
Measuring Changes in Disparity Gaps: An Application to Health
Insurance

By PAUL GOLDSMITH-PINKHAM, KAREN JIANG, ZIRUI SONG, AND JACOB WALLACE*

It is now widely recognized that achieving
health equity for members of racial and eth-
nic minority groups requires isolating and in-
tervening on the manipulable factors that un-
derlie health inequities (Bailey et al., 2017).
The key empirical challenge—identifying the
sources of differences across groups (typically
means)—echoes work in other contexts outside
of health—e.g., the gender wage gap (Blau and
Kahn, 2017); or the racial wealth gap (Derenon-
court et al., 2021). One approach in this liter-
ature is the Kitagawa-Oaxaca-Blinder approach
(Kitagawa, 1955; Oaxaca, 1973; Blinder, 1973),
which measures how much mean differences
across groups in relevant covariates can explain
the gaps.

While the Kitagawa-Oaxaca-Blinder (KOB)
approach has been used to decompose mean dif-
ferences between groups in observational set-
tings (Fortin, Lemieux and Firpo, 2011) or as
a tool for estimating treatment effects (Kline,
2011; Słoczyński, 2015), in this paper we show
that KOB-style decompositions can also be used
to decompose sources of treatment effect hetero-
geneity in policies that reduce disparities, with
a focus on identifying sources of treatment ef-
fect heterogeneity between groups. Our ap-
proach is closely related to work on decompos-
ing sources of treatment effect variation (Heck-
man, Smith and Clements, 1997; Djebbari and
Smith, 2008; Ding, Feller and Miratrix, 2019;
Currie, Voorheis and Walker, 2020), but also to
a more recent literature on how to estimate het-
erogeneity in causal effects (e.g., Athey and
Imbens, 2016; Wager and Athey, 2018; Denteh
et al., 2021).
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We first show that the reduction in dispari-
ties between groups caused by a treatment can
be written as the difference in conditional aver-
age treatment effects (CATEs) for each group.
Then, we highlight that these CATEs can be de-
composed into CATEs driven by other observ-
ables (e.g., the “endowment” difference) and
unexplained differences between groups. We
argue that reporting the share driven by each
component can be an important summary statis-
tic for researchers interested in understanding
group differences, since it forces researchers to
focus on characteristics that are causally manip-
ulable, rather than features like gender or race.
Finally, we apply this approach to study the im-
pact of Medicare on racial and ethnic disparities
in healthcare access and outcomes.

I. Heterogeneous Treatment Effects and
Disparity Gaps

Consider a population of individuals with ran-
domly assigned treatment Di ∈ {0,1}, a dis-
crete multivalued set of controls Xi and a set of
potential outcomes Yi(1) and Yi(0), with Yi =
DiYi(1) + (1− Di)Yi(0). We define a binary
group indicator Wi such as race or gender. We
assume strong ignorability:

(1) (Yi(0),Yi(1),Xi,Wi)⊥ Di

Researchers are often estimate the effect of
the treatment Di for each group Wi and com-
pare the treatment effect heterogeneity for each
group. We first show that the difference in treat-
ment effects across group W can be written as
the difference in the outcome gap across Wi be-
fore and after the treatment. In other words, the
difference in treatment effects across groups is
exactly the change in disparity gaps.

Let µd(w) = E(Yi|Di = d,Wi = w), and
µd(w,x) = E(Yi|Di = d,Wi = w,Xi = x). Then,
τ = µ1 − µ0, τ(w) = µ1(w) − µ0(w) and
τ(w,x) = µ1(w,x)− µ0(w,x). Here, τ identi-
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fies the ATE and τ(w) and τ(w,x) each iden-
tify different conditional average treatment ef-
fects (CATE), where we assume overlap is satis-
fied. Finally, let γd = µd(1)− µd(0) be the dis-
parity gap between the two groups in either the
control or treatment case.

Then, we note that the change in the disparity
gap is exactly the difference in treatment effects:

δ = γ1− γ0 = τ(1)− τ(0).(2)

Rewriting group differences in this way is
powerful. Since most researchers consider Wi
which are not causally manipulable (e.g. race
or gender) under the “no causation without ma-
nipulation” maxim of Holland (1986), γd is not a
well-defined causal object. But, τw is a meaning-
ful causal object with clear interpretation. When
comparing τ1 and τ0, the change in the gap be-
tween the groups can be re-interpreted as the dif-
ference in treatment effects, such that decom-
posing how the heterogeneity affects disparity
gaps can be informative about the source of the
disparities themselves.

Next, we can rewrite this change in the over-
all gap as a combination of two pieces, analo-
gous to a Kitagawa-Oaxaca-Blinder (KOB) de-
composition: a weighted combination of differ-
ent heterogeneous effects within characteristics,
plus an adjustment given a difference in compo-
sition of characteristics x. Let πw(x) = Pr(Xi =
x|Wi = w) and consider the following decompo-
sition:

δ = ∑
x

τ(1,x)π1(x)− τ(0,x)π0(x)(3)

= ∑
x

δ (x)π1(x)(4)

+∑
x

τ(0,x)(π1(x)−π0(x)).(5)

Note that these are two types of disparity
gaps: one is a difference in outcomes given a
characteristic, and the other is a gap due to dif-
ferences across groups in observable character-
istics. Since δ (x) can be defined as either a dif-
ference in treatment effects, or a change in dis-
parity gaps following a treatment, it is possible
to interpret the difference in treatment effects
as a change in disparities within characteristics
(weighted by one group’s distribution of charac-
teristics) and the pre-existing difference in char-
acteristics that affect treatment (weighted by one

group’s treatment effect). An important caveat
is that alternative weightings are feasible based
on whether the analysis uses w = 1 or w = 0 as
the reference group (as with KOB decomposi-
tions). Researchers are encouraged to confirm
that the implication of the results below do not
shift meaningfully depending on the choice of
reference.

A natural measure for this heterogeneity is
κ = ∑x δ (x)π1(x)

/
δ . κ can be larger than 1 or

less than 0. Two extreme cases are worth noting:

1) δ̃ = 0. Then, all effects are driven
by cross-characteristics composition: δ =
∑x τ(x)(π1(x)−π0(x)), and κ = 0.

2) π1(x)− π0(x) = 0 for all x. Then, δ =
∑x δ (x)Pr(Xi = x), and all effects are
driven by within-characteristic heterogene-
ity differences. Then, κ = 1.

There are two important things to note about
use of this decomposition. First, if a pol-
icymaker considers targeting the treatment, a
large κ suggests that benefits accrue within-
characteristics. As a result, policy makers will
achieve reductions in disparity gaps by ensur-
ing take-up of the treatment within a given place
where δ (x) is large. Of course, focusing on dis-
parities may ignore cases where both τ1(x) and
τ0(x) are large, but the difference δ (x) is small.
In contrast, if κ is small, disparities can be re-
duced by targeting the treatment to where the co-
variance between τ(x) and π1(x)−π0(x) is pos-
itive.

Second, consider the setting when κ = 0. In
this setting, is it possible to say that differences
in x cause the initial disparity gap? In other
words, if we causally manipulated X such that
the distribution of X was identical across W ,
how would this change γ0? Without additional
assumptions, this is not knowable. If individu-
als sort by X , then our estimates of E(Y |Xi = x)
do not identify the counterfactual average for all
individuals.

II. Data and Empirical Framework

We use this approach to study the impact of el-
igibility for Medicare—(nearly) universal public
health insurance that most Americans qualify for
beginning at age 65—on racial and ethnic dis-
parities in healthcare access and outcomes.
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The data used in the study come from the
Behavioral Risk Factor Surveillance System
(BRFSS) for the period 2010-2018, a health-
related telephone survey that collects demo-
graphics and health-related outcomes from in-
dividuals in all 50 states (United States Depart-
ment of Health and Human Services. Centers
for Disease Control and Prevention, 2020). See
the Online Appendix for additional details on
the BRFSS. Importantly, the data include age in
years and state identifiers, allowing us to esti-
mate the local average treatment effect of eligi-
bility for Medicare at age 65 in each region of
the country using a regression discontinuity de-
sign (Goldsmith-Pinkham, Pinkovskiy and Wal-
lace, 2020; Wallace et al., 2021).1

In our application, we limit the data to respon-
dents aged 51-79 years and estimate regression
discontinuity analyses (see the Online Appendix
for additional details on the estimation) both at
the national and region levels, and separately by
race/ethnicity, using equations of the form:

yi, j,l(age) =τ×1(age > 65)
+ f (age)×1(age≤ 65)
+g(age)×1(age > 65)
+ εi,t,l(age).

(6)

where yi, j,l(age) is an outcome for individuals i
of type j (i.e., self-identified race/ethnicity) in
location l of a given age. The functions f (age)
and g(age) are the age profile of yi, j,l for those
below and above age 65, respectively, and adjust
for the effect of age on our outcomes. The two
outcomes to illustrate our approach are the share
of survey respondents that report being unable
to see a physician in the past year due to cost
and the share of respondents with any source of
health insurance coverage. We report additional
outcomes in the Online Appendix.

Using this framework, we can estimate τ , the
treatment effect of Medicare (Di), for each out-
come. Likewise, for each outcome we can also
estimate τ(w,x) and τ(w) by re-estimating the
RD regression within those groups. This pro-
vides the necessary pieces to estimate δ and κ .

1However, in principle these decomposition methods could
be used in the context of program evaluations using a range of
research designs (e.g., randomized controlled trials, difference-
in-differences, etc.).

III. Results

An advantage of the RD approach used in this
application is that it allows us to easily visualize
the treatment effects γ graphically, as well as the
extent to which the treatment reduces racial and
ethnic disparities at age 65. In Figure 1 of the
Online Appendix, we report plots of the RD esti-
mates separately by race/ethnicity and for states
grouped into three groups: “All States”, “South-
ern States” and “Other States.” We see clear
evidence of pre-Medicare disparities, such as in
Panel A, where prior to being eligible for Medi-
care at age 65, there are visible racial and ethnic
differences in the share of respondents that re-
port being unable to see a physician in the past
year due to cost, with the rates being highest
for Hispanic respondents (27.3%) in Southern
States and lowest for non-Hispanic, White re-
spondents (7.7%) in Other States.

At the national level, we see a discontinu-
ous reduction at age 65 in the Hispanic-White
gap in the share of respondents unable to see a
physician due to cost (Table 1). As we already
noted above, the decline in the Hispanic-White
gap (4.0pp) can be expressed as the difference in
the CATEs for Hispanic respondents (7.0pp) and
non-Hispanic White respondents (3.0pp). Rela-
tive to the pre-65 gap of 17.9 p.p., this repre-
sented a 25% reduction in the disparity.

We then perform a KOB-style decomposi-
tion using our region-level estimates to assess
how much of the national-level reduction in the
Hispanic-White gap is driven by a reduction
in the gap within each region (i.e., “Southern
States” vs. “Other States”) at age 65 and how
much is driven by treatment effect heterogene-
ity across regions and differences in where racial
and ethnic groups reside (e.g., Black Americans
are concentrated geographically in the South).
In principle, this decomposition could be per-
formed at a more granular level (e.g., states or
counties) but for illustrative purposes we focus
on two regions in this application.

For each of the outcomes we examined, the
share of the national disparity reduction driven
by within-region reductions in racial and ethnic
disparities, κ , was large. For example, these es-
timates ranged from 0.79 for the Black-White
gap in the share of the population without a
usual source of care to approximately 1.0 for
the Hispanic-White gap in all four outcomes.
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Table 1—: Changes in Racial and Ethnic Gaps and the Effects of Medicare Eligibility at Age 65

Share of Change in
Gap Explained (κ) Estimated Effect (τ) Change in Gap (δ )

Share unable to see physician Black Hispanic White Black Hispanic Black Hispanic
in the past year due to cost Americans Americans Americans Americans Americans Americans Americans

(1) (2) (3) (4) (5) (6) (7)

Overall -0.03 -0.05 -0.07 -0.02 -0.04
(0.003) (0.01) (0.01) (0.01) (0.015)

Breakdown by Region 0.97 1.0

Non-South -0.03 -0.04 -0.03 -0.01 -0.01
(0.004) ( 0.01) (0.01) (0.01) (0.02)

South -0.03 -0.05 -0.12 -0.02 -0.09
(0.005) (0.02) (0.03) (0.02) (0.04)

Share Insured

Overall 0.063 0.092 0.15 0.029 0.083
(0.003) (0.01) (0.01) (0.01) (0.015)

Breakdown by Region 0.85 0.99

Non-South 0.056 0.084 0.1 0.028 0.047
(0.003) ( 0.01) ( 0.02) (0.02) (0.02)

South 0.076 0.097 0.21 0.021 0.14
(0.005) (0.01) (0.03) (0.02) (0.03)

Source: Authors analysis of the Behavioral Risk Factor Surveillance System (BRFSS), 2010-2018. This table reports estimated effects
from the Medicare RD regression, for White, Black, and Hispanic Americans. Columns 1 and 2 explain the share of the change in
the gap explained by heterogeneity within covariates (see text for details). Columns 3, 4 and 5 report estimates of the RD regression
(equation 6) by racial and ethnic group. Columns 6 and 7 report the difference between columns 4 and 3, and 5 and 3, respectively.
These can be interpreted as the discontinuity in the disparity at age 65.

The, perhaps surprising, implication of this is
that the reductions in disparities at the national-
level are not the result of Medicare having larger
effects in a particular region (e.g., the South)
where members of racial and ethnic minority
groups are more likely to reside. Instead, it is
driven by large reductions in the Black-White
and Hispanic-White gaps within regions at age
65.

IV. Conclusion

We show that differences in treatment effects
across groups can be interpreted as changes in
disparity gaps. Moreover, we show the KOB
approach can be extended to decompose differ-
ences in disparity gaps into differences in the
observable characteristics correlated with treat-
ment effect heterogeneity (e.g., region in our ex-
ample) and treatment effect heterogeneity be-
tween groups (e.g., non-Hispanic White vs. His-
panic respondents) within a region.

This method may be particularly useful for re-
searchers focused on understanding how treat-

ment effect heterogeneity leads some policies to
be disparity-reducing (e.g., Medicare eligibility)
and interested in decomposing the sources of
treatment effect variation between groups (e.g.,
by race, gender, and their intersections). If ob-
servable characteristics only explain a limited
amount of the heterogeneity in the effect of a
policy, that suggests there may exist important
(currently unobserved) characteristics that differ
by group. Researchers should attempt to iden-
tify these to better understand the disparate im-
pacts of policies between groups. Researchers
may want to split by more characteristics, po-
tentially introducing additional noise. Further
work should explore the use of machine tech-
niques such as causal forests to implement this
(Wager and Athey, 2018).
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Słoczyński, Tymon. 2015. “The Oaxaca–
Blinder unexplained component as a treat-
ment effects estimator.” Oxford Bulletin of
Economics and Statistics, 77(4): 588–604.

United States Department of Health and Hu-
man Services. Centers for Disease Con-
trol and Prevention. 2020. “Behavioral Risk
Factor Surveillance System (BRFSS) Survey
Data, 2010-2018.”

Wager, Stefan, and Susan Athey. 2018. “Esti-
mation and inference of heterogeneous treat-
ment effects using random forests.” Jour-
nal of the American Statistical Association,
113(523): 1228–1242.

Wallace, Jacob, Karen Jiang, Paul
Goldsmith-Pinkham, and Zirui Song.
2021. “Changes in Racial and Ethnic Dispar-
ities in Access to Care and Health Among
US Adults at Age 65 Years.” JAMA Internal
Medicine, 181(9): 1207–1215.


