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Combined environmental and social exposures
during pregnancy and associations with neonatal
size and body composition

The Healthy Start study

Sheena E. Martenies?, William B. Allshouse®, Anne P. Starling®¢, Brandy M. Ringham¢,
Deborah H. Glueck®®, John L. Adgate®, Dana Dabelea®®¢, Sheryl Magzamena¢"

Background: Prenatal environmental and social exposures have been associated with decreased birth weight. However, the \
effects of combined exposures (CEs) in these domains are not fully understood. Here we assessed multi-domain exposures for
participants in the Healthy Start study (Denver, CO) and tested associations with neonatal size and body composition.

Methods: In separate linear regression models, we tested associations between neonatal outcomes and three indices for expo-
sures. Two indices were developed to describe exposures to environmental hazards (ENV) and social determinants of health (SOC). A
third index CEs in both domains (CE = ENV/10 x SOC/10). Index scores were assigned to mothers based on address at enrollment.
Birth weight and length were measured at delivery, and weight-for-length z-scores were calculated using a reference distribution.
Percent fat mass was obtained by air displacement plethysmography.

Results: Complete data were available for 897 (64%) participants. Median (range) ENV, SOC, and CE values were 31.9 (7.1-63.2),
36.0 (2.8-75.0), and 10.9 (0.4-45.7), respectively. After adjusting for potential confounders, 10-point increases in SOC and CE were
associated with 27.7 g (95% confidence interval [CI] = 12.4, 42.9g) and 56.3g (19.4 — 93.2 g) decreases in birth weight, respectively.
SOC and CE were also associated with decreases in percent fat mass.

Conclusions: CEs during pregnancy were associated with lower birth weight and percent fat mass. Evidence of a potential syn-
ergistic effect between ENV and SOC suggests a need to more fully consider neighborhood exposures when assessing neonatal

outcomes.

Introduction

Neonatal size and body composition are important indicators
of both childhood and adult health outcomes. Birth weight is
a standard anthropometric measurement used to assess infant
health. Longitudinal data on more than 36 million term births
in the United States indicated that mean birth weight decreased
52 g between 1990 and 2005.! Although small changes in birth
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weight may not have impacts on individual-level health out-
comes, trends in birth weight can have important public health
impacts. For example, decreases in mean birth weight at the
population level correlate with increases in the frequency of
babies born with low birth weight (LBW: <2,500g) and small
for gestational age (SGA: below the 10th percentile for each
completed week of gestation).' LBW and SGA have been
shown to be associated with childhood obesity, asthma, delayed
neurodevelopment, and metabolic disorders in adulthood.*!° In
addition to birth weight, other measures of neonatal size such
as adiposity (percent fat mass) and weight-for-length (WFL)
z-scores are used to assess infant health. Adiposity at birth is a
potentially important marker of nutritional status and obesity
and metabolic disease risk later in life.'"" WFL z-scores, which
can be derived from anthropometric measured collected at de-
livery, are the recommended metric for tracking obesity risk in
infants from 0 to 2 years of age.'?

Previous studies have identified individual-level factors influ-
encing neonatal birth weight and body composition. These

What this study adds

Prior studies of the effect of poor neighborhood conditions or
low environmental quality have demonstrated associations be-
tween higher exposures and decreased birth weight. This study
confirms these findings and suggests there may be a synergistic
effect between neighborhood-level social and environmental
determinants of health. In our cohort, mothers with higher com-
bined exposures in the chemical, physical, and social domains
gave birth to babies with lower mean birth weights and lower
percent fat mass. These results were robust after adjustment for
important individual-level factors known to be associated with
neonatal size.
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factors include younger or advanced maternal age, obesity,
parity, levels of physical activity, race/ethnicity, gestational di-
abetes, and active smoking, among others.">> Environmental
hazards such as air pollution have also been associated with
decreased birth weight'®'® and increased skinfold thickness."”
Additionally, a small number of studies have identified a role for
neighborhood-level exposures in perinatal outcomes.?*?> For
example, a meta-analysis of studies reported significant associa-
tions between higher neighborhood deprivation score quintiles
and SGA.? The existing literature supports the hypothesis that
neighborhood-level exposures affect perinatal outcomes, even
when accounting for individual-level risk factors. However, few
studies have investigated combined exposures (CEs) in multiple
exposure domains, for example, the chemical, physical, and so-
cial environments.

We constructed indices that summarize exposures to chem-
ical, physical, and social hazards using a Cumulative Exposure
Assessment (CEA) framework that may address the single
domain focus of prior studies. One commonly applied CEA
approach is to map hazards across a geographic area and gen-
erate a semiquantitative measure of exposure by collapsing data
into a single unitless index.?* These indices can take advantage
of publically available data and are easy for decision-makers
and other stakeholders to interpret.?* In addition to their use-
fulness as a screening tool, these indices are potentially valuable
metrics to investigate how CEs might be associated with health
outcomes.*

The objectives of this study were to assess CEs to environ-
mental and social hazards at the census tract level during the
prenatal period and to test associations with neonatal size and
body composition. Our hypotheses were that higher environ-
mental exposures, social exposures, and cumulative exposures
would be associated with lower birth weight, higher adiposity
(percent fat mass), and higher sex-specific WFL z-scores at birth.

Methods

Study population

The Healthy Start study is a pre-birth longitudinal cohort based
in Denver, CO that has been investigating risk factors for child-
hood obesity and other health outcomes since 2009.2° Pregnant
women of 16 years or older expecting singleton births were
recruited from the University of Colorado Hospital between
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2009 and 2014 (the first and last births occurred in March 2010
and September 2014, respectively) and invited to participate.
Two prenatal study visits were conducted at median 17 and 27
weeks of gestation during which expectant mothers completed
a physical exam and questionnaires about their diet and life-
style. Additional data were abstracted from medical records. All
mother-child dyads who had a first known address within the
study area (n = 1,151 dyads) were eligible for this analysis. The
final analytic dataset included n = 897 dyads with complete data
on essential outcomes and covariates of interest. The healthy
start study protocol was approved by the Colorado Multiple
Institutional Review Board.

Study area

The study area consisted of most census tracts within three
counties in the Denver Metropolitan area (Adams, Arapahoe,
and Denver; Figure 1). Though healthy start participants live
throughout the hospital catchment area, this analysis focused on
a subset of census tracts for two reasons. First, there was consid-
erable variability in the availability and quality of spatially-re-
solved data in the region; accordingly, we limited our study area
to where reliable data could be obtained. Second, no air quality
monitors were available that could provide reliable estimates of
our air pollution indicators at the centroids of the two eastern-
most census tracts (located in Adams and Arapahoe counties).
Therefore, we limited the study area to n = 386 (99.4%) census
tracts in these counties.

The study area is located in the Front Range region of the
Rocky Mountains and has a combination of topography, mete-
orology, and sources that create a unique pollution mix.?” Traffic
is a predominant source of air pollution, and as a result, the
area is currently in nonattainment of the 2008 ozone standard.?®
There is also considerable variability in population-level SES
and rates of comorbidities, for example, median census tract
incomes range from <$10,000 per year to >$250,000, and ZIP
code level annual cardiovascular disease hospitalization rates
range from 123 to 472 per 10,000.

The spatial unit of analysis for this study was the census
tract. This was the smallest unit for which reliable data on so-
cial determinants of health were available. Using census tracts
also allowed us to retain some of the urban gradients observed
for ambient air pollutants.?
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Figure 1. Map of the census tracts included in the study area. Participant locations are approximate.
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Figure 2. The conceptual model of the exposure variables used to generate the ENV, the SOC, and the CE.
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Figure 3. Average ENV, SOC, and CE scores for each census tract. For census tracts with more than one mother, scores were averaged across all mothers
living within that census tract. Mothers within the same census tract could have different ENV and CE index scores based on the timing of their pregnancies.

Exposure assessment

Indicators of exposure included in the environmental exposure
index (ENV) and social exposure index (SOC) were based on
indicators selected for CalEnviroScreen 3.0, a screening tool
developed by the California Office of Environmental Health
Hazard Assessment (Figure 2).>° CalEnviroScreen has success-
fully been used as an exposure variable in another epidemiology
study® and was selected as a template for our indices because
of its reliance on publically available datasets. Below we detail
how these data were incorporated into the indices.

Ambient air pollution

Ambient air pollution exposures were assessed using methods
similar to those reported by CalEPA,* with a modification to
account for the timing of pregnancy. Monitoring data for fine
particulate matter with an aerodynamic diameter <2.5 pm (PM, :
24 hours means every 3 days) and ozone (O,: hourly data) were
retrieved from the Environmental Protection Agency’s Air Quality
System Data Mart for a 6-year period (2009-2014). Only a lim-
ited number of O, monitors in the state (n = 11) collected mea-
surements during the cold season (October—-March). For monitors
that did not collect data during the cold season or for monitors
with missing data during the warm season, missing hourly con-
centrations were imputed using predictive mean matching.’! To
reduce computational burden and generate more stable estimates
of PM, ; and ozone at each monitor, concentrations at each loca-
tion were summarized as biweekly means for PM, ; and biweekly

mean daily 8-hour maximum for O,. Ordinary kriging was used
to estimate biweekly concentrations at census tract centroids. For
each census tract, we included only data from monitors within
40 km of the centroid; the number of monitors used to estimate
exposure for each census tract therefore varied. Average expo-
sures for the duration of each pregnancy were assigned to indi-
vidual mothers based on the conception and delivery dates and
the census tract in which the first known address was located.

Environmental hazards

Environmental hazards used in the ENV included (among oth-
ers): ambient PM, , and O,; toxic releases emitted by nearby
facilities; the percentage of the census tract surface that is im-
permeable surfaces; and the density of daily traffic. Data sources
and additional details are summarized in Table 1. All ENV indi-
cators except PM, ; and O, were summarized at 5-year averages
at the census tract level.

Social exposures

The SOC consisted of indicators of population vulnerability
and susceptibility. Vulnerability indicators include demographic
characteristics and neighborhood crime rates. Population sus-
ceptibility was represented using hospitalization rates for cardi-
ovascular and respiratory diseases. Details on the variables used
in the SOC are listed in Table 1. All SOC indicators were sum-
marized at S-year averages at the census tract level.
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Description of data sources used to calculate the CE index

Exposure variable Index Weight Source Spatial resolution?,® Temporal resolution?,°
Air pollutant exposures?
Mean PM, . ENV US EPA® Census tract Daily mean
Mean O, ENV US EPA® Census tract Hourly
Features of the built environment®
Tree cover ENV 0.5 MRLCC* 50m 1-year average
Toxic releases ENV 1.0 US EPA® Census tract 1-year average
Impervious surface ENV 0.5 MRLCC* 50m 1-year average
AADT intensity ENV 0.5 US DOT® Road links 1-year average
NPL sites ENV 0.5 CDPHE®® Point
Waste sites® ENV 0.5 CDPHE?®® Point
Major emitters* ENV 0.5 US EPA%" Point Every 3 years
Mines and wells ENV 0.5 coGee® Point
Social determinants of health®
CVD hospitalizations SOC 1.0 Colorado Hospital Association ZCTA 5-year average
Respiratory hospitalizations S0C 1.0 Colorado Hospital Association ZCTA 5-year average
Violent crimes? S0C 1.0 ICPSR* Point, department 5-year average
Property and nonviolent crimes® S0C 1.0 ICPSR® Point, department 5-year average
Less than a high school diploma S0C 1.0 US Census Bureau* Census tract 5-year average
Unemployment SOC 1.0 US Census Bureau* Census tract 5-year average
Households with limited English S0C 1.0 US Census Bureau* Census tract 5-year average
Households in poverty SOC 1.0 US Census Bureau* Census tract 5-year average

Median income®
Persons of color®,’

US Census Bureau®
US Census Bureau*

Census tract
Census tract

5-year average
5-year average

Spatial and temporal resolution are reported for the original data.
"Data at spatial resolutions smaller than census tracts were averaged across the census tracts.

“Temporal resolutions were aggregated to a 5-year average except for air pollutant exposures, which were averaged across individual pregnancies.
dCrime data were available at the incidence level within the city of Denver and at the jurisdiction level for other areas. Point data within the city of Denver were aggregated to the census tract level.

¢These variables were only included in an alternative version of the SOC used in sensitivity analyses.
"Defined as persons that identified a race or ethnicity other than NHW alone.

AADT indicates annual average daily traffic; CDPHE, Colorado Department of Public Health and Environment; COGCC, Colorado Oil and Gas Conservation Commission; CVD, cardiovascular disease; ICPSR,
Inter-university Consortium for Political and Social Research; MRLCGC, Multi-Resolution Land Characteristics Consortium; NPL, National Priorities List; US DOT, US Department of Transportation; US EPA, US

Environmental Protection Agency; ZCTA, ZIP code tabulation area.

Calculating the exposure indices

The ENV and SOC were calculated separately and multiplied
to form the CE index. Mothers were assigned exposures based
on their census tract using the address at enrollment, and each
indicator was converted into a percentile score. Consistent with
CalEnviroScreen 3.0, the built environmental and hazardous
land use indicator percentile scores were assigned a weight of
0.5.%° Environmental exposure percentile scores were averaged
to generate the ENV index, and social exposure percentile scores
were averaged to generate the SOC index. Component scores
were divided by 10 and multiplied to generate the CE. The ENV,
SOC, and CE values could range from 0 to 100, where 100 rep-
resents the most exposed index score.

The SOC index included several neighborhood-level socioec-
onomic indicators but did not use the percentage of the census
tract population that identified a race or ethnicity other than
non-Hispanic white (NHW) or the median income. These pop-
ulation-level variables are often used in environmental justice
studies as a proxy for poor environmental quality.*"** However,
we included other indicators that may more accurately reflect
neighborhood conditions, such as higher exposures to traffic,
educational attainment, and limited ability to speak English at
the household level.* To test the sensitivity of our models to
omitting these variables, we constructed an alternative SOC
(and CE) that included them.

Assessment of neonatal size and body composition

We focused on three neonatal outcomes: birth weight, adiposity
(percent fat mass), and sex-specific WFL z-scores. Weight and
length at birth were measured at the time of delivery and were
taken from medical records. The Healthy Start protocol collected

data on body composition using air displacement plethysmog-
raphy (PEA POD; COSMED, Rome, Italy). Additional details on
the PEA POD measurements are available elsewhere.?® Percent
fat mass was calculated as the percentage of total body mass
that was fat mass.* Sex-specific WFL z-scores at birth were cal-
culated from the weight and length measured at delivery using a
WHO reference population.*-#

Statistical analysis

Summary statistics were used to examine the distributions of
variables for healthy start participants. Participants included in
the final analytic cohort were compared with those excluded
using ¢ tests and chi-squared tests as appropriate. Differences
in mean index values by race/ethnicity and maternal educa-
tion were assessed using analysis of variance and Tukey’s test
for pairwise comparisons. An additional analysis (presented in
the Supplemental Content; http:/links.lww.com/EE/A36) used
logistic regression to estimate the odds of living in a high ex-
posure census tract based on maternal race/ethnicity or educa-
tional attainment.*’

Associations between environmental exposure index,
social exposure index, or combined exposure and neonatal
size and body composition

For each of the outcomes, we developed separate statistical
models for each exposure index (ENV, SOC, and CE). We also
included a multivariable model that included both the ENV and
SOC exposure indices.

For each model, covariates were included to test the robust-
ness of results to potential confounding bias. We identified
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Descriptive statistics for outcome variables and potential covariates by inclusion status.

Variable Full cohort (n = 1,410) Included (n = 897) Excluded (n = 513) P2
Maternal race/ethnicity <0.001

Hispanic/Latina, n (%) 351 (25) 238 (27) 113 (22)

White non-Hispanic, n (%) 751 (53) 445 (50) 306 (60)

African American, n (%) 219 (16) 154 (17) 65 (13)

Other, n (%) 89 (6) 60 (7) 29 (6)
Maternal age (years), mean (SD) 27.8(6.2) 27.5(6.2) 28.1(6.2) 0.256
Mean CPSS Score, mean (SD) 18.8 (3.1) 18.6 (3.1) 19.2 (3.1) 0.002
Mean EPDS Score, mean (SD) 4.39 (3.4) 4.3(3.4) 4.6(3.7) 0.125
Prepregnancy BMI (kg/m?)

Underweight (<18.5), n (%) 44 (3) 30(3) 14 (3)

Normal (18.5-25), n (%) 727 (52) 453 (51) 274 (54)

Overweight (25-30), n (%) 355 (25) 235 (26) 120 (24)

Obese (>30), n (%) 280 (20) 179 (20) 101 (20)
Maternal education level 0.059

Less than high school, n (%) 204 (14) 137 (15) 67 (13)

High school or GED, n (%) 259 (18) 166 (19) 93 (18)

Some college/associate’s, n (%) 334 (24) 208 (23) 126 (25)

Bachelor’s degree, n (%) 309 (22) 196 (22) 113 (22)

Graduate degree, n (%) 304 (22) 190 (21) 114 (22)
Household level income 0.066

<$40,000, n (%) 414 (29) 265 (30) 149 (29)

$40,000-$70,000, n (%) 260 (18) 158 (18) 102 (20)

>$70,000, n (%) 460 (33) 287 (32) 173 (34)

Missing or do not know, n (%) 276 (20) 187 (21) 89 (17)
Any smoking during pregnancy? 1.00

Yes, n (%) 124 (9) 78(9) 46 (9)

No, n (%) 1,286 (91) 819 (91) 467 (91)
Any SHS exposure during pregnancy? 0.171

Yes, n (%) 314 (25) 231 (26) 83 (24)

No, n (%) 924 (75) 666 (74) 258 (76)
Infant sex 0.751

Male, n (%) 696 (52) 459 (51) 237 (53)

Female, n (%) 646 (48) 438 (49) 208 (47)
Gestational age (weeks), mean (SD) 39.2 (2.0 39.3(1.8) 39.1(2.2) 0.052
Term status 0.337

Preterm (<37 weeks), n (%) 90 (7) 60 (7) 30 (6)

Early term (37 to <39 weeks), n (%) 331 (24) 200 (22) 131 (28)

Full term (39 to < 41 weeks), n (%) 802 (59) 538 (60) 264 (57)

Late term (41 to < 42 weeks), n (%) 126 (9) 87 (10) 39(8)

Postterm (=42 weeks), n (%) 15 (1) 2(1) 3(1)
Birth weight (g), mean (SD) 3,204.6 (537.6) 3 207 6 (526.6) 3,198.7 (558.8) 0.776
LBW (<2,5009), n (%) 104 (8) 67 (7) 37 (8) 0.613
Days from delivery to PEA POD (n), mean (SD) 1.7 (2.4) 6 (2.5) 1.77 (2.3 0.235
Body mass (g), mean (SD) 3,126.9 (442.3) 3, 120 5 (451.7) 3,141.0 (421.3) 0.457
Fat mass (g), mean (SD) 295.9 (152.5) 290.8 (154.8) 307.3 (146.8) 0.084
Fat free mass (g), mean (SD) 2,830.9 (352.0) 2, 829 3(356.4) 2,834.2 (342.5) 0.827
Adiposity (%), mean (SD) 9.2 (4.0 0(4.0) 9.6 (3.9 0.028
Weight for length z-score, mean (SD) -0.4(1.0) 70 4(1.0) -0.4(1.0) 0.635

Chi-square test for categorical variables, and Student’s ¢ test for continuous variables.

potential covariates based on previous studies investigating the
effect of neighborhood-level exposures on neonatal outcomes
(Table 2).1820-2348 \¥e considered a number of maternal char-
acteristics, including race/ethnicity, prepregnancy body mass
index (BMI); active smoking and secondhand smoke (SHS)
exposure during pregnancy, and educational attainment. We
also included two measures of stress and depressive symp-
toms, Cohen’s Perceived Stress Scale (CPSS) and the Edinburgh
Postnatal Depression Scale (EPDS), which were administered
to mothers during their prenatal interviews. Infant covariates
included gestational age at birth, the season of birth, and sex.
For the percent fat mass models, we included the number of
days between delivery and PEA POD measurements. We also
used stepwise akaike information criterion (AIC) selection* to
reduce the number of model covariates starting with the full
set of variables identified in the literature. In the Results sec-
tion, we present models with all covariates included and the
reduced models with only covariates selected by the stepwise

AIC process. Regression diagnostics were used to ensure model
assumptions were met. Effect sizes are reported for a 10-unit
increase in index scores.

To assess how the ENV and SOC scores contributed to the
effect of CE on neonatal outcomes, we included a secondary
analysis where ENV and SOC index values were categorized
based on tertiles and tested associations with the birth outcome
variables. Participants were assigned to one of nine groups based
on their ENV and SOC tertiles. We repeated the linear regres-
sion modeling using these categorical variables, with low ENV-
low SOC serving as the reference group. We first fit univariate
models for exposure categories and birth outcomes and then fit
adjusted models using the same covariates described above.

Although the CE is the product of the ENV and SOC indices,
it is not a true measure of statistical interaction. Therefore, we
also included in a separate linear regression model the term
ENV x SOC to understand if a statistical interaction model gave
comparable results to the CE models.



Martenies et al Environmental Epidemiology (year) XX:XX e Environmental Epidemiology (2019) 3:e043

All statistical analyses were performed in R.**** Maps were
generated in R using the sf, ggplot2, viridis, and ggmap pack-
ages.”'=* For all regression models presented, we included effect
estimates with confidence intervals (Cls) based on a type 1 error
rate of 5% (a. = 0.05).

Results

Descriptive statistics

Of the 1,410 mother-child dyads included in the healthy start
cohort, complete exposure, outcome, and covariate data were
available for 897 dyads (64%) (Table 2 and efigure 1; http:/
links.lww.com/EE/A36). Mothers excluded from the analysis
were missing data on several variables, including delivery dates
(n =65),PEA POD measures (n = 154), infant sex (n = 68), CPSS
or EPDS scores (n = 175 and 172, respectively), active smoking
or SHS exposures (n = 163 and 172, respectively), and maternal
age at delivery (n = 47). Compared to mothers with incomplete
data, mothers with complete exposure, outcome, and covariate
data were less likely to be NHW (pairwise comparison of pro-
portions; P < 0.001) and have slightly lower mean CPSS across
pregnancy (¢ test, P = 0.002). Babies born to mothers without
complete exposure and covariate data had higher percent fat
mass measures (9.6% vs. 9.0%; ¢ test; P = 0.028). No differ-
ences were observed for other sociodemographic or outcome
measures.

To assess the potential for selection bias based on exposure
we compared with mothers living inside and outside exposure
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assessment boundary. Compared with mothers without expo-
sure data (n = 259), mothers with first known addresses within
the exposure assessment boundary (n = 1,151) were younger,
more likely to be Hispanic/Latina or African American (pairwise
comparison of proportions; P values < 0.001), and had a shorter
interval between delivery and PEA POD (1.6 days vs. 2.2 days;
t test; P = 0.008). These mothers also had lower average CPSS
scores compared with excluded mothers (P = 0.007). No dif-
ferences between mothers inside and outside the study area
were observed for gestational age, body composition, or the re-
maining covariates (eTable 1; http://links.lww.com/EE/A36).
Environmental and social exposures varied across the study
area (Table 3 and Figure 3). Air pollutant exposures demon-
strated low variability across the study area. Average biweekly
mean PM, | exposures across pregnancy averaged 7.5 pg/m? (SD
= 0.6 pg/m’; coefficient of variation [CV]: 10%) and ranged
from 5.9 to 9.1 ng/m’. Biweekly mean daily 8-hour max O, con-
centrations displayed similarly low variability, averaging 48.0
ppb (SD = 3.1 ppb; CV = 10%). Lower spatial variability in air
pollutant exposures and built environment indicators resulted
in moderate variability across ENV scores, which averaged 32.2
(SD = 9.4; CV = 30%) and ranged from 7.1 to 63.2. Social expo-
sures demonstrated a higher degree of variability, for example,
violent crime rates ranged from 0.6 to 81.8 incidents per 1,000
persons. The SOC scores displayed greater variability than ENV
scores, averaging 36.3 (SD = 16.3; CV = 50%) with a range of
2.8 to 75.0. This increase in the variability of social exposures
was reflected in the CE, which averaged 11.9 (SD = 6.8; CV =
60%) and ranged from 0.4 to 45.7. ENV and SOC were weakly

Summary of exposure variables assessed at the census tract level for dyads included in the analytical cohort (n = 897).

Exposure variable Units Mean (SD) Min Med Max cv
Air pollutant exposures®
Mean PM, . ng/m? 7.5(0.6) 5.9 7.5 9.1 10
Mean O, ppb 48.0 (3.1) 40.8 47.8 58.3 10
Toxic releases TPY 25.9(10.3) 0 30.7 32.8 40
Features of the built environment®
Tree cover % 6.3(3.1) 0.2 6.1 18.7 50
Impervious surface % 40.5(13.3) 0.3 42.5 82.4 30
AADT intensity Vehicles/d/km? 321,882 (414,204) 984 150,822 3,026,194 130
NPL sites n 0.6(1.3 0 0 10.3 230
Waste sites® n 0.1(0.4) 0 0 3.0 350
Major emitters* n 0(0.2) 0 0 1.0 440
Mines and wells n 5.9 (41.6) 0 0 933 710
Social determinants of health®
CVD hospitalizations n per 10,000 244 (45.2) 127.9 243.8 471.8 20
Respiratory hospitalizations n per 10,000 165.2 (33) 95.2 1641 319.8 20
Violent crimes n per 1,000 12.8 (6.3) 0.6 15.3 81.8 50
Property and nonviolent crimes n per 1,000 55.4 (36) 10.6 55.9 472.7 70
Persons of color® % 54.3(22.9) 2.7 54.6 93.7 40
Less than a high school diploma % 16.5 (12.7) 0 12.8 56.9 80
Unemployment % 9.7 (5) 1.8 8.7 27.5 50
Households with limited English % 8.3 (8.3 0 5.8 39.1 100
Households in poverty % 15.3(10.9) 0 13.9 79.0 70
Median income 2,014% 58,201 (27,022) 9,363 50,177 236,216 50
Exposure indices
ENV 32.2(9.4) 74 319 63.2 30
SOC 36.3(16.3) 2.8 36.0 75.0 40
CE 11.9(6.9) 0.4 10.9 45.7 60
SOC with race/ethnicity and income' - 37.5(17.0) 2.5 375 76.6 50
CE with race/ethnicity and income' - 12.2(7.0) 0.4 141 46.0 60

2Air pollutant exposures are based on 2-week averages assessed at the census tract centroid using OK. Exposures are then averaged for each pregnancy based on the estimated conception date and the

delivery date.

"Built environment characteristics and social determinants of health are based on long-term averages (2010-2014) at the census tract centroid.

“Includes landfills, wastewater treatment plants, and composting facilities.
“Industrial facilities emitting >100 tons per year of any criteria air pollutant.
Defined as persons that identified a race or ethnicity other than NHW alone.
The metrics, used in sensitivity analyses, include the percentage of persons of color in the population and the inverse median income.
AADT indicates annual average daily traffic; CVD, cardiovascular disease; NPL, National Priorities List (superfund sites); ppb, parts per billion; TPY, tons per year.

6


http://links.lww.com/EE/A36
http://links.lww.com/EE/A36
http://links.lww.com/EE/A36

Martenies et al Environmental Epidemiology (year) XX:XX e Environmental Epidemiology (2019) 3:e043

www.environmentalepidemiology.com

Maternal Education

Maternal Education

Maternal Education

ENV socC CE
601 o . . i * o] : : .
l 60 - |
- L hd
40 I I 5 A ‘
I | T
2 -
1 — — o ’#
204 201 J
| - T T[T |
. . ; " . 0 : ; ; : ; 0+ — - . . .
& @ & 2 & & & 2 @ @ &
o & 8 S & qgav? S & qg:\?? 8
— N @ \\Q, G k) Q\ .-\\‘g.v & ) QN & Q‘Q‘: @ Q
S S AP R o & L & @& 2 & &
AL & & & i S & & S B e & ¥
& i\ & & N & & N I
% o © & e e o o
=}
= Maternal Race/Ethnicity Maternal Race/Ethnicity Maternal Race/Ethnicity
ENV S0C CE
| ™ ) L ] L]
60 H . P — . =
60+
304
40
40 i
20+ 20+ | | 104
. . 2 , 0 . : . . 0- = : = :
2 < 2 & 2 3 ) & 2 x 2 X
& x® & o & ol & o & Nl & o
\?\ & Q&(\ ¥ \?‘0 & \‘\‘0 & \?\-‘ & _&gﬁ\ &

Figure 4. Box plots of ENV, SOC, and CE by maternal race/ethnicity and educational attainment. Includes all mothers with exposure, outcome, and covariate

data (n = 897). AA, associate's degree; HS, high school.

correlated (Pearson’s R = 0.12), whereas CE was moderately
correlated with ENV (R = 0.60) and highly correlated with SOC
(R=0.83).

In the supplemental analysis, we found that mothers of color
or mothers with lower educational attainment had statistically
significantly higher odds of living in a census tract with SOC
and CE scores above the 75th percentile relative to NHW moth-
ers or mothers with graduate degrees (eTable 6; http:/links.
lww.com/EE/A36). These results are discussed further in the
Supplemental Content; http://links.lww.com/EE/A36.

Differences in exposure index values were observed based on
race/ethnicity and educational attainment (Figure 4 and eTable
2; http://links.lww.com/EE/A36). Mean ENV scores were higher
for mothers with advanced degrees compared with mothers with
lower educational attainment (Tukey’s P < 0.05). In general,
mothers with higher educational attainment tended to have
higher average PM, ; and O, exposures across their pregnancies,
resulting in higher ENV scores overall (eFigure 2; http://links.
Ilww.com/EE/A36). In contrast, SOC and CE scores tended to be
higher for mothers with lower socioeconomic status. Mean SOC
scores were significantly higher for Latina and African American
mothers relative to NHW mothers (all P values < 0.05) and for
mothers with lower educational attainment compared with
mothers with an advanced degree (all P values < 0.05). Similar
patterns were observed for differences in mean CE scores by
race/ethnicity and educational attainment.

Associations between environmental exposure index,
social exposure index, or combined exposure and neonatal
size and body composition

Prenatal SOC and CE indices were associated with decreased
birth weight and percent fat mass (Table 4). After controlling

for gestational age (weeks), the season of birth, infant sex, gra-
vidity, prepregnancy BMI, any smoking during pregnancy, and

race/ethnicity, a 10 unit increase in SOC was associated with a
27.4¢ (95% CI = 12.4, 42.9g) decrease in birth weight. There
were also small associations observed between SOC and percent
fat mass; after adjusting for covariates, a 10 unit increase was
associated with a 0.3 (95% CI = 0.1, 0.4) percentage point de-
crease in percent fat mass. Associations between CE and birth
weight and percent fat mass were stronger than for SOC alone.
After controlling for gestational age (weeks), the season of birth,
infant sex, gravidity, maternal age, average EPDS score across
pregnancy, prepregnancy BMI, any smoking during pregnancy,
race/ethnicity, and education, a 10 unit increase in CE was as-
sociated with a 56.3g (95% CI = 19.4, 93.2g) decrease in birth
weight and a 0.6 (95% CI = 0.2, 1.0) percentage point decrease
in percent fat mass. No associations were observed for ENV
and any of the outcomes or for any exposure index and WFL
z-scores.

Single index models using the SOC and CE that included the
proportion of the census tract population that identified as per-
sons of color and the median income of the census tract pro-
duced similar results (eTable 3; http://links.lww.com/EE/A36).

In co-pollutant models, only SOC was a significant predictor
of birth weight and percent fat mass. After adjusting for ges-
tational age, infant sex, gravidity, smoking and SHS exposure
during pregnancy, the season of birth, race/ethnicity, days be-
tween delivery and PEA POD measurements (percent fat mass
model only), and ENV scores, a 10 unit increase in SOC was
associated with a 20.9g (95% CI = 6.1, 35.8 g) decrease in birth
weight and a 0.2 (95% CI = 0.1, 0.4) percentage point decrease
in percent fat mass, respectively.

The stratified analysis based on ENV and SOC tertiles
showed that the associations described in Table 4 were driven
by exposures in the highest combined ENV and SOC tertiles
(eTable 4; http://links.lww.com/EE/A36). Babies born to moth-
ers with SOC scores in the highest tertile and ENV scores in
the middle and highest tertiles had significant decreases in birth
weight and percent fat mass relative to babies born to mothers
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Associations (95% CIl) between exposure indices and birth outcomes.?

Outcome Model n ENV S0C CE

Birth weight (g) Crude 897 -13.3(-50.0, 23.3) -38.3(-59.3,-17.3) -81.4(-131.9,-30.9)
Adjusted® 897 -13.4 (-40.8, 14) -23.9 (-40.3,-7.4) -53.9 (-91.6, -16.3)
Reduced® 897 - —27.7(-42.9,-12.4) -56.3 (-93.2, -19.4)

Adiposity (%) Crude 780 -0.1(-0.3,0.2) -0.2(-0.3,0.0) -0.4(-0.8,0.0)
Adjusted® 780 -0.1(-0.4,0.2) -0.2 (-0.4,-0.1) -0.6(-1,-0.2)
Reduced? 780 -0.3(-0.4,-0.1) -0.6(-1,-0.2)

WFL z-score Crude 770 0.0 (-0.1,0.1) 0.0 (0.0,0.1) 0.0 (-0.1,0.1)
Adjusted® 770 0.0(-0.1,0.1) 0.0(-0.1,0) 0.0(-0.1,0.1)
Reduced® 770 - -

Effect estimates (and 95% Cls) are reported for a 10-unit increase in ENV, SOC, and CE. Covariate selection in the reduced models was based on stepwise AIC methods.

AWhen the AIC method did not select the index as a predictor that improved model fit (as was the case for ENV), we did not include a result in the table.

"Adjusted for gestational age (weeks), infant sex, season of delivery (categorical, winter as reference group), maternal age at delivery, average CPSS score across pregnancy, average EPDS score across
pregnancy, maternal prepregnancy BMI, gravidity, self-reported smoking during pregnancy, SHS exposure during pregnancy, maternal race/ethnicity (NHW reference), maternal education (graduate/
professional reference), and number of days between delivery and air displacement plethysmography (PEA POD) measurements.

Stepwise AIC did not select ENV as a predictor. SOC model adjusted for gestational age (weeks), infant sex, birth season, gravidity, prepregnancy BMI, any smoking during pregnancy, exposure to SHS
during pregnancy, and Black race. CE model adjusted for gestational age (weeks), infant sex, birth season, gravidity, prepregnancy BMI, any smoking during pregnancy, exposure to SHS during pregnancy,

and Latina and Black race.

“Stepwise AIC did not select ENV as a predictor. SOC model adjusts for gestational age (weeks), infant sex, number of days between delivery and PEA POD measurement, birth season, gravidity, maternal
age, prepregnancy BMI, any smoking during pregnancy, and education <4-year degree. CE model adjusts for gestational age (weeks), infant sex, number of days between delivery and PEA POD
measurement, gravidity, maternal age, average EPDS score across pregnancy, prepregnancy BMI, any smoking during pregnancy, Latina and other race, and education <4-year degree.

®None of the stepwise AIC models selected the index as a predictor of WFL z-score.

in the lowest exposure tertiles. No other significant associations
were observed for mothers with other exposure categories.

Results of the sensitivity analysis exploring different spec-
ifications for models predicting birth weight or adiposity are
summarized in eTable 5; http:/links.lww.com/EE/A36. When
investigating the main effect for ENV and SOC, including ei-
ther CE or the statistical interaction term ENV x SOC did not
change the coefficient for the main effects.

Discussion

Our results support the growing body of evidence that neigh-
borhood-level factors are associated with neonatal size and
body composition. After controlling for individual-level charac-
teristics, we found that mothers who had higher index values for
social determinants of health had babies with significantly lower
birth weights and lower percent fat mass. We also found that
average reductions in birth weights and in percent fat mass were
even greater when we considered CEs to environmental hazards
and social determinants of health. Though there are few studies
looking at combined neighborhood-level environmental and so-
cial exposures on neonatal outcomes,’® our results align with
other studies suggest high levels of environmental exposures or
social disadvantage are associated with LBW.20-23

Our findings that SOC and CE values were higher on average
for mothers of color and mothers with lower educational attain-
ment were consistent with other studies on cumulative impacts
among environmental justice communities.?***=° Contrary to
our results, however, a study in California found that the envi-
ronmental exposures were higher for census tracts with higher
degrees of social disadvantage (measured using the proportion
of nonwhite residents).*” In our study, lower educational attain-
ment was associated with lower ENV scores (Figure 3). This
result was likely partially because of the study area boundar-
ies, and partially because of the distribution of highly educated
populations living near the Urban Center of Denver, where
traffic exposures and PM, ; concentrations tend to be highest.
Similar patterns of higher environmental exposures for higher
SES neighborhoods have been reported for New York City.*%¢0

A small number of studies have assessed effect modification by
neighborhood-level SES or deprivation on the association between
air pollution and birth weight. For example, social deprivation
scores were found to modify the relationship between nitrogen
dioxide and birth weight, with the strongest negative associations

for low and high deprivation areas.*® In California, decreases in
birth weight associated with air pollutant exposures were sig-
nificantly greater in neighborhoods with poverty rates >22%
compared with neighborhoods with poverty rates <7%.'® Taken
with the broader literature, our results suggest there are neigh-
borhood-level effects on neonatal size and body composition that
persist even after controlling for individual-level covariates.

We did not observe any associations between any of the indices
and WFL z-scores. Although WFL z-scores are the recommended
metric for tracking body composition in early childhood (0-2
years),'? a recent study using data from the Healthy Start cohort
found that WFL z-scores measured at birth are more strongly cor-
related with fat-free (lean) mass rather than fat mass, as measured
by air displacement plethysmography.®! Given the observed neg-
ative associations between the exposure indices and birth weight
and percent fat mass, it is likely that these exposures acted on fat
mass rather than lean mass to decrease overall birth weight. This
finding is consistent with other reports on the effects of prenatal
exposures on body composition in the Healthy Start cohort. For
example, both higher prenatal perfluoroalkyl and polyfluoroalkyl
substances exposures and later-pregnancy maternal blood pres-
sure increases have been shown to be associated with decreased
adiposity.®> % Reduced adiposity at birth may contribute to long-
term health risks risk by contributing to rapid “catch up” growth
associated with obesity and metabolic disease later in life.* Future
follow-up of the Healthy Start cohort will help clarify the long-
term effects of decreased neonate adiposity on health.

Our results also suggest there is a potential multiplier or synergistic
effect, where moderate to high exposures to both environmental
hazards and social determinants of health are worse than exposures
in either domain. We did not observe associations between ENV
scores and any outcomes; however, these exposures influenced birth
weight and percent fat mass when included in the CE score despite
being relatively low with flat gradients across the region. Evidence
of a synergistic effect for ENV and SOC on lower birth weight and
percent fat mass in this study suggested that lower environmental
exposures, for example, PM, | exposures below national standards,
may still be important for neonatal outcomes depending on other
contextual factors. Future work should apply statistical methods
for assessing the health effects of mixtures, for example, Bayesian
Kernel Machine Regression, to identify factors driving these associ-
ations. The primary advantage of mixtures methods over traditional
multi-pollutant (or multi-exposure) models is that BMKR and other
techniques are equipped to handle potential model fit issues arising
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from highly correlated exposures and can identify important inter-
actions (or synergies) between individual exposures.®* ¢

Potential mechanisms through which CEs might result in
lower birth weights include additive or multiplicative effects
from multiple exposures (as discussed above) or increased ma-
ternal stress associated with lower quality environments. Poor
neighborhood-level conditions have been linked to higher
levels of stress,®® which is a risk factor for adverse birth out-
comes.®”"* Our analysis used CPSS” to measure self-reported
stress during three prenatal visits. However, the CPSS focuses
on individual-level experiences rather than neighborhood con-
text. Observed associations between higher CE scores and lower
birth weights may be attributable to maternal stress attributable
to neighborhood-level factors not measured by the CPSS.

There are some limitations that should be considered when
interpreting the results of this study. First, we elected to use the
CalEnviroScreen 3.0 model when developing the exposure in-
dices, which may limit comparability to previous studies. Other
constructs for CE indices exist, for example, the Environmental
Quality Index and the Neighborhood Deprivation Index.”"7
However, the CalEnviroScreen model included important popu-
lation-level indicators such as hospitalizations and allowed us to
include time-varying air pollutant exposures for each pregnancy.
Second, air pollutant exposure assessment relied on area moni-
toring data, which may not have fully captured the temporal and
spatial variability across the study area. Additionally, we used
total PM, ; as an indicator of exposure. There is evidence that spe-
cific components of PM,  such as elemental carbon may be more
strongly tied to outcomes than total PM, ..”* Similar to other chil-
dren’s health studies,”* our exposures were based on residential
location and averaged over the duration of the pregnancy, which
does not account for time-activity patterns. Third, complete resi-
dential histories were not available for Healthy Start participants,
and exposures are based only on the address at enrollment. Fourth,
some potentially important environmental quality indicators, for
example, water quality were omitted from the ENV and CE. The
selection of environmental quality indicators was informed by pre-
vious methods®® but limited by data availability in the area. Fifth,
the ENV and CE included indicators that are more relevant to
the study region (e.g., oil and gas wells) that may not be appli-
cable to other locations in the United States or elsewhere. Lastly,
spatial and temporal resolutions in indicator data were limited by
what was publicly available. For example, ACS data are available
at smaller spatial scales (e.g., census tracts) only for 5-year average
periods” and NEI data are collected every 3 years. There may be
important temporal variabilities in ENV and SOC exposures not
accounted for in our analysis. Despite these limitations, our results
demonstrate the potential for neighborhood-level environmental
and social exposures to affect the neonatal size and body compo-
sition and suggest more research using improved exposure assess-
ment is needed to better confirm these findings.

Conclusions

We found CE to environmental hazards and social determinants
of health were associated with neonatal size and body compo-
sition measured at birth. We also found that associations were
stronger for these CEs than with just environmental exposures
or social exposures alone. Our results emphasize the need to
consider a total environmental and social exposure framework
when investigating risk factors for perinatal outcomes that may
influence childhood growth and development.
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