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Social Epidemiologic Aims
Descriptive
Existence of social differences in health

Etiologic
Causes of social differences in health

Interventions
Policies and programs to address causes



Enough already?

B i e o SSAGE
NeVertheleSS, health mequahtle S are soc1ally _ '. journals
p o duc c d , adn d th ere fO re , al SO p otent i ally Social Inequalities in health: Challenges, knowledge gaps, key
debates and the need for new data

avoidable. However, effective political e
interventions require a scientific

understanding of the causal mechanisms

generating the strong and persistent

correlations between social conditions and

health outcomes.

How can we find out?



Decomposition: from description to explanation

What changed?
Explaining growing or shrinking gaps

Which ‘components’?
Bridge between descriptive and causal

What if?
Techniques often involve ‘counterfactual’ scenarios



Danish smoking has declined from 21% (2010) to 11% (2025)
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1. Kitagawa’s Decomposition



COMPONENTS OF A DIFFERENCE BETWEEN TWO RATES*

EveLyn M. KitAacawa
Unaversity of Chicago and Scripps Foundation

HEN comparing the incidence of some phenomenon in two or more
groups, social researchers place much emphasis on the need for
holding constant those related factors that would tend to distort the
comparison. For example, before comparing the death rates for the
residents of two areas, demographers frequently control the factors of
differences between the areas in age, sex and race composition. A tech-

If standardization alters a diftference
between two rates, it should be
possible ... to break it up into
components attributable to the
various factors for which the data
were standardized.

‘Unpacking’ the difference between crude rates of two groups



Potential consequences of ignoring composition

Impact of upward social mobility on population mortality:

analysis with routine data
Richard F Heller, Patrick McElduff, Richard Edwards

may give a distorted view of the overall level of health inequality due to social
class differentials as it does not take into account the changing distribution of
social class within the whole population.

changes in the distribution of social class across the population are an
important contributor to recent reductions in mortality



Group rate: R; = y;/n; Data for crude rates

Group share: P; = n;/ > . n; Stratum Pop Count Rate
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Group A Group B

Age Share Rate Share Rate
Young 30% 10 50% 20
Old 70% 40 50% 30
“Crude 31 25
Standardized to A 31 27

Standardization question:
What would the A — B difterence be if B had A’s age distribution?




Kitagawa’s key insight

| ' ...if the difference between two

A standardized rates is subtracted from
oD the corresponding difference in
crude rates...the result is a weighted
average of differences between the

) composition of the two groups.

But what are the weights?



Crude A — Bdifference=) " Ps;R4; — > Pp;Rp;

— Reflects differences in both rates and composition

A-Standardized A — B difference=) Ps;R4; — >  Pa;Rp;

— Reflects only differences in rates (Py; is constant)

Crude - Standardized =Y Rp;(P4; — Pg;)

— Differences in composition, weighted by Bs rates!




Applying the decomposition

composition effect

( R 4; + Rp;
2

Rate4 — Ratep = Z

1

) (Pai — PBi)

crude difference

Py; + Pp;
+) ( > )(RAZ- — Rg;)

rate effect

R 4; is the rate for group A in stratum i.
P,; is the i-stratum-specific weight in group A.



Group A Group B

Age Share Rate Share Rate

Young 30% 10 50% 20

Old 70% 40 50% 30

Composition effect Rate effect
R 4i+Rp; o . . . P+ Pg; o . . .

Group > P4, — Pp; Contribution Group 5 R4; — Rp; Contribution
Young 15 -0.20 -3.0 Young 0.40 -10 -4.0
Old 35 +0.20 +7.0 Old 0.60 +10 +6.0
Sum +4.0 Sum +2.0

Total = +6.0 = crude gap (31 — 25) = 67% due to composition

Rate effect (+2) = standardized gap (avg reference) (28 — 26)



Kitagawa: does the reference group matter?

Reference Composition Rate Total
A's rates 6.0 0.0 6.0
B's rates 2.0 4.0 6.0
Average 4.0 2.0 6.0
(Kitagawa)

Crude gap =31 - 25 = 6 in every row; only the split changes

The one-sided rows difter by the interaction, » |.(Pa; — Ppi)(R4i — Rp;) =
4.0, which the average splits evenly




What accounts for differences in
neonatal mortality rates across
European countries?

GA-specific rates or distribution?

Implications for interventions:?

Original Investigation | Pediatrics

Neonatal Mortality Disparities by Gestational Age in European Countries

Victer Sarbarivs, MD; Mariarne Philibert, MSe: Mari Kungsoyr, PhD; Jeannette Klimant, MS<; Katareyna Szrametulska, PhD: Zeljo Drausni, MPH; Petr Velebil, PhD;
Laust Martersen, PhiD; Mika Gissler, PhD; Jeanne Fresson, MD; Jan Mijhui, PhD; We-Hong Zhang, PhD: Karin Kilén, PhD: Tonia &, Riks, PhD: Viad Tica, PhD;

Ruth Matthews, PhD; Lucy Smith, PhiD; Jenniler Zeitling D5 for the Ewro-Peristal Netwark

Abstract

IMPORTAMCE There are wide disparities in neonatal mortality rates (NMRs, deaths <28 days of kfe
aftar live birth per 1000 live barths) betweaen countries in Europe, indicating potential for
improvement. Comparing country-specific patterns of births and deaths with countries with low
maortality rates can fadlitate the development of effective intervention strategies.

QBJECTIVE To investigate how these disparities are associated with the distribution of gestational
age (GA) and GA-specific mortality rates.

DESIGM, SETTIMNG, AND PARTICIPANTS This weas a cross-sectional study of all live births in 14
participating European countries using routine data compiled by the Eurg-Peristat Metwork. Liva
barths witha GA of 22 weeks or higher from 2015 to 2020 were indeded. Data were analyzad from
May to October 2023,

EXPOSURES GAatbirth,

MAIN QUTCOMES AND MEASURES The study investigated excess neonatal mortality, defined as a
rate difference relative to the pooled rate inthe 3 cowntries with the lowest MMRs (Morway, Sweden,
and Finland; hereafter termad the top 3). The Kitagawa method was used to divide this excess into
the proportion explained by the GA distribution of births and by GA-spedfic mortality rates. A
sansitivity analysis was conducted among births 24 weeks' GA or greater.

RESULTS There were 35 094 neonatal deaths among 15 123 428 live births for an overall NMR of
232 per 1000, The pooled NMR inthe top 3 was 144 per 1000 (1937 of 1342 528). Excess neonatal
mortality compared with the top 3 ranged from QU7 per 1000 in the Czech Republic to 1.82 per 1000
im Romania. Excess deaths were predominantly concentrated among births less than 28 weeks' GA

{57.6% owverall). Full-term births represented 22 7% of the excess deaths in Belgium, 17.8% in France,

40.6% in Romania and 17.3% in the United Kingdom. Heterogeneous patterns were observed when
partitioning excass mortality into the proportion associatad with the GA distribution vs GA-specific
maortality. For example, these proportions were 9.2% and $0U8% in France, 58.4% and 41.6% in the
United Kingdom, and 92.%% and 7.1% in Austria, respectively. These assodations remained stabla
aftar removing births under 24 weeks' GA in most, but not all, countries.

CONCLUSIONS AND RELEVANCE This cohort study of 14 European countries found wide MR
disparities with varying patterns by GA. This lmowledge is important for developing effective
strategies to reduce necnatal mortality.

SAMA Webaork Cpen. 2024 T(8) 224 24226, doi: 10 000 famanetworkopen 2024, 24306

Key Paints

Question Are disparities in neonatal
martality between European countries
assaciated with differences in the
gestational age distribution of births or

with higher mortality at specific
gastational ages?

Findings In thes cross-sectional study of
cver 15 millizn lve births from 14
Ewropean countries, heterogenaous
pattemns were cbsenved across countries
and gestational age graups in the
association of these 2 components with
excess mortality in companison with the
3 countries with the lowest neanatal
martality rates (Sweden, Monaay,

and Finland).

Meaning Stratfying neonatal mortality
rates by gestational age can provide

couniry-specfic insights o inform
preveritive strategies ta reduce neanatal

martality.

+ supplemental comtent

Auther affibations and amicle indermaticon are
listedd at thie end of this article
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Hiding in plain sight?
Both DK and AT similar and ~0.3 deaths per 1000 higher than “Top 3”

But completely different contributions to the difference

Table 3. Neonatal Mortality Rate (NMR) Differences for Each Country With Sweden, Norway, and Finland
and the Kitagawa Decomposition Into the Differences Attributed to the Gestational Age (GA) Distribution
and to GA-Specific NMRs Among Live Births at 22 Weeks or More and 24 Weeks or More of GA®

Difference from o £ the Diff )
NMR per 1000 Finland, Norway, 7o of the Difference attributed to

Country live births and Sweden GA distribution GA-specific NMR
Live births 222 weeks of GA

Finland, Norway, and Sweden 1.44 NA NA NA

Austria 1.73 0.28 7.1

92.9
Denmark 1.74 0.30 100.0



Denmark has much worse rates at early GA

<— Denmark

.:é’ 750 4
‘S Top 3 S
® =
> l <— Austria 5 3
— o
-]
S 500 =
S 2
| -
((b]
Q. 1
=
250
= : HEn
32-36 37-41
zoomed above
0

22-23 24-25 26-27 28-31 32-36 37-41 >42
Gestational age (completed weeks)



Austria more births at earlier GA

1 000

Austria—

1.5

750 Denmark

N\

per 1000

500
Implications for interventions

DK: improving care at early GA
AT: shifting the distribution of GA later

250

Share of live births per 1000

e P S —————— S ——————————— E———  — .
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Summary: Kitagawa's decomposition

When to use

Comparing rates across groups or over time when

their composition differs

Extensions

More than two groups or factors; three-part
decomposition

Caveats

Not causal; results depend on the strata used and on
the reference weights
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2.. Oaxaca—Blinder Decomposition



Oaxaca-Blinder: Basic Idea

What explains average differences in outcomes? In a regression context:

1. Means

Differences in the prevalence of determinants of
outcome

2.. Coefficients

Differences in the coefficient of a given determinant on
the outcome (i.e., effect measure modification)




r J Health Econ (2011) 12:17-28

Eu 17—
DOI 10.1007/510198-010-0220-z

Inequalities in the use of health services between immigrants
and the native population in Spain: what is driving
the differences?

olores Jiménez-Rubio * Cristina Hernindez-Quevedo

Our findings show that unexplained factors
associated to immigrant status determine to a great
extent disparities in the probability of using
hospital, specialist and emergency services of
immigrants relative to Spaniards, while individual
characteristics, in particular selt-reported health
and chronic conditions, are much more important in
explaining the differences in the probability of using
general practitioner services between immigrants
and Spaniards




Origins

RRRRRRRRRRRRRRR

Oaxaca Blinder meets Kitagawa: What i Studies by R. Oaxaca (1973) and Blinder (1973)
e e v st 5 applied regression-based decomposition methods

Bonn, Germany, 3 GLO, , Essen , Germany, 4 Luxembourg Institute of Socio-Economic Research (LISER ),
Esch/Alzette, Luxembourg, 5 INE PAN, Warsaw, Poland, 6 DIW, Berlin, Germany

to analyze the wage gap between men and women
and between whites and blacks in the USA.

Focused on how much of wage gap was ‘explained’
by differences in observable characteristics

Recent attempts to reconcile O-B with Kitagawa
(equivalent for binary outcome and categorical
covariates)



Brief note on interpretation

Decomposition methods are based on regression
analyses, and thus all of the usual caveats about good

specification apply.

[f regressions are purely descriptive, they reveal the
associations that characterize the health inequality.
Then inequality is explained in a statistical sense but
implications for policies to reduce inequality are
limited.



Why does this
work?

OLS regression
line always passes
through (Z, 4)
because residuals
sum to zero.

I
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Why does this
work?

The gap
decomposes into
endowments
(different T, same
coefhicients) and
coefficients (same
T, different

slopes/intercepts).

Gap = endowments + coefficients

=== Exposed == Unexposed

-——— - - =

 Coefficients |

[Endowments]
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Equaﬂy valid to Same gap, alternative split (exposed slope as reference)

use the eXpOSCd == Exposed == Unexposed
group’s slope

Same total gap,
but different split

—> . . - - - - — -

[Endowments]

| Coefficients
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Example: Educational Difterences in BMI in Italy

What is the average difference in body mass index (BMI)
between those with low vs. high education?

How much is due to differing determinants of BMI (age,
gender, smoking, drinking, income)?

Any residual difterence is due to education differences

in the associations between those risk factors and BMI —

i.e., the coefficients differ.




Example data

European Social Survey Round 11, Italy (n = 1743)

Body mass index as outcome (kg/m?): weight / height?

Overall difference by education: High ed ISCED 5-7) vs Low ed (ISCED 1—4)

Potential determinants (the Xs):

® age (years)

e gender (female =1)

e smoking (1= current smoker)

e binge drinking (1= monthly or more)
e married (1= currently married)

e income decile (1-10)



High ed BMI: 23.6, Low ed BMI: 25.2, Gap =1.6

Distribution of BMI (kg/m?) by low_ed
ESS Round 11 - IT- n=1743

. Highed |, | Low ed

0.10

Density

0.05

0.00

20 25 30 35
BMI (kg/m?)

40
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Differences in determinants

Differences in Covariate Means by low_ed
age, smoking, ESS Round 11 - IT
etc. could ® Highed A Lowed
explain part of

Married (%)
the BMI 5P Income (decile) A@®

Female (%)

Current smoker (%) Ao
Binge drinking (monthly+) (%) Ao

Age (years)

10 20 30 40
Weighted mean

o A

50



Differences in coefficients

e Fach Regression Coefficients by low_ed
: Outcome: BMI (kg/m?) - ESS Round 11 - IT
covariate
may have a @ Highed #A Low ed
Iffer .
diffe ent Income (decile) ".
assoclation Married :
with BMI by Binge drinking (monthly=+) &
education Current smoker A
. A |
e Differences remale ® |
. A
in returns Je lvears) d
f 1 '3 '2 '1 0
orm the Coefficient (BMI (kg/m2))

unexplained
component




Decomposition results: variable contributions
Overall gap =1.61 kg/m?. Endowments: 38%; Coefhicients: 62%

Endowments Coefficients
Est SE Est SE
Total 0.608 0.108 1.030 0.259
Age (years) 0.415 0.074 0.865 0.691
Female 0.080 0.051 0.466 0.181
Current smoker 0.004 0.008 -0.145 0.115
Binge drinking 0.001 0.007 0.003 0.104
(monthly+)
Married 0.012 0.016 -0.037 0.208
Income (decile) 0.095 0.071 0.133 0.425
Intercept — — -0.256 0.837




Summary: Endowments = 38%, Coefficients = 62%

Endowments

Est SE
Total 0.608 0.108
Age (years) 0.415 0.074
Female 0.080 0.051
Current 0.004 0.008
smoker
Binge 0.001 0.007
drinking
(monthly+)
Married 0.012 0.016
Income 0.095 0.071

(decile)

If the low-educated had the same
covariate means as the high-
educated (keeping the low-
educated group’s own
coefticients), their BMI would be
0.608 kg/m? lower — closing
38% of the gap.

Most of this is due to older age

among the low-educated, which
predicts higher BMI.



Summary: Endowments = 38%, Coetficients = 62%

[f the high-educated group’s
covariates had the same
relationship with BMI as they do
in the low-educated group, their
BMI would be 1.030 higher,
accounting for 62% of the gap.

Smoking is negative, since
smoking predicts higher BMI
among the high-educated and is
more common among high
educated.

Coefficients

Est SE
Total 1.030 0.259
Age (years) 0.865 0.691
Female 0.466 0.181
Current -0.145 0.115
smoker
Binge 0.003 0.104
drinking
(monthly+)
Married -0.037 0.208
Income 0.133 0.425

(decile)




Which covariates drive the endowments?

e Variables where
groups differ and

that predict BMI
contribute most

* Income and age are
the biggest drivers

Age (years)

Income (decile)

Female

Married

Current smoker

Binge drinking (monthly+)

0.0

+0.415 (25.8%)

+0.095 (5.9%)

+0.080 (5.0%)

+0.012 (0.8%)

+0.004 (0.2%)

+0.001 (0.1%)

0.2 0.4
Contribution to BMI (kg/m?) gap (% of gap), Low ed betas



Decomposition results: does the reference group matters?

Reference: B Low ed betas [ High ed betas [} Pooled betas

105 1,00

0.90

0.71

0.03 one

Contribution to gap (BMI (kg/m?))

.
-0.03

Endowments Coefficients Interaction



Endowments account for 36—-44% of it; interaction is negligible



Summary: Oaxaca—Blinder decomposition

When to use

Explaining a gap in a mean between two groups by differences in covariates
versus differences in their associations with the outcome

Extensions

Nonlinear outcomes (binary, counts); pooled reference coefficients;
variable-by-variable contributions

Caveats

The split depends on the reference group and, for categorical covariates, the
omitted category; associational, not causal
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3. Concentration Index Decomposition



Relative
Concentration
Curve

Rel -
100 ()

Cumulative ill
health (%)

RCl = 2 x Area
between “line of equality”
and

concentration curve

Inequalities favor

the “better-off”

@t~
0 160)

Cumulative population (%) ranked by socioeconomic position




We want to understand this:

Income -  Health
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By evaluating something like this:

Education Urban/rural

T\

Income ~  Health

Gender

Research Question:




How much of inequality is due to other factors that are

difterential by « (income) and also affect y (health)?




Relative Concentration Index

where

® 11 isthe mean of y; (e.g.,
smoking);

e R, isthe fractional rank of the
ith person in the
socloeconomic (1.e., Income)
distribution.

Decomposition:

Develop a model for predicting y
using several determinants, then
plug back into the RC'I equation

Estimates how much of the
overall inequality in y is due to
the association between income
and other factors that predict

health



RCI

Decomposition RC is a function of health (y;) and socioeconomic

rank (R;), i.e.

Then write a regression expressing health (y;) as a
function of several k; determinants (e.g., age, gender,
urban/rural status):

Yi :(X‘|‘Zﬂmxki‘|‘€z’



RCI Now re-express RCI as:
Decomposition

RCI = (BiZr/w)RCI; + gRCI. /1

Where

* /;is the mean of vy,

® T 1s the mean of determinant x,

e 3y isthe regression coefhicient for xj, and

e RCI, is the relative concentration index for xy..



Two types of ‘explained’ components

Education Urban/rural

ZN

Income

N

Ge

~Health

Age

Determinant impact depends on:

1. the strength of the relationship
between each factor and income

RCI;,

2. the strength of the relationship
between each factor and health,
and its prevalence in the
population (elasticity) BT / 1



Procedure tfor decomposing the Concentration Index

1. Regress y (‘healthy) on its determinants (B2t ):

2. Calculate means of y (1) and all z;, determinants

3. Calculate (C1) for the health variable and for each
determinant (CI). This means using each
determinant x as the “outcome” and estimate a C'1
for age, C1 for education, etc.



Procedure tfor decomposing the Concentration Index

4. Absolute contribution: for each & multiply ‘elasticity’
by its concentration index (C1):

(BrZr/p)RCI

5. Calculate the % contribution of each determinant:

(BeZy/m)RCIL|/RCI



Example: Decomposing Socioeconomic Inequality in
Current Smoking



Data: European Social Survey Round 11 for Sweden

Unique MissingPct. Mean SD Min Median Max Histogram
Current smoker 2 0 0.1 0.2 00 0.0 1.0 ] )
Income decile 10 0 6.6 26 10 7.0 10.0 gl
Age (years) 76 0 544 18.6 15.0 56.0 90.0 il
Low education (ISCED 1-4) 2 0 0.4 0.5 0.0 0.0 1.0 | "
Female 2 0 0.5 0.5 0.0 0.0 1.0 | I
Binge drinking (monthly+) 2 0 0.5 0.5 0.0 0.0 1.0 | ]
Obese (BMI = 30) 2 0 0.1 04 0.0 0.0 1.0 | )
Married 2 0 0.5 05 0.0 0.0 1.0 1}
Survey weight 132 0 1.0 0.5 03 0.8 40 L




% current smokers

12%

8%

4%

o

0%

Smoking Prevalence by Income Decile
ESS Round 11 - Sweden - n = 1162 - Overall smoking rate = 7.3%

14.0%

9.9%
8.0% 8.2%
6.9%
) I
5 6 7

Income decile (1 = lowest, 10 = highest)

13.7%

4.6%

8

51%

4.5%




What are we
explaining?

Overall CI =-0.20

Smoking more
concentrated
among the poor

Concentration Curve: Current Smoking by Income Decile

ESS Round 11 - SE - n=1162
100%

Clw =-0.203
(95% ClI: -0.338, -0.068)

75%

50%

The poorest 50%
’ accounts for 70%
of current smokers

Cumulative share of smokers

25%

0%
0% 25% 50% 75% 100%

Cumulative share of population (ranked by income decile)
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Step 1: Predictors of current smoking

Variable B OR 95% ClI D
Age (years) -0.001 0.999 (0.99, 1.01) 0.906
Female 0.141 1.152 (0.73, 1.83) 0.547
Low 0.359 1.432 (0.90, 2.27) 0.130
education

(ISCED 1-4)

Married -0.989 0.372 (0.21, 0.65) <0.001
Binge drinking 0.38 1.463 (0.92,2.32) 0.107
(monthly+)

Obese (BMI| = 0.495 1.64 (0.90, 2.99) 0.106

30)




Step 2: Estimating elasticity for education

RCI = Z (,Bkik/,u)RCIk -+ gRCIe/,u

elasticity

® Blow education = 0.36 (OR =1. Elasticity for low education is: (0.024
148

VEWSHWEN What about the RCI for low education? . .
% increase in low

education increases smoking by
* Mean smoking rate: 7.3% 14.8% (not percentage points!).

e Mean low education: 0.452



Step 3: RC I}

Note the y-axis is
cumulative share
of low education

The poorest 50%
account for
roughly 60% of
the share of low
educated.

Cumulative share of low education

Concentration Curve: Low education by Income Decile

ESS Round 11 - SE - n=1162
100%

Clw =-0.265

95% Cl: -0.332, -0.198
759 (0% ’ )

50%

25%

0%
0% 25% 50% 75% 100%
Cumulative share of population (ranked by income decile)
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Step 4: Calculate contributions

Estimation for a B
specific factor: RCT = Z (BrZr/p)RCIy + gRCI. /1

Low education elasticity

The elasticity of smoking (prior slide) = 0.148
Now we have RCI; for low education = -0.265

The contribution of low education:

Elasticity x RCI.q = 0.148 x —0.265 = —.039

Thus low education accounts for -.039/ -0.203 =19% of
the overall RCI



RCI=-0.203

(-) Binge

drinking: »
smoking but more
common at higher
Incomes

(+) Married: v
smoking but more
common at higher
Incomes

Contribution

Variable Elasticity = Cl_k Absolute %
Age -0.030 0.001 -0.000 0.0
Binge drinker 0.152 0.103 0.016 -7.7
Female 0.060 -0.031 -0.002 0.9
Obese 0.068 -0.013 -0.001 0.4
Low education 0.144 -0.265 -0.038 18.8
Married -0.353 0.284 -0.100 49.4
Residual — — -0.077 38.1

Logisticre

gress

ion; marginal effects used as

elasticity weights.




Uncertainty in the RCI Decomposition

Each contribution has Decomposition of Smoking Inequality by Income
Clw =-0.203 | ESS Round 11 - SE - n=1162

sampling variability: |

Married 1 49.4%
,Bk Cl_jk — Low education I—- 1 18.8%
A X RCIk Female H—0.9%
% e
N— inequality in xg Obese H 0424
elasticity
Age 1 0.0%
Can bootstrap the Binge drinker 7.7% )—!—l
. 0% 100% 200%
decomp B times to get % contribution to Clw

empirica]_ C IS . Error bars: 95% bootstrap Cl (B = 500, logistic regression + AME)



Summary: Concentration index decomposition

When to use
Summarizing socioeconomic inequality in health with a single rank-based
index and asking which determinants drive it

Extensions
Nonlinear models via marginal effects; structural-equation versions;
bootstrap confidence intervals

Caveats
The explained share depends on which determinants enter; associations are

predictive, not causal
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4. Interventional Decomposition



Origins: Why ‘interventional’?

ORIGINAL ARTICLE

Decomposition Analysis to Identify Intervention Targets
for Reducing Disparities

John W, Jackson,*** and Tvler J. Vander Weele™®

Abstract: There has been considerable interest in using decomposition
methods in epidemiol i analysis) and ics (Dax-

Blinder d ion) to und d how health disparities arise
and how they might change upen intervention. It has not been clear
when estimates from the Oaxaca—Blinder decomposition can be inter-
preted cansally becanse its implementation does not explicitly address
potential confounding of target variables. While mediation analysis
does explicitly adjust for confounders of target variables, it typically
does 8o in a way that effectively entails equalizing confounders across
racial groups, which may not reflect the intended intervention. Revis-
iting prior analyses in the National Lengitudinal Survey of Youth an
d ics in wages, ion, and overall health
with test scores, taken as a proxy for educational attainment, as a tar-
get intervention, we propose and demonstrate a novel decomposition
that controls for confounders of test seores (e.g., measures of childhood
sociocconomic status [SES]) while leaving their association with race
intact. Wi compare this d ition with others that use dardi:
tien (to equalize childhood SES [the o ] alonc), mediati
analysis {to cqualize test scores within levels of childhood SES), and
one that equalizes both childhood SES and test scores. We also show
how these decompositions, including our novel proposals, are equiva-
lent to imypl of the O Blinder dec i bt pro-
vide & more formal causal i ion for these d it
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H ealth disparities are differences in health between socially
advantaged versus disadvantaged groups that are consid-
ered unnecessary and unjust! Although national and local
efforts have sought to reduce and eliminate racial/ethnic dis-
parities in health over the past few decades, they have often

isted. ic disparities requires that we

P A Reducing raci
understand how they arise and develop interventions to target
the mechanisms that perpetuate them.*

Consider the seminal analyses by Fryer® in the National
Longitudinal Survey of Youth (NLSY), patterned after analy-
ses by Neal and Johnson,® which evaluated whether control for
test score percentiles from the Armed Forces Qualifying Test,
a measure of premarket skills, eliminated observed racial/
ethnic disparities in wages, unemployment, incarceration,
and health, Black—white differences in log wages decreased
by 72%, and the disparity in self-reported health vanished.
Though these analyses were originally motivated to statisti-
cally detect racial/ethnic discrimination, we are often tempted
to interpret the results causally, that is, are these disparities
driven by disparities in education? To answer this question,
one would want to adjust for potential confounding by mea-
sures of familial socioeconomic status (SES) in childhood.""
Oitherwise, the disparity reductions might reflect the effect of
equalizing childhood SES rather than just test scores. Such
confounding, if present, could limit the value of these results
for evidence-based policy to reduce disparities by targeting
disparities in education.

More broadly, one might consider how dispariti
wages and other outcomes would change by eliminating dis-
parities in childhood SES versus disparities in test scores.
While the queries involve ambitious, hypothetical interven-
tions that could take many forms the results would help moti-
vate and prioritize future work. Using the potential outcomes

n
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k, one can examine how disparities might change
by intervening on a target” One might use standardization
to examine how di ities might change upon equalizing
the childhood SES distribution across race or use mediation
analysis to examine how dispanties might change upon equal-

izing the test score distribution across race among those with
the same childhood SES.* One might even consider a joint
intervention to equalize both childhood SES and test scores.
But neither dardization nor diation analysis i

how disparities in adult outcomes might change if we removed

www.epidem.com | 828

Prior decompositions (e.g., Kitagawa, O-B) ‘descriptive’

Causal mediation challenges

Challenges with non-manipulable exposures

How much would gaps change if we intervened on a
target?



Many recent developments

Reconciling the descriptive framework of KBO wi
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and how they might change upon intervention. It has not been clear
when estimates from the Oaxaca—Blinder decomposition can be inter-
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tien (to equalize childhood SES [the confounders] alone), mediation
analysis (to equalize test scones within levels of childhood SES), and
one that equalizes both childhood SES and test scores. We also show
how these decompositions, including our novel proposals, are eguiva-
lent to implementations of the Oaxaca—Blinder decomposgition but pro-
vide a more formal causal interpretation for these decompositions.
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Abstract: Causal decomposition analyses can help build the evidence
base far interventions that address health disparities (ineguities). They
ask how disparities in owlcomes may change under hypothetical inter-
vention. Through study design and assumptions, they can rule out
aliernate explanstions such as confounding, selection bias, and mea-
surement ervor, thereby identifying potential targets for intervention.
Unfortanately, the literatare on causal decomposition analysis and
related methods have largely ignored equity concerns that actual inter-
ventionists would respect, limiting thedr relevance and practical value.
This article addresses these concerns by explicitly considering what
covariates the outcome disparity and hypothetical intervention adjust
for (so-called allewable covariates) and the equity value judgments
these choices convey, drawing from the bioethics, biostatistics, epide-
miology, and health services research literatures. From this discussion,
we generalize decomposition estimands and formulae to incorporate
allowable covariate sets {and thereby reflect equity choices) while stll
allowing for adjustmsent of nen-allowable covaristes needed to satiafy
causal assumptions, For thess _5\.1|\.1..I| farmulae, we provide weighting-
baged estimators based on ad of ratic-of-med probabality
and inwerse-odds-ratio weighting. We discuss when these estimators
reduce to already used estimators under certain equity value judg-
mentz, and a novel adaptation under other judgmsents.
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Abstract

To understand patterns of socialineguality, socal science research has typically relied on statistical modals linking
the conditional mean of an cutcome variable to a set of explanatory factors. A prime exarmple of this approach is
the Kitagawa-Oaxaca-Blinder (KOB) method. By fitting twe linear models separately for an advantaged group and
a disadvantaged group, the KOB method decomposes the between-group outcorme disparity into two parts: a
part explained by group differences in background characteristics, and an unexplained part often dubbed
‘residual inaquality’. In this amicle, we explicate, contrast, and extend twa distingt approaches to studying
group disparities, which we term the descriptive approach, as epitornized by the KOB method and its variants,
and the prescriptive approach, which focuses on how a disparity of interest would change under a
Fypothetical intervention to one of more manipulable treatments. For the descriptive approach, we propose a
generalized nonparamatric KOB decomposition that considers multiple explanatory variables sequentially. For
the prescriptive approach, we introduce a variety of stylized interventions, such as lottery-type and affirmative-
action-type interventions that close batween-group gaps in treatment. We illustrate the two approaches to
disparity analysis through an application to the Black-White gap in college complation ratas in the LS.

wwords: causal inference, college completion gap, debiased machine learning, disparity analysis, interventional
disparities, Kitagawa-Daxaca-Blinder (KOB| decomposition

1 Introduction

Social and economic inequalities are a perennial topic of economie, demographic, and sociological
research. To understand the patterns and trends of various forms of inequality, quantitative social
science research has typically relied on statistical models that link the conditional mean (and,
sometimes, other distriburional statistics such as the conditional variance) of an outcome of inter-
est, such as logged hourly wage, to a range of explanarory variables, such as education (e.g. Juhn
et al., 1993; Karz and Murphy, 1992), occupation {e.g. Mouw and Kalleberg, 2010}, and union
membership (e.g. DiNardo et al., 1996; Western and Rosenfeld, 2011). A prime example of this
approach is the Kitagawa—Oaxaca-Blinder (KOB) decomposition method (Blinder, 1973;
Kitagawa, 1955; Oaxaca, 1973; see also Althauser and Wigler, 1972; Duncan, 1968)." By fitring
two linear regression models, one for an advantaged group (e.g. Whites) and one for a disadvan-
taged group (e.g. African Americans), it decomposes the between-group disparity in the mean out-
come into two parts: a part accounted for by group differences in a set of explanatory variables and
an unexplained part often dubbed *residual inequality’. While the canonical KOB method decom-
poses the gap in mean outcomes based on linear models, various extensions of the KOB method
have been proposed, including decomposition based on nonlinear outcome models (Bauer and

! Faor a long rime, the KOB method was [and is still by many) called the Oaxaca—Blinder or Blinder—Oasxaca de-

composition {Blinder, 1973; Oaxaca, 1973). In recent years, it has been increasingly referred ro as the Kitagawa—
Oaxaca-Blinder or Kuaga\.\a—Ellndcr—Oaxa:a decomposition, in recognition of Kitagawa (1955), who proposed the
same method in a nonparamersic framework, We follow this emerging convention and wse che KOB acronym.
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Youth accident deaths: what would we intervene on?

Danish-origin adolescents die in accidents more often than prslmedicine - All cause and cause specific mortality in 15-24-year-olds in
| M) oneorrorupaates| - Denmark 2010 to 2022: nationwide study of

immigrant-origin peers (IRR 1.7 vs first-generation) socioeconomic predictors

Sofie Kruckow @, Janne S Tolstrup

»> Additional supplemental ABSTRACT association showing a higher mortality with lower
?,iﬂglv‘,sesvuzllf::fv?;lt":ﬁe OBJECTIVE To assess inequalities in all cause and levels of socioeconomic position. For instance,
journal online (https://doi. cause specific mortality in young people and if there  incidence rate ratios of all cause mortality related
gféég-;fﬁ/bmlmm'm?? are differences across gender and age groups. to parents' education was 2.3 (95% Cl 2.0 to 2.7)

DESIGN Nationwide cohort study of socioeconomic for elementary level, 1.5 (1.3 to 1.6) for low, and

Alcohol is a plausible pathway: 16% of fatal accidents; Danish- M oo sosabe | Fank s et e
origin has 4x the odds of an alcohol-related death

Denmar ‘ 2022 elementary education level compared with the most

Alcohol-related mortality in 15-24-year-olds in Denmark )

ccccc

But immigrant-origin families are poorer, so adjusting for income (2010-2019):a nationwide exploratory study of circumstances
and socioeconomic predictors

widens the gap (IRR 1.7 = 2.6) S

National Institute of Public Health, University of Southern Denmark, Studiestraede &, DK-1455 Copenhagen, Denmark m

Summary The Lancet Regional
Background Adolescents and young adults aged 15-24 years are disproportionately affected by unnatural deaths, ';;:lt: --i::::n
including accidents, suicide and interpersonal violence for which alcohol is a leading risk factor. We aimed to explore _3' " )
the extent of and circumstances surrounding alcohol-related deaths in young people aged 15-24 years and whether Zil:n“d Grline 2 March
socioeconomic background and ethnicity differ in those who died due to alcohol-related causes as compared to the ..
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What if Danish-origin youth drank like their immigrant-origin peers?



Conceptualizing the DAG (incomplete)
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Different from causal mediation (still valid)

Age
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Sex
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Steps for
pursuing
interventional
decomposition

1 Define the gap and intervention
Consider feasibility, implementation

2 Draw the DAG
Which covariates to adjust for (allowability)

3 Defend the assumptions
Exchangeability; positivity; consistency

4 Estimate the model
Outcome model, weighting, doubly robust

5 Compare factual and counterfactual
Consider effect scale, uncertainty




Recent example
(W)

Estimating effects of targeted public health
interventions using the interventional disparity l
indirect effect among the exposed Rl
e
Amalie Lykkemark Maller @ %3 Kathrine Kold Serensen,* Nerissa Nance, - (l%m
Julie Thietje Mortensen,” Thomas Alexander Gerds,” Christian Torp-Pedersen,**
Helene Charlotte Wiese Rytgaard’
Low-income 1—yea;‘r
(A) » mortality
(Y)

we estimate the expected 1-year mortality among the low-income patients in a
hypothetical world where they initiated medication as often as high-income

patients...




Moller results

Risk difference
Parameter  1-year mortality Risk difference
with/without (95%CI)

intervention 2.0%-1.5%-1.0%-0.5% 0.0%
|
without: 6.6% |
IDIE -0.4% (-0.6%:-0.1° ——
with: 6.2 047 (:0-6%:-0.1%) |
|
IDIE- without: 10.3% |
1.0% (-1.7%:-0.2% ®
exposed with: 9.3% o (-1.7% °) |
]

Figure 3 Comparison of the interventional disparity indirect effect
(IDIE) and the interventional disparity indirect effect among the exposed
(IDIE-exposed) in the study of medication initiation among heart failure
patients. We studied a potential barrier-removing intervention under
which low-income heart failure patients become as likely as similar
high-income patients to initiate treatment. Patients with missing
information on the educational level were excluded (n=50). IDIE,
interventional disparity indirect effect; IDIE-exposed, interventional
disparity indirect effect among the exposed.

IDIE-exposed is the expected
reduction in 1-year mortality among
low-income heart failure patientsin a
hypothetical world where they
initiated medication with the same
probability as observed among
similar high-income patients, rather
than their observed probability.




Summary: Interventional decomposition

When to use

Asking what would happen to a gap under a hypothetical intervention on a
mediator (e.g., drinking)

Extensions

Gap-closing estimand; weighting framework; effects among the
disadvantaged; nonparametric estimation

Caveats
Needs causal assumptions (no unmeasured confounding, none affected by

the exposure) and a well-defined intervention; what counts as ‘explained’ is
a normative choice



Summary

Various decomposition techniques exist that may be
useful for analyzing social determinants of health:

e Regression-based decomposition of Concentration
Index

e Oaxaca decomposition of mean health between
groups

All of these techniques make assumptions that need to
be evaluated in the course of analysis.

When used properly, decomposition techniques can
help to provide key evidence on why health inequalities
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Backup



Backup: Kitagawa’s three-component version

composition rate interaction
7\ i

Rate — Ratep = Y  Rpi(Pai — Ppi) + ) Ppi(Rai — Rpi) + ) (Rai — Rp;)(Pa; — Pg;)

crude difference

Composition Rate Interaction
Group Rp; Py; — Pp; Contrib. Group Pp, R4 — Rp; Contrib. Group R4; — Rp; P4; — Pp; Contrib.
Young 20 -0.20 -4.0 Young 0.50 -10 -5.0 Young -10 -0.20 +2.0
Oold 30 +0.20 +6.0 Old 0.50 +10 +5.0 Old +10 +0.20 +2.0
Sum +2.0 Sum 0.0 Sum +4.0

Total =+2.0+ 0.0 + 4.0 =+6.0 = crude gap (31 — 25)

Add the interaction to composition: +6.0 and 0.0 (A's rates). Add it to rate: +2.0
and +4.0 (B’s rates).






Overall Contribution by Gestational Age, Top 3 vs. Denmark and Austria
Same decomposition, broken out by GA stratum instead of summed

contributions B Distribution [l Rate
are net

Austria
0.2

o
—_

o
o

Contribution to the NMR gap (per 1000 live births)

Denmark
0.2
0.1
0.0
22-23 24-25 26-27 28-31 32-36 37-41 =42

Gestational age (completed weeks)



