
decomposed into that part that is due to group differences in the magnitudes of the
determinants of the outcome in question, on the one hand, and group differences in
the effects of these determinants, on the other. For example, poor children may be
less healthy not only because they have less access to piped water but also because

147



148  Chapter 12

their parents are less knowledgeable about how to obtain the maximum health ben-
efits from piped water (Jalan and Ravallion 2003; Wagstaff and Nguyen 2003). The
decomposition technique considered in the next chapter does not permit such a dis-
tinction between the contributions of differences in the magnitudes and the effects
of determinants. In its favor, however, it does allow us to decompose inequalities in
health or health care across the full distribution of say, income, rather than simply
between the poor and the better-off.

Oaxaca-type decompositions
Some preliminaries

Suppose we have a variable, y, which is our outcome variable of interest. We have
two groups, which we shall call the poor and the nonpoor. We assume y is explained
by a vector of determinants, x, according to a regression model:

BP* x; + €l if poor

(121) Yi :{ﬁmnpoor

where the vectors of 8 parameters include intercepts. In the case of a single regres-
sor, drawn in figure 12.1, the nonpoor are assumed to have a more advantageous
regression line than the poor. At each value of x, the outcome, y, is better. In addi-
tion, the nonpoor are assumed to have a higher mean of x. The result is that the
poor have a lower mean value of y than do the nonpoor.'

nonpoor
i

X +€ if nonpoor

Figure 12.1 Oaxaca Decomposition

y
equation for nonpoor
yl’lOl’lPOOl‘
Axfgnonpoor
Aﬁxnonpoor
equation for poor
ABxpoor
Axgpoor
ypoor
xpOOI‘ xl’lOnpOOI' x

Source: Authors.

'In the case of the poor, we read off the equation for the poor above x**”, giving a value of
y equal to y7*”". In the case of the nonpoor, we read off the equation for the nonpoor above

X" oiving a value of y equal to y" ",
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nonpoor poor

The gap between the mean outcomes, y and ", is equal to

(12.2) ynonpoor _ypOOV =ﬁmmpoorxnonpoor _ﬂpoarxpoor,

where x""""*" and """ are vectors of explanatory variables evaluated at the means
for the nonpoor and the poor, respectively.” For example, if we have just two x’s, x;
and x,, we can write the following:

(12.3)

nonpoor __ . poor _ nonpoor _ poor nonpoor , nonpoor _ poor . poor nonpoor _ nonpoor _ poor . poor
y y —(ﬁo 0 )+(.31 Xy 1 X )+(.32 Xa 2 X2 )

:GO +G1 +G2

so that the gap in y between the poor and the nonpoor can be thought of as being
due in part to (i) differences in the intercepts (Gy), (i) differences in x; and B; (Gy),
and (iii) differences in x, and f3, (G,). For example, G; might measure the part of the
gap in mean health status () due to differences in educational attainment (x;) and
the effects of educational attainment ( 8;), and G, might measure the part of the gap
due to the gap in accessibility to health facilities (x,) and differences in the effects of
accessibility ( ;).

Estimates of the difference in the gap in mean outcomes can be obtained by sub-
stituting sample means of the x’s and estimates of the parameters f’s into equa-
tion 12.2. In the rest, we make such a substitution but do not make it explicit in the
notation.

Oaxaca’s decomposition

We could stop here. But we might want to go further and ask how much of the
overall gap or the gap specific to any one of the x’s (e.g., G; or G,) is attributable to
(i) differences in the x’s (sometimes called the explained component) rather than (ii)
differences in the f’s (sometimes called the unexplained component). The Oaxaca
and related decompositions seek to do just that.

From figure 12.1, it is clear that the gap between the two outcomes could be
expressed in either of two ways:

(124) ynonpoor _ yPDU" :Mﬁpwr + Aﬂxnonpoor
where Ax = x10npoor _ypoor o0 q AB — ﬂnonpoor_ﬂpoor’ oras
(12.5) y”""”o‘” _yPDOV :Axﬁmmpaor +Aﬂxpoor_

As the figure makes clear, these decompositions are equally valid. In the first,
the differences in the x’s are weighted by the coefficients of the poor group and the
differences in the coefficients are weighted by the x’s of the nonpoor group, whereas
in the second, the differences in the x’s are weighted by the coefficients of the non-
poor group and the differences in the coefficients are weighted by the x’s of the
poor group. Either way, we have a way of partitioning the gap in outcomes between

?Assuming exogeneity, the conditional expectations of the error terms in (12.1) are zero.



150  Chapter 12

the poor and nonpoor into a part attributable to the fact that the poor have worse
x’s than the nonpoor, and a part attributable to the fact that ex hypothesi they have
worse f3’s than the nonpoor.

The decompositions in equations 12.4 and 12.5 can be seen as special cases of a
more general decomposition:’

(12.6) Yy — P = AxBP + ABXP™ + AXAB
=E+C+CE

so that the gap in mean outcomes can be thought of as deriving from a gap in
endowments (E), a gap in coefficients (C), and a gap arising from the interaction
of endowments and coefficients (CE). Equations 12.4 and 12.5 are special cases in
which

(12.4) Yy — P = Ax B + AR =E+(CE+C)
and
(12.5) Y —y P = Ax P + ABxP* =(E+CE)+C.

So, in effect, the first decomposition places the interaction in the unexplained
part, whereas the second places it in the explained part.*

Related decompositions
We can also write Oaxaca’s decomposition as a special case of another decomposition:
(127) y"™»™ —y"" = Ax| DB™* +(I-D)B"" |+ AB[ """ (1-D)+x""D|

where I is the identity matrix and D a matrix of weights. In the simple case, where x
is a scalar rather than a vector, I is equal to one, and D is a weight. In this case, D =0
in the first decomposition, equation 12.4, and D = 1 in the second, equation 12.5. In
the case in which x is a vector, we have

(12.8) D =0 (Oaxaca) (equation 12.4")
(12.9) D =1 (Oaxaca) (equation 12.5")

Other formulations have been suggested. Cotton (1988) suggested weighting the
differences in the x’s by the mean of the coefficient vectors, giving us

(12.10) diag(D) = 0.5 (Cotton),

3This notation is from Ben Jann’s help file for his Stata decompose routine used later in the
chapter.

“The rationale for this is that the decompositions were devised to look at discrimination in
the labor market. The analog of the nonpoor would be whites or males, and the analog of
the poor would be blacks or women. In the first decomposition the presumption is that it is
blacks and women who are paid according to their characteristics, whereas whites and men
receive unduly generous remuneration. In the second decomposition, the presumption is
that whites and men are paid according to their characteristics, and it is blacks and women
who are discriminated against.
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where diag(D) is the diagonal of D. Reimers (1983) suggested weighting the coef-
ficient vectors by the proportions in the two groups, so that if fyp is the sample frac-
tion in the nonpoor group, we have

(12.11) diag(D) = fnp (Reimers).

In addition to Oaxaca’s two decompositions and the additional two proposed by
Cotton and Reimers, there is a fifth proposed by Neumark (1988), which makes use
of the coefficients obtained from the pooled data regression, B":

(12.12)
O o ZAXﬂP +[x”0V'P00V (ﬁm’"ﬁw’ _ﬁp)+ xPoor (ﬂp - prr )] (Neumark).

Illustration: decomposing poor-nonpoor differences
in child malnutrition in Vietnam

We illustrate the decompositions by means of an example. The setting is Vietnam.
The aim of the exercise is to explain the difference between the poor and the non-
poor in child malnutrition, measured anthropometrically through height-for-age
z-scores (see chapter 4).

We classify (under-10) children as poor if they are below the poverty line of D
1,790,000 (D = Vietnamese dong), which is the classification developed by the World
Bank (Glewwe, Gragnolati, and Zaman 2000) and used by the government of Viet-
nam. On this basis, using sample weights, we have 46 percent of under-10 children
being classified as poor. Figure 12.2 shows that poor children (poor = 1) tend to
have a height-for-age z-score (HAZ) lower than that of nonpoor children (poor =
0). The mean HAZ values among the nonpoor and poor are —1.44 and -1.86, respec-
tively. A mean of 0.00 would place the group in question at the 50th centile in the
U.S. reference sample of well-nourished children (distribution sketched in figures),
so even the average nonpoor child in Vietnam is substantially undernourished by
U.S. standards. Our focus here is on explaining the gap of 0.42 between the mean
HAZ of nonpoor and poor children.

Regression model and its estimation

In our setting, y is the HAZ malnutrition score. As in chapter 13, we use basically
the same regression model as Wagstaff, van Doorslaer, and Watanabe (2003) and
include the log of the child’s age in months (1nage), a dummy indicating whether
the child in question is male (sex), dummies indicating whether the child’s house-
hold has safe drinking water (safewtr) and satisfactory sanitation (oksan), the
years of schooling of the child’s mother (schmom), and the natural logarithm of
household per capita consumption (Inpcexp). Our poverty grouping variable is
poor, which takes a value of 1 if the child’s household is poor. The first step is to
see whether the regression coefficient vector, 8, differs systematically between the
poor and nonpoor. The relevant Stata commands are as follows:

xi: regr haz poor i.poor|lnage i.poor|sex i.poor|safwtr
i.poor|oksan i.poor|schmom i.poor|lnpcexp [pw=wt]
testparm poor I*
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Figure 12.2 Malnutrition Gaps between Poor and Nonpoor Children, Vietnam, 1998
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Source: Authors.

The first command runs a regression with the poor dummy included alone and
interacted with all the x’s. The second command tests the hypothesis that the coef-
ficients on the poor dummy and its interactions are simultaneously equal to zero.
The F-statistic, with 7 and 5154 degrees of freedom, is 2.03 and has a p-value of
0.0472. Thus the Oaxaca-type approach, which allows for different regression coef-
ficients, makes some sense in this context, although rejection of the null of param-
eter homogeneity is somewhat marginal.
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Decomposition

Ben Jann'’s Stata routine decompose, which is downloadable from the Stata Web site,
allows all the decompositions outlined above to be computed in just one command:

decompose haz lnage sex safwtr oksan schmom lnpcexp [pw=wt],
by (poor) detail estimates

The syntax is the same as the regress command, except that after the comma
the user has to specify the variable defining the two groups (in our case poor). The
first block of output (table 12.1) reports the mean values of y for the two groups, and
the difference between them. It then shows the contribution attributable to the gaps
in endowments (E), the coefficients (C), and the interaction (CE). In this application,
the gap in endowments accounts for the great bulk of the gap in outcomes.

Table 12.1 First Block of Output from decompose

Mean prediction high (H): -1.442
Mean prediction low (L): -1.861
Raw differential (R) {H-L}: 0.419
- due to endowments (E): 0.406
- due to coefficients (C): -0.082
- due to interaction (CE): 0.095

Source: Authors.

The second block of output (table 12.2) shows how the explained and unex-
plained portions of the outcome gap vary depending on the decomposition used.
The first and second columns correspond to the Oaxaca decomposition in equa-
tions 12.4" and 12.5, where D = 0 and D = I, respectively. The third and fourth col-
umns correspond to Cotton’s and Reimers’ decompositions, where the diagonal of
D equals 0.5 and fyp = 0.562 (in our case), respectively. The final column labeled
“*” is Neumark’s decomposition. Whatever decomposition is used, it is clearly the
difference in the mean values of the x’s that accounts for the vast majority of the
difference in malnutrition between poor and nonpoor children in Vietnam. Differ-
ences in the effects of the determinants play a tiny part in explaining malnutrition
inequalities.

Table 12.2 Second Block of Output from decompose

D: 0 1 0.5 0.562 *
Unexplained (U){C+(1-D)CE}: 0.014 -0.082 -0.034 -0.038 -0.032
Explained (V) {E+D*CE}: 0.406 0.501 0.454 0.458 0.451
% unexplained {U/R}: 3.2 -19.5 -8.1 -9.1 -7.5
% explained (V/R): 96.8 119.5 108.1 109.1 107.5

Source: Authors.

SFrom within Stata, give the command findit decompose and follow the links. Another
ado file—oaxaca—is available for Stata version 8.2 and later. This has all the functions of
decompose with the important addition of providing standard errors for the contributions.



154  Chapter 12

The third block of output (table 12.3) allows the user to see how far gaps in indi-
vidual x’s contribute to the overall explained gap. For example, focusing on the final
column corresponding to Neumark’s decomposition, we see that the gaps in the
two demographic variables actually favor the poor, whereas the gaps in the remain-
ing variables all disfavor the poor. Of the latter, it is the gap in household consump-
tion that accounts for the bulk of the explained gap. It is not so much the correlates
of poverty (poor water and sanitation, low educational levels) that account for mal-
nutrition inequalities between poor and nonpoor children in Vietnam—it is pov-
erty itself, in the form of lack of purchasing power.

Table 12.3 Third Block of Output from decompose

explained: D =

Variables E(D=0) C CE 1 0.5 0.543 *
lnage -0.027 0.282 0.005 -0.022 -0.024 -0.024 -0.024
Sex -0.004 0.038 0.002 -0.002 -0.003 -0.003 -0.003
safwtr 0.029 0.005 0.004 0.033 0.031 0.031 0.033
oksan -0.008 0.01e 0.056 0.048 0.02 0.022 0.036
schmom 0.029 -0.103 -0.035 -0.006 0.012 0.01 0.009
Inpcexp 0.387 0.551 0.064 0.45 0.419 0.421 0.4
_ cons 0 -0.87 0 0 0 0 0
Total 0.406 -0.082 0.095 0.501 0.454 0.458 0.451

Source: Authors.

The fourth and final block of output (table 12.4) gives the coefficient estimates,
means, and predictions for each x for each group, the “high group” in this case
being the nonpoor and the “low group” being the poor.

Table 12.4 Fourth Block of Output from decompose

High model Low model Pooled
Variables Coef. Mean Pred. Coef. Mean Pred. Coef.
lnage -0.321 4.021 -1.291 -0.392 3.952 -1.551 -0.354
Sex -0.088 0.513 -0.045 -0.166 0.491 -0.081 -0.122
Safwtr 0.165 0.421 0.069 0.144 0.221 0.032 0.164
Oksan 0.195 0.313 0.061 -0.034 0.069 -0.002 0.147
Schmom -0.003 7.696 -0.023 0.015 5.739 0.086 0.005
lnpcexp 0.544 7.99 4.348 0.467 7.162 3.346 0.483
_cons -4.561 1 -4.561 -3.691 1 -3.691 -3.955
Total -1.442 -1.861

Source: Authors.

For the first Oaxaca decomposition (12.4"), columns 2 and 3 of table 12.3 allow us
to identify how the gap in each of the f’s contributes to the overall unexplained gap.
For the other decompositions, the contributions of the individual f’s can be found
by taking the group difference in the variable specific predictions given in table
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Figure 12.3 Contributions of Differences in Means and in Coefficients to Poor—Nonpoor
Difference in Mean Height-for-Age z-Scores, Vietnam, 1998
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12.4 and subtracting the explained part given in table 12.3 from this. A bar chart
can then be presented, as in figure 12.3, showing the contribution of the difference
in the means of each x and the difference in the coefficients on each x. As far as the
means of the x’s are concerned, figure 12.3 tells us simply what we already knew
from the second block of output: most of the explained part of the malnutrition
gap is attributable to the gap in per capita consumption. The triangles in the chart,
which indicate the overall contributions of the x’s and the f’s, also show us some-
thing else we already knew: that the bulk of the gap in malnutrition is from gaps in
the x’s, not gaps in the f’s. Figure 12.3 makes clear that the unimportance overall
of the unexplained portion is due to offsetting effects from different ’s. The poor
have a higher intercept in the HAZ equation, but this is largely offset by the fact
that the consumption effect is weaker for the poor.

Extensions

The framework above can be extended in a number of ways. One is to explain
changes in gaps over time (Makepeace et al. 1999). Wagstaff and Nguyen (2003) use
this framework to investigate why child survival continued to improve in Vietnam
during the 1990s for the nonpoor but not for the poor.

Another extension would be to take selectivity into account. There are, in fact,
two separate selectivity issues that might be explored. The first concerns sample
selection. Consider the example of child malnutrition. Because a child’s nutritional
status influences its survival prospects, it also affects the probability that the child
appears in the sample (Lee, Rosenzweig, and Pitt 1997). The resulting selection bias
can be dealt with provided data are available to model the selection process. In the
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example given, this would require fertility history data such that the probability of
a child death before the survey date could be modeled as a function of household
characteristics. The selection correction term—known as the inverse Mills ratio
(IMR) (Wooldridge 2002)—can then be used to adjust the group mean difference in
the outcome variable. In the decompose routine, this can be done with the option
lambda(varname), where varname would be that given to the IMR. A second
selection problem concerns the selection into the poor and nonpoor groups—group
assignment selection. Malnutrition in a child might itself reduce a household’s liv-
ing standards by, for example, keeping the mother at home to look after the child
and preventing her from working or by reducing the amount of help the child can
provide on the family farm (Ponce, Gertler, and Glewwe 1998). If this is the case,
malnutrition may influence the selection of a child into poverty. If the sample selec-
tion issue is put aside, the group assignment problem can be dealt with by model-
ing the probability of being in one group rather than the other, and then using the
selection correction terms to adjust the difference in group means. Again, this can
be done in the decompose routine with the lambda () option.

A further extension is the case in which the relationship of interest is nonlinear.
Examples include a probit model or a hazard model in the case of modeling child
survival. In such cases, one option would be to work with the underlying latent
variable that is linear in the covariates. Wagstaff and Nguyen (2003), for example,
do their decomposition in terms of the negative of the log of the hazard rate.

The methods described above decompose the difference in the mean of an out-
come variable between two groups. Group differences in other parameters of the
distribution can also be of interest. For example, with respect to the example of child
malnutrition, the difference in mean HAZ scores is arguably less interesting than
the difference in the proportion of poor and nonpoor children that are stunted. The
general Oaxaca approach can be extended to decompose differences in a full dis-
tribution of an outcome into the contribution of differences in the distributions of
covariates, on the one hand, and differences in the effects of these covariates, on the
other. For example, this can be done using quantile regression (Machado and Mata
2005). Apart from decomposing the full distribution, and not simply the mean, this
approach has the advantage of allowing the effect of covariates to differ over the
conditional distribution of the outcome. So, for example, one can allow for the pos-
sibility that income has a different marginal effect on the nutritional status of mal-
nourished and well-nourished children. The approach has been used to explain
the change in the distribution of HAZ scores in Vietnam between 1993 and 1998
(O’Donnell, Lépez-Nicolés, and van Doorslaer 2005; O’Donnell, van Doorlsaer, and
Wagstaff 2006).
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