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Risk factors can drive socioeconomic inequalities in cardiovascular disease (CVD) through differential exposure
and differential vulnerability. In this paper, we show how econometric decomposition directly enables simultaneous,
policy-oriented assessment of these 2 mechanisms. We specifically estimate contributions of neighborhood environ-
ment and proximal risk factors to socioeconomic inequality in CVD incidence via these mechanisms. We followed
5,608 participants in the Multi-Ethnic Study of Atherosclerosis (2000—2012) to their first CVD event (median length of
follow-up, 12.2 years). We used a summary measure of baseline socioeconomic position (SEP). Covariates included
baseline demographics, neighborhood characteristics, and psychosocial, behavioral, and biomedical risk factors.
Using Poisson models, we decomposed the difference (inequality) in incidence rates between low- and high-SEP
groups into contributions of 1) differences in covariate means (differential exposure) and 2) differences in CVD risk
associated with covariates (differential vulnerability). Notwithstanding large uncertainty in neighborhood estimates,
our analysis suggested that differential exposure to poorer neighborhood socioeconomic conditions, adverse social
environment, diabetes, and hypertension accounted for most of the inequality. Psychosocial and behavioral contribu-
tions were negligible. Further, neighborhood SEP, female sex, and white race were more strongly associated with
CVD among low-SEP (vs. high-SEP) participants. These differentials in vulnerability also accounted for nontrivial

portions of the inequality and could have important implications for intervention.

cardiovascular disease; decomposition; differential vulnerability; Multi-Ethnic Study of Atherosclerosis;
neighborhood; residence characteristics; socioeconomic inequality; socioeconomic status

Abbreviations: ClI, confidence interval; CVD, cardiovascular disease; IRR, incidence rate ratio; MESA, Multi-Ethnic Study of Atherosclerosis;

PY, person-years; SEP, socioeconomic position.

Etiological investigation of socioeconomic inequalities in
cardiovascular disease (CVD) has been a long-standing pursuit
since the early 1960s (1). Accumulating evidence suggests that
social differentials in exposure to risk factors, such as smoking,
physical inactivity, diabetes, and hypertension, account for
20% to over 50% of the higher CVD burden among socioeco-
nomically disadvantaged groups (1-12). Although considerable
evidence has linked neighborhood conditions and CVD (13-20),
less attention has been given to quantifying how much of the
socioeconomic inequality in CVD is driven by adverse
neighborhood environment (21-24).

Risk factors may drive social inequalities in health through
differential exposure and differential vulnerability (25-27): Low
socioeconomic position (SEP) may increase exposure to CVD
risk factors (e.g., adverse environments and associated psycho-
biological responses), and it can also exacerbate vulnerability to
CVD (i.e., risk) given such exposures (26, 28). While differen-
tial exposure (a mediation hypothesis) has received the most
attention, assessments of differential vulnerability (an interaction
hypothesis) remain scarce (29-31).

Differential vulnerability—the notion that SEP could modify
the effects of risk factors—is plausible for at least 2 reasons.
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First, low SEP constrains a person’s access to flexible material
(e.g., health care) and social (e.g., social support) resources (32—
34). A lack of such resources compromises the ability to manage
risk factors or buffer their pathophysiological consequences (26,
28), potentially exacerbating their cardiovascular effects among
the disadvantaged. Second, clustering of risk factors in low-SEP
groups (9, 35-42) may trigger biological synergism. Depressive
symptoms, for example, appear to magnify the associations of
smoking and diabetes with coronary heart disease risk (43, 44).
Low-SEP groups may disproportionately experience such stron-
ger effects given co-occurrence of these risk factors.

The absence of systematic evidence on differential vulnerabil-
ity (30, 31) might reflect the paucity of methods for quantifying
mechanistic contributions of interaction, until the recent devel-
opment of epidemiologic decompositions of mediation and
interaction (45, 46). In this article, we show how econometric
decomposition (47-49), which has become increasingly attractive
in public health research (50-52), can also provide a unified
empirical framework with which to simultaneously quantify dif-
ferential exposure (mediation) and differential vulnerability
(interaction) contributions of risk factors to health inequalities.
Analytically, econometric decomposition assesses mediation
while relaxing the requirement of no exposure-mediator inter-
action by isolating the contribution of such an interaction.

Econometric decomposition also enables estimation of more
policy-relevant contributions than traditional epidemiologic ap-
proaches, in 2 ways. First, contributions reflect counterfactual
intervention scenarios in which exposure levels and associated
disease risk among the disadvantaged are brought up to those
present among the most advantaged. Such scenarios correspond
to more plausible policies than those entailed in calculating pop-
ulation attributable fractions (complete elimination of risk fac-
tors) (53) and the “proportion explained/mediated”” in mediation
analyses (invoking unrealistic “‘cross-worlds” natural indirect ef-
fects) (54, 55). Second, contributions are estimated directly on the
absolute, additive scale, with arguably more immediate policy
relevance than relative measures (53, 56).

Using rich, multiethnic cohort data, we estimated contributions
of neighborhood, psychosocial, behavioral, and biomedical risk
factors to socioeconomic inequality in CVD incidence. We
hypothesized that while differential exposure to these factors
could account for the majority of CVD inequality, differential
vulnerability contributions would also be sizable. Contributions,
through either mechanism, would be larger for more causally
distal risk factors (e.g., neighborhoods) than for factors more
proximal to CVD (e.g., biomarkers).

METHODS
Study sample

The Multi-Ethnic Study of Atherosclerosis (MESA) is a pro-
spective cohort study of subclinical CVD in 6,814 adults aged
45-84 years who self-identified as white, black, Chinese, or
Latino and were free of clinically overt CVD at baseline. Par-
ticipants were recruited at 6 US sites: Forsyth County, North
Carolina; New York, New York; Baltimore, Maryland; St. Paul,
Minnesota; Chicago, Illinois; and Los Angeles County, California.
The baseline examination was conducted in 2000-2002, with
follow-up examinations being held every 1.5-2 years (57).
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Institutional review boards approved the study at each site.
All participants gave written informed consent. Of the 6,191 parti-
cipants who consented to participation in the MESA Neighbor-
hood Study, 583 were excluded due to incomplete covariate data,
leaving 5,608 participants in the study sample. Excluded partici-
pants had similar characteristics and follow-up time as those
included, but they were more likely to be black and to live in
poorer neighborhoods.

Measures

Incident CVD was defined as first definite angina, probable
angina followed by revascularization, myocardial infarction, resus-
citated cardiac arrest, coronary heart disease death, stroke, or
stroke death on or before and adjudicated through December
31,2012 (median duration of follow-up from baseline, 12.2 years;
largely uniform across sample subgroups). Every 9—12 months,
participants (or proxies) were asked about hospitalizations, CVD
diagnoses, and death. Possible CVD events were extracted from
available records and were reviewed and adjudicated by an inde-
pendent committee (57).

Socioeconomic position. 'We measured SEP as a summary
score (range, 0—10) of measures of participants’ baseline income,
education, and wealth, following the method of Lemelin et al.
(58) (see Web Appendix 1, available at https://academic.oup.
com/aje). Larger values indicated higher SEP. Overall scores
were then categorized into low-, middle-, and high-SEP tertiles.

Neighborhood characteristics. Participants’ baseline neigh-
borhoods were proxied by Census 2000 census tracts (basic
characteristics are given in Web Table 1). Neighborhood SEP
was captured by a scale summarizing scores for 6 standardized
variables (Web Appendix 2) representing tract-level wealth,
income, education, and occupation (13). Higher values indicated
better socioeconomic conditions. We also included percentage of
foreign-born residents in each neighborhood (highly correlated
with percent Latino) to capture neighborhoods’ ethnic makeup.

To characterize the quality of social and physical neighborhood
environments, we used scales developed in the MESA Neighbor-
hood Ancillary Study, detailed elsewhere (59). All neighborhood
scales were constructed using conditional empirical Bayes estima-
tion to improve accuracy for tracts with few respondents (59).

Social environment was measured by means of a score sum-
marizing 3 composite scales of perceived neighborhood social
cohesion, aesthetic quality, and safety (Cronbach’s o = (.89).
Physical environment was assessed as a summary score from
scales of walkability and perceived availability of healthy food
(Cronbach’s o = 0.75). Higher scores indicated a better physi-
cal environment. Perceived availability of healthy food cap-
tures constructs relevant to dietary decision-making (60, 61) and
may be more consequential for dietary behavior than the spatial
availability of food stores (62, 63). One-mile (1.6-km) densities of
total physical activity resources were derived as in prior work
(64, 65) using Walls & Associates’ National Establishment
Time-Series database (66). We also used tract-level population
density to account for systematic variability in neighborhood
amenities by location (urban/suburban) and residential density
across study sites.

Individual-level covariates. We used baseline measures
of the participants’ demographic, psychosocial, behavioral, and
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biomedical characteristics. Distributions of the characteristics
are shown in Table 1, overall and by tertile of SEP index.

Among psychosocial factors, we measured perceived discrimi-
nation as a summary score (range, 0-6) of the 6-domain Lifetime
Discrimination Scale (67). Chronic stress was measured using the
Chronic Burden Scale (68) (range, 0-5), summarizing parti-
cipants’ ratings of their ongoing material/social problems as
moderately/very stressful. Depressive symptoms were measured
using the 20-item Centers for Epidemiologic Studies Depression
Scale (69) (range, 0—60). Social support was measured using the
7-item Emotional Social Support Inventory (70) (range, 6-30),
which assesses perceived frequency of the availability of
social/emotional support.

Behavioral measures included smoking (pack-years of cig-
arettes smoked), physical activity, body mass index (weight
(kg)/height (m)?), current alcohol consumption (yes/no), and
lack of health insurance. Typical-week physical activity was as-
sessed using a detailed questionnaire (71), and then metabolic
equivalent values were derived from durations of moderate/
vigorous exercise (72). We included a diet index in preliminary
analyses but eventually dropped i, as it made other covariate es-
timates imprecise while hardly contributing to the inequality.

As biomedical risk factors, we included whether participants
had hypertension (systolic blood pressure >140 mm Hg, diastolic
blood pressure >90 mm Hg, or use of antihypertensive medica-
tion (73)) or diabetes (fasting glucose concentration >126 mg/dL
and/or use of insulin/oral hypoglycemic medication (74)), as
well as their blood levels of total cholesterol (mg/dL) and
the inflammatory markers C-reactive protein (mg/dL) and
interleukin-6 (pg/mL).

Statistical analysis

Econometric decomposition. 'While econometric decom-
position has been popular in the social sciences (47, 75), its epide-
miologic applications remain few (50-52). Here, we conceptually
discuss decomposition quantities, particularly: 1) their correspon-
dence with the mechanistic notions of differential exposure and
differential vulnerability; 2) their underlying counterfactual inter-
vention scenarios; and 3) their practical interpretation.

In simplified notation, socioeconomic inequality (difference)
in incident CVD, Acvyp, can be expressed as

Acvo =R - Ry = F(%uB,) - F(Ruby). (D)

where (1?), the estimated Poisson incidence rate, is a function of
mean values of characteristics (X ) and coefficients (), for socio-
economic groups L (low-SEP) and H (high-SEP). Through fur-
ther algebraic manipulation, Acyp can be decomposed into 2
components:

o

Acyp ~ (XL_XH)X ﬁL + (GL—ﬁH) x Xy = A + Ay.

-~
Differential
Vulnerability

~
Differential
Exposure

@)

Equation 2 is the standard Oaxaca-Blinder linear decompo-
sition expression, which approximately holds for nonlinear

models (76), and clearly delineates the components. Derivation
of equation 2, which involves key counterfactuals, is detailed in
Web Appendix 3.

Ap and Ay are traditionally known as the “explained” and
“unexplained” components of the decomposition (51, 77),
respectively. That is because group differences in observed
characteristics (X; — Xp) explain a portion (equal to Ag) of the
inequality (Acyp). The remaining portion, unexplained by
observed characteristics, is captured in Ay, the differences in
coefficients (B, — By). These coefficient differences are, fun-
damentally, tests of additive interactions between SEP and co-
variates, as they capture the excess CVD risk associated with
covariates at different SEP levels and thus represent empirical
assessments of the differential vulnerability hypothesis. Since X
measures the prevalence of exposure to risk factor X and p’s
measure CVD vulnerability (risk associated with exposure), Ag
and Ay estimate differential exposure and differential vulnera-
bility contributions to inequality, respectively.

Agand Ay capture the total change in Acyp that would be
expected if, respectively, exposure to and CVD vulnerability
associated with considered risk factors in the low-SEP group
were set, by means of some intervention(s), to the high-SEP lev-
els. Such hypothetical “interventions” are ceteris paribus; that is,
they assume that all other conditions remain unchanged (47)
(though inherent in regression-based analysis, this assumption
is untenable in reality, where conditions do change). Aggregate
Afg and Ay can undergo “detailed” decomposition to retrieve
the respective contributions of individual covariates, using a
first-order Taylor series expansion (78, 79). Causal interpretation
of aggregate contributions requires ignorability of unmeasured
confounders with respect to SEP, whereas for covariate-specific
contributions, no unmeasured confounding must strictly
hold (47).

Ag and Ay values can be positive or negative. Given a positive
Acyp (higher incidence at low SEP), a positive Ag for covariate
X suggests that differential exposure to X across SEP groups is the
culprit; eliminating that differential would reduce Acyp. A nega-
tive Ag for a covariate, on the other hand, would suggest that dif-
ferential exposure to that covariate is “protective’ against greater
inequality; Acyp would have been larger than it actually is, absent
that differential.

Modeling strategy. We used Stata’s (StataCorp LP, College
Station, Texas) nonlinear decomposition routine—mvdcmp—by
Powers et al. (79), with standard errors calculated using the delta
method (80). In all analyses, we decomposed the observed socio-
economic difference in CVD incidence rates with reference to
the high-SEP group, which had the lowest incidence.

Traditionally-reported multivariable decompositions, including
all covariates in 1 model, assume additivity of covariate contribu-
tions and sum them to 100% merely as a mathematical artifact.
This is problematic, particularly for more upstream factors such
as neighborhood conditions, whose contributions are likely to
be mediated through the proximal psychosocial, behavioral, and
biomedical factors (13—-20). To respect the plausible causal order-
ing of covariates, we incorporated covariate blocks sequentially,
in 3 sets of decomposition models: 1) models adjusting for
all demographic factors; 2) models further adjusting for all
neighborhood characteristics; and 3) models additionally
adjusting for all psychosocial, behavioral, and biomedical factors

Am J Epidemiol. 2018;187(7):1424-1437
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Table1. Observed Baseline Characteristics of Sample Participants by Socioeconomic Position, Multi-Ethnic Study of Atherosclerosis, 20002012

Tertile of Individual-Level SEP Index Score

Cheracteristi o gny e iy (n~ 5.008) Trend
% Mean (SD) % Mean (SD) % Mean (SD) % Mean (SD)
Individual SEP measures
Anggﬁlaﬁmily income, thousands of 21.7(13.5) 53.2(23.1) 91.5(23.6) 50.3(34.2) <0.001
Education, years 10.4 (4.0) 14.0 (2.3) 16.8(1.6) 13.3(4.0) <0.001
Wealth index, no. of assets (possible 1.4(1.0) 2.9(0.8) 3.5(0.6) 25(1.2) <0.001
range, 0—4)
Demographic characteristics
Age >65 years 52.8 38.2 31.0 423 <0.001
Female sex 60.0 49.7 42.6 52.0 <0.001
Race
White 19.3 48.7 62.3 40.3 <0.001
Chinese 15.7 8.8 10.1 12.0
Black 26.3 28.3 23.6 26.3
Latino 38.7 14.2 41 215
Married/cohabiting 48.5 65.7 79.9 62.4 <0.001
Population density
Bottom tertile 21.0 42.4 411 33.4 <0.001
Middle tertile 38.2 32.0 27.6 33.4
Top tertile 40.8 25.6 31.3 33.3
Neighborhood environment?®
% foreign-born 28.7 (20.6) 17.1(15.8) 14.9(12.4) 21.2(18.3)  <0.001
Neighborhood SEP score -3.0(5.9) 0.8(5.5) 4.2 (5.4) 0.2(6.3) <0.001
Perceived physical environment -0.5(1.5) -0.4(1.9) 0.5(2.3) -0.2(1.9) <0.001
Physical activity resources 4.0(5.6) 3.7(6.4) 5.3(8.7) 4.2(6.8) <0.001
Perceived social environment -1.4(2.5) 0.3(2.6) 1.1(2.5) -0.2(2.7) <0.001
Psychosocial factors
Perceived lifetime discrimination 0.6(1.0) 0.8(1.1) 0.9(1.1) 0.7(1.1) <0.001
(possible range, 0—6)
Chronic stress (Chronic Burden Scale 1.2(1.2) 1.1(1.1) 1.0(1.1) 1.1(1.2) 0.0149
score; possible range, 0-5)
Depressive symptoms (CES-D score; 9.1(8.4) 6.8(6.7) 5.4(5.9) 7.4(7.4) <0.001
possible range, 0-60)
Social support (ESSI score; possible 23.6 (5.7) 24.1(5.2) 25.2 (4.5) 24.2 (5.3) <0.001
range, 6-30)
Behavioral factors
Pack-years of smoking 10.3(19.3) 13.1(23.3) 9.3(17.9) 11.0(20.4) 0.415
Moderate/vigorous exercise, thousands 5.6 (6.0) 6.5(6.7) 5.3(4.6) 5.8(6.0) 0.437
of MET-hours/week
Body mass index® 28.6 (5.6) 28.5(5.4) 27.4 (4.8) 28.3(5.4) <0.001
Current alcohol consumption (yes) 41.8 62.3 75.6 57.4 <0.001
Uninsured (no health insurance) 15.6 4.3 1.5 8.1 <0.001
Biomedical factors
Diabetes® 16.6 10.0 6.2 11.7 <0.001
Hypertension® 50.7 416 34.6 435 <0.001
Total cholesterol, mg/dL 194.6 (34.9) 195.3(35.4) 191.2(33.6) 193.9 (34.8) 0.009
Interleukin-6, pg/mL 1.7(1.2) 1.5(1.1) 1.3(1.2) 1.5(1.2) <0.001
C-reactive protein, mg/dL 3.9(5.3) 3.4(4.3) 3.0(4.9) 3.5(4.9) <0.001

Abbreviations: CES-D, Center for Epidemiologic Studies Depression Scale; ESSI, Emotional Social Support Inventory; MET, metabolic equivalent of task; SD,
standard deviation; SEP, socioeconomic position.

@ See Methods section of text for details on individual measures. Conditions improve as values increase.

© Weight (kg)/height (m)2.

¢ Fasting glucose concentration >126 mg/dL and/or use of insulin/oral hypoglycemic medication (74).

9 Systolic blood pressure >140 mm Hg, diastolic blood pressure >90 mm Hg, or use of antihypertensive medication (73).

Am J Epidemiol. 2018;187(7):1424-1437
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together. By adjusting for covariates presumed to be causally/tem-
porally antecedent (confounders) to the covariate set of interest,
our strategy allows the “total”” contributions of demographic char-
acteristics (model 1), neighborhood factors (model 2), and proxi-
mal risk factors (model 3) to more realistically sum to more than
100% (81). Stata code for all decompositions is available in Web
Appendix 4.

Sensitivity analyses. To aid interpretation of decomposi-
tion estimates and to assess whether vulnerability differentials
(Ay) reflect substantive interactions, we performed 2 additional
analyses. First, we separately fitted Poisson incidence models for
each SEP group (sequentially adjusted as above) and compared
coefficients across these models using the Chow test (82),
accounting for error correlation across models (83). Second, in
similar models but pooling socioeconomic groups together, we
assessed effect modification by SEP for each covariate on both
additive and multiplicative scales. We further assessed the sensi-
tivity of our findings to alternative specification of covariates
(e.g., categorical vs. continuous specifications of age, depressive
symptoms, smoking, or cholesterol).

RESULTS

Differential exposure: socioeconomic differences
in prevalence of risk factors

Among the 5,608 participants (62,846 person-years (PY)), 619
CVD events occurred, including 430 coronary heart disease
events and 179 stroke events. Incidence rates were inversely pat-
terned by SEP (Figure 1). Relative to high-SEP participants,
lower-SEP participants were more likely to be older, female, and
Latino; less likely to be white; and more likely to live in neighbor-
hoods with poorer socioeconomic, physical, and social environ-
ments (Table 1). Lower-SEP participants also had more severe
depressive symptoms, higher prevalences of diabetes and hyper-
tension, elevated levels of inflammatory biomarkers, and less
access to health insurance.

Differential vulnerability: socioeconomic differences
in CVD risk associated with risk factors

We found little evidence that associations of risk factors with
CVD incidence differed by SEP, with a few exceptions. In Pois-
son models stratified by SEP and sequentially adjusted for con-
founding (Table 2), being female was generally “protective”
against CVD, but this protective association was weaker in lower-
SEP groups (for female sex, incidence rate ratios (IRRs) were 0.5
(95% confidence interval (CI): 0.4, 0.6) and 0.3 (95% CI: 0.2,
0.4) in low- and high-SEP participants, respectively). Being
white (vs. black) was more strongly associated with CVD among
low-SEP participants than among high-SEP participants (IRRs
were 1.6 (95% CI: 1.2, 2.2) and 0.9 (95% CI: 0.6, 1.4), respec-
tively). However, being Latino (vs. white) was protective only
among low-SEP participants (IRRs were 0.7 (95% CI: 0.5, 0.9)
and 2.3 (95% CI: 1.2, 4.3) among low- and high-SEP partici-
pants, respectively).

Overall, a 1-standard-deviation higher neighborhood SEP
score (i.e., better socioeconomic conditions) was “protective”
against CVD (Table 2). This protective association, however,

(| Group Rate
14 1
. Absolute Inequalit
I q Y
12
B |
< 4
S 10 I
)
: [
o 8 I
=
S
:, 1
[a)
>
@) 44
2 .
Low Middle High

Socioeconomic Position

Figure 1. Observed cardiovascular disease (CVD) incidence rates
and absolute inequalities by socioeconomic position (SEP) (n=
5,608), Multi-Ethnic Study of Atherosclerosis, 2000-2012. The inci-
dence rate is the observed number of incident CVD cases per 1,000
person-years. (P < 0.001 for linear trend in incidence rates across
SEP groups.) The absolute inequality is the difference between the
rate in the lower-SEP groups (low and middle SEP) and the rate in the
high-SEP group. Decomposition is applied to these observed group
differences. Low-, middle-, and high-SEP categories are tertiles of the
baseline SEP index and correspond to SEP score ranges of 04, 5-7,
and 8-10, respectively. Bars, 95% confidence intervals.

was stronger in high-SEP individuals (IRRs for neighborhood
SEP among participants with low and high individual SEP were
1.0 (95% CI: 0.8, 1.2) and 0.7 (95% CI: 0.5, 0.9), respectively).
Interaction analyses pooling SEP groups together (Web Table 2)
largely supported these observations. IRRs for psychosocial,
behavioral, and biomedical factors did not materially differ across
SEP groups.

Decomposing inequality and comparing contributions

Relative to high-SEP participants, CVD incidence was higher
by 4.6 cases per 1,000 PY (95% CI: 2.7, 6.5) among low-SEP
participants and by 1.9 cases per 1,000 PY (95% CI: 0.5, 3.7)
among middle-SEP participants (Figure 1). We focus on the larger
low-SEP versus high-SEP socioeconomic inequality.

Before discussing decomposition findings, we reiterate 3 key
points: 1) The only quantity decomposed is the observed, unad-
justed 4.6-case low-high SEP inequality (Acyp)—it is the
denominator for all relative contributions. 2) Adding covari-
ates to decomposition models only adjusts existing covariate
contributions; Acyp remains unchanged. 3) While contributions
from the same model sum to 100% (e.g., see Web Table 3), con-
tributions across different models may sum to more than 100%.
We note that whenever appropriate.

Demographic factors. Differentials in the demographic
composition of SEP groups, particularly differentials in age, sex,
and race distributions, appeared to account for substantial por-
tions of CVD inequality (Table 3). Nonetheless, much of the
contribution of these differential exposures was offset by the
contributions of differential vulnerability in the opposite direction.

Am J Epidemiol. 2018;187(7):1424-1437
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For example, in Table 3 (model 1), the less protective association
of female sex in the low-SEP group accounted for 2.3 cases per
1,000 PY (49.4% of the inequality). This almost fully offset
the negative contribution (—2.2 cases per 1,000 PY; —47.9%)

of the greater prevalence of females in the low-SEP group. After
adjustment for neighborhood characteristics and proximal risk
factors (Table 3, model 3), demographic factors accounted for
only 16.9% of the inequality in total.

Table2. Sequentially Adjusted Associations of Cardiovascular Disease Risk Factors With Incident Cardiovascular
Disease by Baseline Socioeconomic Position, Multi-Ethnic Study of Atherosclerosis, 2000-2012

Tertile of SEP

Covariate (rl; c,=W2,$2Ez';) ?:fﬁ:g; (2 " ,Sszst’) (n°="§f238)
IRR 95% CI IRR 95%Cl IRR  95%Cl IRR  95%Cl
Model 12
Baseline SEP tertile
Low 16> 1.3,21
Middle 1.2° 1.0,15
High 1.0 Referent
Demographic characteristics
Age >65 years 25° 19,32 26° 20,35 25 17,35 26° 2230
Female sex 05°¢ 04,06 06°¢ 04,08 03° 02,04 05 04,06
Race
White® (referent) 16> 1222 13 09,19 09 06,14 13" 11,16
Chinese 04° 03,07 09 05,15 06 0.3,1.3 06° 04,08
Black 0.6°¢ 05,09 07 0511 11 07,17 08 06,09
Latino 07*" 0509 119 07,16 23 12,43 09 0.7,1.1
Married/cohabiting 0.8 07,11 0.8 0.6,1.2 0.9 06,14 08 07,10
Population density
Bottom tertile 1.0 Referent 1.0 Referent 1.0 Referent 1.0 Referent
Middle tertile 0.9 07,12 1.2 09,17 1.0 06,15 1.0 0.8,1.2
Top tertile 0.7° 0.5,1.0 1.0 07,15 0.8 0512 08 07,10
Model 29
Neighborhood environment"
% foreign-born 1.0 09,12 1.0 0.8,1.3 0.9 0.7,1.3 1.0 0.9,1.1
Neighborhood SEP 1.0¢ 0.8,1.2 0.8 06,11 07" 0509 09 08,10
Physical environment 1.0 08,13 1.2 09,15 11 09,14 11 1.0,1.2
Total PA resources 1.0 08,12 1.0 08,12 1.0 08,12 1.0 0.9,1.1
Social environment 0.9 08,11 1.2 09,16 1.1 08,15 1.0 09,12
Model 3'
Psychosocial factors"
Lifetime discrimination 1.0 09,12 1.0 09,12 1.0 08,12 1.0 09,11
Chronic stress 1.0 09,12 09 0.8,1.1 1.0 08,12 1.0 09,11
Depressive symptoms 1.0 09,12 13° 11,15 1.0 08,13 1.1° 1.0,1.2
Social support 1.0 09,11 0.9 0.8,1.1 0.9 07,12 1.0 0.9,1.1
Behavioral factors
Uninsured (no health insurance) 1.0 07,15 27° 15,48 22 07,71 13 09,18
Pack-years of smoking" 1.4 1.0,12 1.0 09,12 11 09,12 1.1° 10,11
Current alcohol consumption 0.8 0.7,1.1 0.9 07,12 0.8 05,12 0.9° 0.7,1.0
Moderate/vigorous PA" 0.9 0.8,1.0 0.9 0.7,1.0 0.9 07,12 09 08,1.0
Body mass index™ 1.0 0.8,1.1 1.0 09,12 11 09,14 1.0 0.9,1.1
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Table2. Continued

Tertile of SEP

pmER Gawms wem e
IRR  95%Cl IRR  95%Cl IRR 95%Cl IRR  95%Cl
Biomedical factors

Diabetes* (yes/no) 1.6° 12,21  14° 1.0,21 16° 10,28 15° 1218
Hypertension' (yes/no) 1.8° 14,24 2.1° 15,28 21° 1531 20° 17,24
Total cholesterol" 1.1 1.0,12 1.0 09,12 11 09,14 11" 10,12
Interleukin-6" 1.4 1.0,12 1.0 09,12 12" 10,14 11° 10,12
C-reactive protein” 1.0 09,11 1.0 09,12 1.0 08,12 1.0 1.0,1.1

Abbreviations: Cl, confidence interval; IRR, incidence rate ratio; PA, physical activity; SEP, socioeconomic position.
2 IRRs for listed SEP and demographic variables adjusted for in model 1 (demographic factors; demographic fac-

tors + SEP in the “overall” model).
PP <0.01.
°P<0.10.

9 IRR is different from its counterpart in the high-SEP model, based on the Chow test (82) following “seemingly

unrelated estimation” (P < 0.1).

¢ IRRs in this row are for the reference group (white race), and they come from model 1 but with black race used as
the referent. Additive- and multiplicative-scale interactions between white race and low SEP were also highly signifi-
cant (P < 0.001) in models pooling SEP groups together (see Web Table 2).

fP <0.05.

91RRs for listed neighborhood variables adjusted for in model 2 (demographic factors + neighborhood variables).

" IRRs are for a 1-standard-deviation increase in the value of the variable (see Table 1 for units).

"IRRs for listed psychosocial, behavioral, and biomedical factors adjusted for in model 3 (demographic factors +
neighborhood variables + psychosocial factors + behavioral factors + biomedical factors).

TWeight (kg)/height (m)2.

K Fasting glucose concentration >126 mg/dL and/or use of insulin/oral hypoglycemic medication (74).
I'Systolic blood pressure >140 mm Hg, diastolic blood pressure >90 mm Hg, or use of antihypertensive medication (73).

Neighborhood environment. There was substantial uncer-
tainty in estimating the contributions of differentials in neighborhood
environment (Table 4). However, 3 particularly large contributions
merit highlighting. After adjustment for demographic factors
(Table 4, model 2), differential exposure to lower neighborhood
SEP and adverse social environment accounted for 35.3% (1.6
cases per 1,000 PY; 95% CI: —8.4,11.6) and 41.8% (1.9 cases
per 1,000 PY; 95% CI: —6.8, 10.7) of the inequality, respectively.
The differential vulnerability associated with neighborhood SEP
(being protective mainly in the high-SEP group) accounted for
another 33.7% (1.6 cases per 1,000 PY; 95% CI: —0.3, 3.5).
These 3 contributions, together with the contributions of other
neighborhood factors and demographic factors (not shown), all
from model 2, summed to 100%. Further adjustment for prox-
imal risk factors (Table 4, model 3) reduced these neighborhood
contributions by about 60%.

Proximal risk factors.  After adjustment for demographic fac-
tors and neighborhood characteristics (model 3), differentials in
all proximal risk factors accounted in total for 54.7% of the
inequality (Table 5). Differential exposure was the primary
mechanism driving these contributions (50.7%). All differential
vulnerability contributions were negligible. Psychosocial risk fac-
tors and behaviors also accounted for little of the inequality.
Differential exposure to biomedical risk factors accounted
overall for 37.7% of the inequality (1.7 cases per 1,000 PY),

chiefly reflecting the contributions of the higher prevalences
of hypertension (19.3%; 0.9 cases per 1,000 PY, 95% CI: 0.3,
1.5), diabetes (9.8%; 0.5 cases per 1,000 PY, 95% CI: 0.1, 0.8),
and elevated interleukin-6 levels (5.9%; 0.3 cases per 1,000 PY,
95% CI: 0.0, 0.6) in the low-SEP group (Table 5). These findings
were robust to alternative covariate specifications.

DISCUSSION

Three sets of findings emerged from our analyses. First, differ-
ential exposure to poor neighborhood socioeconomic conditions
and adverse social environment among low-SEP individuals ap-
peared to account for large portions of the inequality in CVD inci-
dence. Although they were undermined by considerable statistical
imprecision, the large point estimates resonate with existing evi-
dence on the role of neighborhood deprivation and stressful envi-
ronment in the development of risk factors for and incidence of
CVD events (15, 16, 20). Absence of strong socioeconomic dif-
ferentials in the measures of neighborhood physical environment
(perceived walkability and healthy food availability) and physical
activity resources in MESA was the probable reason why these
factors accounted for little of the inequality.

Our analysis also suggested that the differential vulnerability
associated with neighborhood socioeconomic conditions (being
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Table 3. Adjusted Contributions® of Demographic Factors to the Observed Socioeconomic Inequality (Low-High) in
Incident Cardiovascular Disease (n = 3,729), Multi-Ethnic Study of Atherosclerosis, 2000-2012

Differential Exposure® (Ag) Differential Vulnerability® (Ay)
Covariate Contributions ' Contributions '
Model 1°
Aggregate contribution® —2.0f -4.3,0.4 -42.3 4.8 -0.5,10.1 103.2
Age >65 years 3.69 15,57 77.7 0.1 -1.2,1.3 1.4
Female sex —2.29 -3.3,-1.1 —47.9 2.39 0.6,4.0 49.4
Race
White -3.3¢ -4.9,-1.7 -71.0 2.9 0.4,5.4 62.7
Chinese -0.49 -0.7,-0.1 -8.8 0.2 -0.4,0.8 3.9
Black 0.0 -0.1,0.1 -0.5 -0.1 -1.0,0.8 -15
Latino 0.2 -1.1,14 3.5 -0.3" -0.4,-0.1 -5.4
Married/cohabiting 0.9 -0.6,25 20.4 -0.4 -4.2,3.4 -8.3
Population density
Bottom tertile -0.5 -1.1,0.2 -10.7 0.2 -0.9,1.2 3.3
Middle tertile 0.0 -0.3,0.3 0.5 -0.1 -0.9,0.7 -1.9
Top tertile -0.3f -0.5,0.0 55 0.0 -0.9,0.9 -0.3
Model 3
Aggregate contribution! —2.49 -4.1,-0.7 -51.5 3.2 -1.2,75 68.4
Age >65 years 1.49 04,23 29.3 -0.1 -1.1,0.9 -2.2
Female sex -1.29 -2.0,-0.5 -26.5 1.3f -0.1,2.7 28.7
Race
White -2.19 -3.3,-09  -458 2.3" 0.0,4.6 49.3
Chinese -0.2f -0.4,0.0 -3.8 0.2 -0.4,0.7 3.3
Black 0.0 -0.1,0.0 -0.8 0.1 -0.8,0.9 1.1
Latino -0.2 -0.8,0.5 -34 -0.2" —-0.4,0.0 -4.7
Married/cohabiting 0.5 -04,1.3 9.8 -0.4 -3.3,25 -8.6
Population density
Bottom tertile -0.3 -0.8,0.2 -71 0.3 -1.0,1.6 6.5
Middle tertile 0.0 -0.1,0.2 0.5 0.0 —-0.6,0.6 0.3
Top tertile -0.2 -0.4,0.1 -3.8 -0.2 -1.2,0.8 -5.3

Abbreviations: Cl, confidence interval; SEP, socioeconomic position.

& “Absolute” columns list absolute contributions (number of cases per 1,000 person-years) to inequality by each
demographic factor through differential exposure and differential vulnerability. “Relative” columns list those contribu-
tions as a percentage of the inequality. Estimates were generated in decompositions of the observed, 4.6-extra-case
low-high SEP inequality.

b Difference in the prevalence of the risk factor between low- and high-SEP groups.

¢ Difference in the association of the risk factor with cardiovascular disease between low- and high-SEP groups.

9 Contributions of demographic factors in model 1 represent “total” contributions, unadjusted for downstream factors.

¢ The overall aggregate contribution (Ag + Ay) of demographic factors in model 1 was 2.8 (95% Cl: —2.2, 7.8) cases
per 1,000 person-years (60.9% of the inequality). The SEP difference in intercepts accounted for the remaining 39.1%
of the inequality.

fp<o0.10.

9P <0.01.

"P<0.05.

i Contributions of each demographic factor in model 3 were adjusted for all other demographic factors listed, as well
as neighborhood, psychosocial, behavioral, and biomedical factors.

I The overall aggregate contribution (Ag + Ay) of demographic factors in model 3 was 0.8 (95% Cl: —3.8, 5.4) cases
per 1,000 person-years (16.9% of the inequality).
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Table4. Adjusted Contributions® of Neighborhood Conditions to the Observed Socioeconomic Inequality (Low-
High) in Incident Cardiovascular Disease (n = 3,729), Multi-Ethnic Study of Atherosclerosis, 2000—2012

Differential Exposure® (Ag)
Contributions

Differential Vulnerability® (Ay)
Contributions

Covariate - -
Model 2°
Aggregate contribution®f 4.0 -14.0,21.9 85.4 0.3 -1.4,1.9 5.8
% foreign-born 0.8 -3.9,5.5 17.4 -0.3 -1.3,0.8 -6.1
Neighborhood SEP 1.6 -8.4,11.6 35.3 1.6 -0.3,35 33.7
Physical environment -0.5 -3.7,2.7 -10.8 -0.3 -1.3,0.7 -6.5
Total PA resources 0.1 -1.1,1.2 1.6 0.0 -0.4,0.4 -0.2
Social environment 1.9 -6.8,10.7 41.8 -0.7 -2.0,0.6 -15.1
Model 39
Aggregate contribution”" 1.1 -0.9,3.1 23.1 0.1 -12,14 23
% foreign-born 0.2 -0.9,1.4 5.1 0.0 -0.8,0.9 0.5
Neighborhood SEP 0.5 -1.6,2.6 10.0 0.7 -0.8,2.2 14.7
Physical environment -0.1 -1.1,0.8 -3.0 -0.2 -1.0,0.6 -3.8
Total PA resources 0.0 -0.3,04 0.9 0.0 -0.3,0.3 -0.1
Social environment 0.5 -1.1,2.0 10.0 -0.4 -1.5,0.6 -9.0

Abbreviations: Cl, confidence interval; PA, physical activity; SEP, socioeconomic position.

2 “Absolute” columns list absolute contributions (number of cases per 1,000 person-years) to inequality by each
neighborhood variable through differential exposure and differential vulnerability. “Relative” columns list those contri-
butions as a percentage of the inequality. Estimates were generated in decompositions of the observed, 4.6-extra-
case low-high SEP inequality.

b Difference in the prevalence of the risk factor between low- and high-SEP groups.

¢ Difference in the association of the risk factor with cardiovascular disease between low- and high-SEP groups.

9 Contributions of each neighborhood variable in model 2 represent “total” contributions, with adjustment only for
demographic confounders and all listed neighborhood characteristics. All P values were greater than 0.1.

¢ The overall aggregate contribution (Ag + Ay) of neighborhood variables in model 2 was 4.2 (95% Cl: —13.5, 21.9)

cases per 1,000 person-years (90.2% of the inequality).

fVariables were specified in decomposition models as z scores (standard deviation units).

9 Contributions of each neighborhood variable in model 3 were adjusted for demographic, psychosocial, behavioral,
and biomedical factors, as well as for all other neighborhood covariates listed. All P values were greater than 0.1.

" The overall aggregate contribution (Ag + Ay) of neighborhood variables in model 3 was 1.2 (95% Cl: 0.9, 3.3)

cases per 1,000 person-years (25.4% of the inequality).

protective mainly at high SEP) had a nontrivial contribution. This
could reflect high-SEP individuals’ ability to better harness im-
provements in the neighborhood socioeconomic landscape (e.g.,
business developments, gentrification) without feeling disen-
franchised or fearing displacement—concerns that are common
among low-SEP residents in response to such neighborhood
changes (84-860).

Second, net of demographic factors and neighborhood charac-
teristics, differential exposure to proximal risk factors accounted
for 50.7% of the inequality, primarily reflecting contributions of
hypertension and diabetes with magnitudes close to those in the
Whitehall IT Study, a British study of civil servants (10).
Conversely, there was generally no evidence of differential vul-
nerability related to our measures of proximal risk factors. While
our broad differential exposure finding is consistent with existing
literature (7, 8, 10~12, 87), our estimated contributions of specific
risk factors varied. For instance, while smoking accounted for
very little of the inequality in our study, it had a much larger

contribution in studies where it exhibited a steep inverse social
gradient, such as the Monitoring Project on Risk Factors and
Chronic Diseases in the Netherlands (MORGEN) (12) and the
Whitehall IT Study (10). Likewise, the absence of strong socioeco-
nomic differentials in the prevalence of psychosocial measures
(e.g., discrimination and chronic stress) in our sample was prob-
ably why they accounted for little of the inequality.

Our third set of findings was incidental but compelling:
Although demographic contributions nearly canceled out overall,
differential vulnerability associated with race and sex accounted
for significant shares of the inequality. Being Latino was protec-
tive only in the low-SEP group, potentially reflecting low-SEP
Latinos’ lower degree of US acculturation, with likely healthier
lifestyles (particularly diet) and greater social support (88, 89).
On the other hand, the weaker protection against CVD among fe-
males in the low-SEP group might have been driven by the com-
pound disadvantage that low-SEP women are likely to experience
(e.g., single motherhood, economic hardship, and lack of
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Table5. Adjusted Contributions® of Psychosocial, Be

havioral, and Biomedical Risk Factors to the Observed

Socioeconomic Inequality (Low-High) in Incident Cardiovascular Disease (n = 3,729), Multi-Ethnic Study of

Atherosclerosis, 2000-2012

Differential Exposure® (Ag) Differential Vulnerability® (A )
Covariate Contributions . Contributions .
Aoy, sswot e Mbie g el
Aggregate contribution—all factors® 2.3° 0.4,4.3 50.7 0.2 -2.6,3.0 4.0
Psychosocial factors'
Aggregate contribution 0.2 -0.5,0.8 3.4 0.0 -0.5,0.6 0.6
Lifetime discrimination® -0.1 -0.3,0.2 -14 0.0 -0.2,0.2 0.6
Chronic stress? 0.0 -0.1,0.2 0.9 0.0 -0.1,0.1 -0.5
Depressive symptoms® 0.2 -04,0.7 4.0 -0.1 -0.6,0.4 -1.5
Social support® 0.0 -0.3,0.3 -0.1 0.1 -0.3,0.4 1.9
Behavioral factors’
Aggregate contribution 0.4 -0.6,1.4 9.5 0.5 -2.0,2.9 10.1
Uninsured (no health insurance) 0.0 -0.5,0.5 0.0 -0.1 -0.2,0.0 -1.6
Pack-years of smoking® 0.0 0.0,0.1 1.0 0.0 -0.1,0.1 -0.4
Current alcohol consumption 0.5 -04,1.4 111 0.4 -2.1,2.8 8.5
Moderate/vigorous PA? 0.0 -0.1,0.0 -1.0 0.0 -0.1,0.2 0.4
Body mass index®" -0.1 -0.3,0.2 -15 0.1 -0.1,0.4 3.1
Biomedical factors'
Aggregate contribution 1.7 0.6,2.9 37.7 -0.3 -1.4,0.7 -6.7
Diabetes’ 0.5° 0.1,0.8 9.8 0.0 -0.3,0.2 -0.1
Hypertension® 0.9 03,15 193 -0.3 -1.3,07 7.0
Total cholesterol® 0.1 0.0,0.2 1.7 0.0 -0.1,0.1 0.3
Interleukin-6° 0.3 0.0,0.6 5.9 0.1 -0.1,0.2 1.2
C-reactive protein® 0.1 -0.1,0.2 1.2 0.0 -0.2,0.1 -1.0

Abbreviations: Cl, confidence interval; PA, physical activity; SEP, socioeconomic position.
2 “Absolute” columns list absolute contributions (number of cases per 1,000 person-years) to inequality by each

risk factor through differential exposure and differentia

| vulnerability. “Relative” columns list those contributions as a

percentage of the inequality. Estimates were generated in decompositions of the observed, 4.6-extra-case low-high

SEP inequality.
b Difference in the prevalence of the risk factor betwe

en low- and high-SEP groups.

¢ Difference in the association of the risk factor with cardiovascular disease between low- and high-SEP groups.

9 The overall aggregate contribution (Ag + Ay) of all
1,000 person-years (54.7% of the inequality).

¢P <0.05.

f Contributions of each risk factor in model 3 were adj

risk factors in model 3 was 2.5 (95% CI: —0.6, 5.7) cases per

usted for demographic factors and neighborhood variables, as

well as for all other psychosocial, behavioral, and biomedical factors listed.

9 Variable was specified in decomposition models as
" Weight (kg)/height (m)2.

'P<0.01.

I Fasting glucose concentration >126 mg/dL and/or u

a z score (standard deviation units).

se of insulin/oral hypoglycemic medication (74).

k Systolic blood pressure >140 mm Hg, diastolic blood pressure >90 mm Hg, or use of antihypertensive medication (73).

'P<o0.1.

adequate workplace protections) (90, 91). These experiences
might erode protections against CVD (particularly coronary heart
disease) related to female biology (e.g., hormones) (92).

The stronger association of white race (relative to other racial
groups) with CVD incidence among low-SEP individuals is
also intriguing. Documented clustering of multiple negative
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health behaviors among low-SEP whites (93-96), also visible in
our sample, might be the culprit. Another possibility is that
CVD incidence might have also been artificially lower among
minorities due to selection bias in study participation by
race. Blacks, for instance, generally have shorter life expec-
tancies (97, 98) and are more likely to experience cardiovascular
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events earlier in life than whites (95, 99). It is therefore possible
that black low-SEP participants in MESA were healthier
than the low-SEP black population.

Our findings should be interpreted in light of the following lim-
itations. While our broad set of covariates makes major confound-
ing unlikely, causal interpretation of covariate contributions
requires more precise confounding control, such as meeting the
standard mediation assumptions (100-103). However, it remains
unclear what specific assumptions of this kind (and relevant
sensitivity analyses) apply in the econometric decomposition
context. Further, we could only analyze baseline covariates;
modeling of time-varying covariates in decomposition analy-
ses like ours remains underdeveloped (75). Accordingly, time-
dependent confounding cannot be ruled out, and it might have
been partly underlying the attenuation of neighborhood contri-
butions upon adjustment for contemporaneous risk factors.

With relatively few CVD events and the interactions decompo-
sition involves, our analyses also wound up lacking the necessary
statistical power to precisely estimate covariate contributions,
despite our emphasis on covariate parsimony, broadness, and
continuous specification. Neighborhood contributions were espe-
cially imprecise, which may also reflect the modest within-SEP-
group variability and overlap across SEP groups in neighborhood
characteristics. Our neighborhood findings are therefore only
generally suggestive, and they should be cautiously interpreted.

This analysis is one of the first attempts to empirically disen-
tangle differential exposure and differential vulnerability contri-
butions of risk factors to socioeconomic inequality in incident
CVD. While our neighborhood estimates merit further investi-
gation, our findings corroborate existing wisdom that controlling
disproportionate exposure to adverse environments and cardio-
vascular risk factors, particularly diabetes and hypertension,
in low-SEP groups could help curb inequalities in CVD inci-
dence. Further, better understanding of the sources of differential
vulnerability by neighborhood SEP, sex, and race may inform
more effective interventions for reducing such inequalities.
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