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Abstract 

Hypertensive disorders of pregnancy (HDP) are a leading cause of maternal and perinatal morbidity, yet modifiable environmental 
risk factors remain poorly characterized. Prior studies typically have only examined a limited number of exposures and have rarely 
distinguished HDP subtypes (ie, gestational hypertension, preeclampsia, eclampsia, and chronic hypertension with or without super
imposed preeclampsia) or accounted for residential mobility during pregnancy. To address these gaps, we conducted a spatial and 
contextual exposome study of HDP using linked electronic health records (EHR) and vital statistics data in Florida. We analyzed 686 
412 singleton pregnancies conceived between 2013 and 2018, using computable phenotyping to distinguish HDP subtypes. A total of 
245 spatial and contextual exposome measures spanning natural, built, and social environments were linked to residential histories 
from conception through gestational week 19. Using a two-phase double machine learning (DML) framework with exposure-specific, 
directed acyclic graph-guided confounder adjustment, we conducted discovery and replication analyses, followed by multi- 
treatment DML to estimate effect sizes. In Phase 1, 26 exposome measures replicated for gestational hypertension and 34 for overall 
HDP. In Phase 2, 12 measures remained associated with gestational hypertension and 11 with overall HDP, including air toxicants, 
meteorological factors, ultraviolet radiation, neighborhood crime indicators, environmental noise, and proximity to coastline. 
No exposures passed multiple-comparison thresholds for preeclampsia or eclampsia. These findings demonstrate that the 
spatial and contextual exposome contributes to HDP in a subtype-specific manner. Integrating EHR-linked phenotyping, residential 
mobility, and causal machine-learning methods offers a scalable framework for identifying environmental factors relevant to 
HDP prevention.

Key words: exposome; spatial; causal machine learning; hypertensive disorders of pregnancy; gestational hypertension; preeclamp
sia; eclampsia. 

Introduction
Hypertensive disorders of pregnancy (HDP), including gestational 
hypertension, preeclampsia, eclampsia, and chronic hyperten
sion with or without superimposed preeclampsia, are among the 
most common medical complications of pregnancy and contrib
ute substantially to maternal and perinatal morbidity and mor
tality worldwide.1-8 Women with HDP face elevated risks of 
adverse pregnancy outcomes such as preterm birth,9 fetal 
growth restriction,10 and perinatal death,11,12 as well as in
creased long-term risk of cardiovascular disease (CVD) later in 
life.13-17 Given the burden of HDP in many populations and the 
limited number of effective preventive strategies, identification 
of modifiable risk factors beyond known clinical and behavioral 
characteristics is needed in order to inform primary prevention 
and risk stratification in clinical practice. Emerging evidence 

points to an important role of broader spatial and contextual en

vironmental factors in identifying risk of HDP, with large geo

graphic disparities in HDP incidence suggesting that where 

women live may be a key determinant of disease risk.18,19

A growing body of work has evaluated specific environmental 

factors in relation to HDP, including ambient air pollution,20

heavy metals,21 temperatures,22,23 neighborhood deprivation,24

crime,25 walkability,26 green space,27 and food access.28 These 

studies have provided important evidence that spatial and con

textual factors contribute to HDP risk, but have generally focused 

on a limited number of preselected exposures independently, 

without considering the broader “exposome”—the totality of 

non-genetic exposures across the life course.29 The spatial and 

contextual exposome, which encompasses features of the natu

ral, built, and social environments that can be assessed from 
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preexisting spatial and contextual data linked to individuals,30,31

offers a powerful framework for identifying novel environmental 
determinants of HDP at scale.

Our prior work has demonstrated the feasibility of conducting 
large-scale external exposome-wide association studies (ExWAS) 
for HDP using statewide birth records data,32 incorporating hun
dreds of spatially and temporally resolved exposure variables 
and agnostic screening strategies. However, our study and others 
investigating this question have treated HDP as a composite out
come, combining gestational hypertension and preeclampsia- 
eclampsia, and did not distinguish between specific HDP 
subtypes and severity. HDP with different subtypes and severity 
(eg, gestational hypertension Versus severe preeclampsia) may 
reflect distinct underlying pathophysiological processe.33,34 For 
example, some studies suggest that certain environmental expo
sures, such as air pollution, may be more strongly associated 
with milder forms of preeclampsia than with severe disease.35,36

Aggregating all HDP into a single composite outcome may there
fore obscure important subtype-specific associations and limit 
our ability to identify high-risk women and tailor prevention 
strategies. Yet, due in part to limitations of commonly used data 
sources such as birth records and administrative claims—which 
often lack detailed clinical information—most environmental 
studies have not been able to differentiate HDP subtypes 
and severity.

Another key methodological challenge is how to accurately 
characterize residential exposures during pregnancy. Most 
population-based studies rely on a single residential address at 
delivery to assign environmental exposures, implicitly assuming 
that women remain at the same location throughout pregnancy. 
However, several studies have shown that ignoring residential 
mobility during pregnancy can result in exposure measurement 
error and subsequently biased effect estimates.37-39 Leveraging 
data sources that include detailed residential histories, such as 
electronic health records (EHR), is therefore critical to improve 
exposure assessment and reduce measurement error in studies 
of environmental determinants of HDP.

Beyond exposure assessment, there are important analytic 
limitations in current exposome literature. ExWAS approaches 
typically rely on high-dimensional yet essentially conventional 
regression models, applied exposure-by-exposure, with a com
mon set of covariates assumed to adequately control confound
ing for all exposures under study.30 Adjusting for a single 
uniform confounder set across diverse environmental exposures 
may be problematic because different exposures arise from dis
tinct causal pathways and may therefore have different con
founding structures. For example, air pollution is strongly 
influenced by traffic density and meteorology,40 whereas green 
space is largely shaped by neighborhood and land-use context.41

Although both exposures may relate to health outcomes, the up
stream determinants and potential confounders differ. Directed 
acyclic graphs (DAGs) provide a formal framework to represent 
hypothesized causal relationships and identify minimally suffi
cient adjustment sets tailored to each exposure, thereby reducing 
the risk of residual confounding or over-adjustment.42 However, 
even with DAG-informed confounder selection, modeling the 
complex, high-dimensional, and correlated nature of exposome 
data remains challenging. Traditional causal approaches, includ
ing parametric g-computation and propensity score-based meth
ods, rely on correct model specification and may not perform 
well in settings characterized by high dimensionality, multicolli
nearity, and nonlinear relationships.43-45 Double machine learn
ing (DML) offers an attractive alternative: by combining flexible 

machine-learning algorithms for nuisance prediction with or
thogonalized estimation of exposure effects, DML can accommo
date high-dimensional confounding, complex functional forms, 
and correlated exposures while preserving valid statistical infer
ence under appropriate assumptions.46,47 Yet, to our knowledge, 
formal DML-based causal inference has not been applied in the 
context of the spatial and contextual exposome or used to inves
tigate HDP outcomes.

In this study, we address the aforementioned limitations by 
leveraging a large statewide linked EHR-vital statistics birth and 
fetal death records dataset from Florida, with detailed clinical 
information from EHR to distinguish HDP subtypes. We then 
reconstructed residential histories during pregnancy to assign 
time-resolved exposures across multiple address records. We de
fine confounder sets tailored to different classes of spatial and 
contextual factors using exposure-specific causal diagrams and 
apply a DML framework to estimate associations between these 
exposures and HDP outcomes while flexibly adjusting for high- 
dimensional covariates. By integrating rich environmental data, 
granular HDP phenotyping, residential mobility, and modern 
causal machine-learning methods, this DML-based analysis aims 
to provide a more nuanced understanding of how the spatial and 
contextual exposome contributes to the development of specific 
HDP subtypes, and to identify potential targets for prevention 
and policy interventions.

Methods
Study population
We carried out a retrospective cohort study using a statewide 
dataset in Florida, USA that linked EHR with vital statistics birth 
and fetal death records. Data sources included the 2013–2019 
Florida Vital Statistics Birth Records (VSBR) and Vital Statistics 
Fetal Death Records (VSFDR), obtained from the Bureau of Vital 
Statistics at the Florida Department of Health (http://www.flori 
dahealth.gov/certificates/), as well as EHR data from the 
OneFloridaþ Clinical Research Network.48 Record linkage was 
completed through a privacy-preserving system (Datavant) based 
on hashed personal identifiers, including name, date of birth, 
sex, and 5-digit ZIP code. Because maternal last names may 
change over time, we performed separate linkage procedures us
ing both maiden names and surnames recorded at delivery as 
recorded in the VSBR/VSFDR. Estimated conception date was cal
culated primarily from delivery date and gestational age; when 
gestational age was missing, we used the reported last menstrual 
period to estimate conception. The initial linked dataset included 
802 955 pregnancies with conception dates between January 1, 
2013, and December 31, 2018. We then excluded multifetal preg
nancies (n¼ 24 688), given their higher risk of HDP compared 
with singleton pregnancies,49 and records with implausible ges
tational ages (<20 or >45 weeks; n¼ 344), resulting in a sample of 
777 923 pregnancies. Consistent with prior studies of environ
mental exposures and HDP, as we focused on exposure to spatial 
and contextual factors from conception through the end of gesta
tional week 19, we excluded pregnancies with chronic hyperten
sion (with or without superimposed preeclampsia, n¼ 86 362) 
and those classified as unspecified HDP (n¼ 5149). A total of 686 
412 pregnancies were included in the analyses.

Assessment of HDP subtypes
We identified hypertensive disorders of pregnancy (HDP) sub
types using data from both the EHR and the VSBR/VSFDR, draw
ing on diagnostic codes, blood pressure measurements, 
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antihypertensive medication records, and relevant laboratory 
findings. The HDP subtypes examined included chronic hyper
tension, gestational hypertension, mild and severe preeclampsia, 
eclampsia, superimposed preeclampsia on chronic hypertension, 
and unspecified HDP. The ICD-9-CM and ICD-10-CM codes used 
to define these conditions in the EHR are listed in Table S1
Proteinuria was ascertained from urine and serum laboratory 
results obtained between 20 weeks’ gestation and delivery, using 
LOINC codes and threshold values summarized in Table S2 Use 
of antihypertensive medications was identified through RxNorm 
Concept Unique Identifiers (RxCUIs) established in prior work.50

The final rule-based phenotyping algorithm, shown in Table S3, 
was adapted from a recently developed approach that integrates 
information from both EHR and VSBR/VSFDR sources.51

Assessment of the spatial and contextual 
exposome
To assess the spatial and contextual exposome for each preg
nancy from conception through the end of gestational week 19, 
we assembled a broad set of environmental factors characteriz
ing the natural, built, and social environment from multiple pub
licly available data sources (Table 1). Residential histories were 
derived from EHR address history records captured during clini
cal encounters. Although address records include start and end 
dates, these dates may not always represent true move-in and 
move-out dates (eg, when the move-in date is unknown, the EHR 
defaults the start date to the record creation date in the source 
system). We then spatiotemporally linked geocoded residential 
histories to exposome measures using circular buffers of 270-m 
(for all exposome measures) and 1230-m (additionally for green 
space, noise, and light at night) around each address. The 270-m 
buffer approximates the immediate residential environment, 
while the 1230-m buffer represents a walkable neighborhood 
area and was additionally applied to green space, noise, and 
nighttime light to capture accessible environmental context.52

Exposures were summarized within each buffer and combined 
across residential locations using area- and time-weighted aver
ages over the spatiotemporal exposure window. Table 1 shows a 
summary of the spatial and contextual exposome data sources. 
A total of 315 spatial and contextual exposome measures from 
16 data sources covering 12 exposure classes were generated.

Natural environment
We obtained daily census tract-level ambient concentrations of 
fine particulate matter (PM2.5) and ozone (O3) from the U.S. 
Environmental Protection Agency (USEPA) Fused Air Quality 
Surface Using Downscaling (FAQSD) files.53 These estimates were 
generated using a Bayesian space-time downscaler that integra
tes 12-km gridded estimates from the Models-3/Community 
Multiscale Air Quality (CMAQ) model with daily monitoring data 
for O3 and PM2.5 from the National Air Monitoring Stations and 
State and Local Air Monitoring Stations (NAMS/SLAMS).54 To 
characterizePM2.5 chemical composition, we included biweekly 
estimates of key PM2.5 constituents—sulfate (SO2�

4 ), ammonium 
(NHþ4 ), nitrate (NO�3 ), organic matter (OM), black carbon (BC), 
mineral dust (DUST), and sea-salt (SS)—as well as the contribu
tion from biomass burning. These measures were obtained from 
the Atmospheric Composition Analysis Group (Washington 
University in St Louis) at a 0.01� longitude/latitude spatial resolu
tion for 2013-2019.55 Measures of air toxicants were derived from 
AirToxScreen, previously known as the National Air Toxics 
Assessment (NATA), which was developed using a national 
emissions inventory of outdoor sources of air toxics.56 Census 

tract-level exposure estimates of 175 air toxicants available for 
2014, 2018, and 2019 were obtained, and log-linear interpolations 
were performed to derive estimates in 2013 and 2015-2017. Daily 
meteorological measures were obtained from the PRISM Climate 
Group (Oregon State University) at 800-m spatial resolution 
for 2013-2019.57 Daily heat index was then derived using daily 
mean temperature and relative humidity.58 Measures on ultravi
olet radiation were obtained from the Tropospheric Emission 
Monitoring Internet Service (TEMIS; European Space Agency) at 
0.25� spatial resolution during 2013–2019. Proximity to blue space 
was quantified using the National Hydrography Dataset Plus 
Version 2 (U.S. Geological Survey).59 Proximity to five different 
surface water features (ie, flowlines, waterbodies, areal or costal 
water, coastline, or any surface water features) were calculated.

Built environment
We assessed green space using the Normalized Difference 
Vegetation Index (NDVI), which was derived from MODIS/Terra 
and MODIS/Aqua satellite products at 250-m resolution.60 The 
satellite data were processed by mosaicking tiles to a common 
grid covering Florida and applying quality and pixel reliability 
flags. Terra and Aqua time series were bias-corrected, blended to 
an effective 8-day temporal resolution, and short gaps (≤32 days) 
were linearly interpolated. Walkability was assessed using the 
USEPA National Walkability Index at the Census block group 
level.61 This index is a cross-sectional measure ranging from 1 to 
20, with higher values reflecting greater walkability. We obtained 
tract-level indicators of food access from the US Department of 
Agriculture (USDA) Food Access Research Atlas for 2010, 2015, 
and 2019,62 and linear interpolation was performed to construct 
measures in gap years. Vacant land was characterized using the 
aggregated U.S. Postal Service address vacancy data from the US 
Department of Housing and Urban Development (USHUD), which 
provide tract-level vacancy indicators at a quarterly (3-month) 
temporal resolution.63 These measures capture residential and 
business address vacancies and have been used as proxies for 
neighborhood disinvestment and physical disorder. We assessed 
road proximity using TIGER/Line road network data from the U.S. 
Census Bureau. Distances from addresses to four categories of 
major road classes were calculated, including A1 roads (ie, pri
mary highways with limited access), A2 roads (ie, primary roads 
without limited access), A3 roads (ie, secondary and connecting 
roads), and any of the A1, A2, or A3 roads. Noise exposure was 
assessed using ambient sound pressure levels derived by the 
National Park Service Natural Sounds and Night Skies Division, 
which provide modeled sound-level estimates at 270-m resolu
tion,64,65 including three A-weighted median (L50) sound pres
sure level metrics: existing conditions (representing the sound 
level from all natural and anthropogenic sources), natural condi
tions (representing the level expected in the absence of human- 
generated noise), and impact conditions (the difference between 
existing and natural conditions, capturing the incremental con
tribution of anthropogenic noise). Light at night was quantified 
using annual nighttime lights products from the Visible Infrared 
Imaging Radiometer Suite (VIIRS) Version 2 (NASA) at approxi
mately 15-second spatial resolution.66

Social environment
Neighborhood socioeconomic status (SES) was assessed using the 
Neighborhood Deprivation Index (NDI),67 a validated measure de
rived from American Community Survey 5-year estimates at the 
Census block group level for 2011-2021. The NDI integrates mul
tiple indicators of socioeconomic conditions, including poverty, 
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occupation, housing, employment, education, racial composi
tion, and residential stability, into a single standardized score, 
with higher values indicating more deprived neighborhoods. For 
each ACS 5-year file, we used the midpoint year of the reporting 
period as the index year (eg, 2013-2017 ACS assigned to 2015) 
when linking NDI to pregnancies. Social capital was assessed us
ing contextual measures constructed from the Census Business 
Patterns data at the 5-digit ZIP Code Tabulation Area (ZCTA) level 
for 2013-2019. We used North American Industry Classification 
System (NAICS) codes to derive densities of organizations such as 
religious, civic, recreational, business, and professional groups, 
and aggregated them into ten social capital indicators.68 Crime 
and safety were represented by eight annual county-level crime 
measures from the Federal Bureau of Investigation Uniform 
Crime Reporting Program (2013-2019), including overall crime 
and specific categories such as violent and property crimes.69

Covariates
We considered a range of covariates derived from both the EHR 
and VSBR/VSFDR data, including maternal age at delivery (<20, 
20-24, 25-29, 30-34, 35-39, and ≥40 years old), race/ethnicity 
(non-Hispanic White, non-Hispanic Black, Hispanic, Asian/Pacific 
Islander, and others), education level (< high school, high school 
or equivalent, and >high school), marital status at delivery 
(yes/no), pre-pregnancy BMI (underweight: <18.5 kg/m3, normal: 
18.5-24.9 kg/m3, overweight: 25-29.9 kg/m3, obese: ≥30 kg/m3), 

smoking during pregnancy (yes/no), timing of prenatal care initi
ation (no care, first trimester, second trimester, third trimester, 
or yes with unknown start date), insurance type (Medicaid, pri
vate insurance, self-pay, and others), participation in the US 
Department of Agriculture’s Women, Infants, and Children pro
gram (WIC; yes/no), pre-pregnancy depression (yes/no), parity 
(nulliparous/non-nulliparous), and month/year of conception. 
Number of residential moves (determined from residential histo
ries) and urbanicity (determined by linking residential histories 
to 2010 Census urban area classifications, with urbanized areas 
and urban clusters classified as urban and all other areas classi
fied as rural) from conception through gestational week 19 were 
further considered in sensitivity analyses.

Statistical analyses
Maternal sociodemographic, behavioral, and clinical characteris
tics by HDP subtype were described. All continuous spatial and 
contextual exposome measures were standardized (ie, mean¼ 0 
and standard deviation¼1). We further removed (1) 49 spatial 
and contextual exposome measures with very low variability (de
fined as having unique values representing <0.1% of the sample 
size, Table S4) because such sparse variation provides minimal 
exposure contrast and can yield unstable estimates and reduced 
statistical power in high-dimensional models, and (2) 21 meas
ures with absolute correlations> 0.99 with another measure 
(Table S5). A total of 245 exposome measures were included in 

Table 1. Summary of spatial and contextual exposome measures.

Category Data source Time period Spatial scale Temporal scale Number of  
measures

Number of  
variablesa

PM2.5 and O3 Fused Air Quality Surface Using 
Downscaling Files, USEPA

2013-2019 Census tract 1-day 2 2

PM2.5 

compositions
Atmospheric Composition 

Analysis Group, WUSTL
2013-2019 0.01 degree in 

lon/lat
2-week 24 18

Air toxicants National Air Toxic Assessment/Air 
Toxics Screening, USEPA

2014, 2018, 2019 Census tract 1-year 175 119

Meteorology PRISM, Oregon State University 2013-2019 800m 1-day 9 8
Ultraviolet Tropospheric Emission Monitoring 

Internet Service, ESA
2013-2019 0.25 deg in lon/lat 1-day 4 1

Blue space National Hydrography Dataset 
Plus version 2, USGS

CS Vector CS 5 5

Green space MODIS/Terra and MODIS/Aqua 
Normalized Difference 
Vegetation Index, NASA

2013-2019 250m 16-day 2 2

Walkability Walkability Index, USEPA 2019 Census 
block group

Cross-sectional 1 1

Food access Food Access Research Atlas, USDA 2010, 2015, 2019 Census tract 1-year 44 42
Noise Natural Sounds and Night Skies 

Division, US NPS
CS 270m CS 6 5

Land vacancy Aggregated USPS Administrative 
Data on Address 
Vacancies, USHUD

2013-2019 Census tract 3-month 19 18

Road proximity TIGERLine, US Census Bureau 2013-2019 Vector 1-year 3 3
Light at night Visible Infrared Imaging Radiometer 

Suite version 2, NASA
2013-2019 15 second in 

lon/lat
1-year 2 2

Neighborhood 
deprivation

American Community Survey, US 
Census Bureau

2011-2021 Census 
block group

5-year 1 1

Social capital Census Business Pattern, US 
Census Bureau

2013-2019 ZCTA5 1-year 10 10

Crime and safety Uniform Crime Reporting 
Program, FBI

2013-2019 County 1-year 8 8

aNumber of variables after removing 49 measures with number of unique values<0.1% of the total sample size and 21 measures with absolute 
correlations>0.99 with another measure.
Abbreviations: CS: Cross-sectional; ESA, European Space Agency; FBI, Federal Bureau of Investigation; MODIS, The Moderate Resolution Imaging 
Spectroradiometer; NASA, The National Aeronautics and Space Administration; NPS, National Park Service; USDA, United States Department of Agriculture; 
USEPA, United States Environmental Protection Agency; USGS, United States Geological Survey; USHUD, United States Department of Housing and Urban 
Development; WUSTL, Washington University at St Louis; ZCTA5, 5-digit ZIP Code Tabulation Areas.
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the analyses. Missing values in both exposures and covariates 
were addressed using multiple imputation by chained equations 
implemented in the mice package in R.70 Variables were included 
as predictors in the imputation models if, among individuals 
with missing values in the target variable, more than 40% had ob
served data on that predictor and it showed at least moderate as
sociation (jrj>0.4) with either the variable being imputed or the 
indicator of missingness. Because the overall proportion of miss
ing data was low and the cohort was large, we generated a single 
imputed dataset for the main analyses. We then used a two- 
phase DML framework to examine the relationships between the 
spatial and contextual exposome and HDP (overall and by sub
type). To guide the selection of confounders for each exposome 
measure, we specified a directed acyclic graph (DAG, see Figure 
S1 and Table S6) including all covariates and 12 exposure classes 
(ie, air pollution, climate, UV radiation, blue space, green space, 
walkability, food access, noise, land vacancy, road proximity, 
light at night, neighborhood deprivation, social capital, and crime 
and safety). Initial DAGs were independently drafted by two 
investigators based on prior literature and subject-matter knowl
edge, with discrepancies resolved through discussion and, when 
needed, consultation with a third investigator to achieve consen
sus. For each exposure class, we derived a minimal sufficient ad
justment set using the dagitty package in R and then expanded 
these nodes to concrete variables (baseline covariates and expo
sures from other classes) to serve as potential confounders.71

Figure 1 shows the flow chart summarizing the analysis pipeline.
In Phase 1, we split the analytic sample by year of conception 

into a discovery set (2013–2015 conceptions) and an independent 
replication set (2016-2018 conceptions to provide temporally in
dependent validation and to evaluate robustness across potential 
secular changes in environmental exposures and population 
characteristics. We implemented single-exposure DML using a 
logistic partially linear model for each exposure and each HDP 
outcome (individual HDP subtypes Versus normotensive preg
nancies, and overall HDP Versus normotensive pregnancies).72

For each exposome measure, we modeled individual HDP 
subtypes and overall HDP as the outcomes separately, and the 
DAG-selected variables (specific for each exposome measure) as 
high-dimensional confounders. Following the logistic partially 
linear DML framework,72 we combined: (1) a machine-learned 
model for the exposure given confounders, and (2) a machine- 
learned model for the outcome probability given confounders, 
into an orthogonal score to estimate an exposure log-odds ratio 
that is robust to small errors in nuisance estimation. Both nui
sance functions were fitted with gradient boosting (XGBoost)73

using separate hyperparameter grids for the exposure regression 
and outcome classification tuned with 3-fold cross-validation. 
We used 5-fold cross-fitting to obtain out-of-fold nuisance pre
dictions, and solved the orthogonal estimating equation for each 
exposure-outcome pair. Standard errors, 95% confidence inter
vals (CIs), and P-values were obtained using a multiplier boot
strap. Phase-1 screening was performed separately in the 
discovery and replication samples; we applied the Benjamini- 
Hochberg procedure to control the false discovery rate (FDR) 
across all exposure-outcome tests within each sample, and car
ried forward exposures that had FDR-adjusted P-values <0.05 in 
both discovery and replication and showed consistent directions 
of association.

In Phase 2, we used a multi-treatment DML extension to 
jointly estimate associations for the subset of replicated expo
sures from Phase 1.74 For each outcome, we constructed a multi- 
treatment design in which the selected standardized exposures 

entered as a vector of “treatments,” and a single DAG-based con
founder set was used to build the nuisance models. Similar to 
Phase 1, we then fit: (1) machine-learning models for all expo
sures given confounders, and (2) a classification model for HDP 
given confounders with XGBoost73 and separate hyperparameter 
grids tuned with 3-fold cross-validation. 5-fold cross-fitting was 
used to obtain out-of-fold nuisance predictions. The final effect 
estimates were obtained by fitting a logistic regression for the 
outcome including all residualized exposures simultaneously, 
with the logit of the nuisance propensity as an offset, yielding 
mutually adjusted odds ratios (ORs) and 95% CIs for each expo
sure in the multi-exposure setting. Sensitivity analyses were con
ducted to assess the robustness of our findings by additionally 
adjusting for potential confounders, including the number of res
idential moves and urbanicity. All statistical analyses were con
ducted in R version 4.4.2 (RStudio Team 2020). This study 
received approval from the institutional review boards at the 
Mass General Brigham (2021P002672), the Florida Department of 
Health (2019-106), and the University of Florida (IRB201902383).

Results
Table 2 presents maternal characteristics for the overall study 
population and according to HDP subtype. Among 686 412 single
ton pregnancies with conception dates between 2013 and 2018 in 
the linked Florida EHR-vital statistics birth and fetal death 
records dataset, 66 095 HDP cases were identified (9.6%). Of 
these, 41 865 were gestational hypertension (6.1%), 10 566 were 
mild preeclampsia (1.5%), 11 811 were severe preeclampsia 
(1.7%), and 1853 were eclampsia (0.3%). Compared with pregnan
cies without HDP, pregnancies affected by HDP were more likely 
to occur among women aged< 20 years (9.6% Versus 7.4%) or 
≥40 years (2.8% Versus 2.3%), and among non-Hispanic Black 
women (26.0% Versus 21.1%), while Hispanic women comprised 
a smaller proportion of HDP cases (30.2% Versus 36.7%). Women 
with HDP were also more likely to have pre-pregnancy obesity 
(34.6% Versus 21.8%) and to be covered by Medicaid (71.7% 
Versus 69.8%), and they were more often nulliparous (52.5% 
Versus 37.7%) and had a higher prevalence of pre-pregnancy 
depression (3.0% Versus 2.6%). Across HDP subtypes, severe pre
eclampsia and eclampsia showed the highest proportions of non- 
Hispanic Black women (31.1% and 35.5%, respectively) and were 
less likely to have prenatal care initiated in the first trimester 
(46.2% and 49.9%, respectively); eclampsia had the highest preva
lence of pre-pregnancy depression (7.3%). Table S7 shows the dis
tribution of spatial and contextual exposome measures included 
in the analyses, along with the percentage of missing values for 
each measure.

Volcano plots shown in Figures 2 and 3 summarize the Phase 
1 results based on the discovery and replication sets, respec
tively. Tables S8–S12 present the estimated effect sizes for HDP 
subtypes and overall HDP in Phase 1. As shown in Table S8, 91 
and 65 exposome measures were significantly associated with 
gestational hypertension in the discovery and replication sets, re
spectively. After accounting for multiple comparisons, 26 meas
ures that remained significant in both sets were retained in 
Phase 2. Similarly, 34 exposome measures were significantly as
sociated with overall HDP in both the discovery and replication 
sets after multiple-comparison adjustment, as shown in Table 
S12 Although no exposome measures remained significant after 
multiple-comparison adjustment for mild preeclampsia (Table 
S9), severe preeclampsia (Table S10), or eclampsia (Table S11), 
three measures were significant for severe preeclampsia in both 
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sets (P< 0.05) (Table S10), including two measures negatively as
sociated with severe preeclampsia (ie, minimum relative humid
ity, natural A-weighted L50 sound pressure level), and arsenic 
compounds (inorganic including arsine), which are positively as
sociated with severe preeclampsia.

In Phase 2, the exposome measures retained from Phase 1 
were simultaneously included in a multi-treatment DML model 
after adjusting for confounders selected based on the DAG. 
Table 3 presents the adjusted odds ratios (ORs) for gestational hy
pertension per standard deviation increase in each exposome 
measure, along with 95% confidence intervals (CIs). Among the 
26 measures included in Phase 2, 12 remained significantly asso
ciated with gestational hypertension, spanning air toxicants 
(n¼ 5), blue space (n¼1), crime and safety (n¼2), meteorology 
(n¼ 3), and ultraviolet radiation (n¼ 1). Specifically, significant 
associations were observed for hydrogen fluoride (hydrofluoric 
acid) (OR: 0.99, 95% CI: 0.98, 1.00), methyl bromide (bromome
thane) (OR: 0.98, 95% CI: 0.98, 0.99), methyl isobutyl ketone (hex
one) (OR: 0.97, 95% CI: 0.95, 1.00), 2,2,4-trimethylpentane (OR: 
1.05, 95% CI: 1.03, 1.07), and catechol (OR: 1.03, 95% CI: 1.01, 
1.05). The blue space measure proximity to coastline was also 
positively associated with gestational hypertension (OR: 1.04, 
95% CI: 1.03, 1.05). For crime and safety, both burglary rate (OR: 

1.02, 95% CI: 1.00, 1.04) and forcible sex offenses rate (OR: 1.01, 
95% CI: 1.00, 1.02) were significantly associated with higher odds 
of gestational hypertension. Meteorological measures showing 
significant associations included maximum relative humidity 
(OR: 1.02, 95% CI: 1.01, 1.04), minimum relative humidity (OR: 
0.95, 95% CI: 0.93, 0.98), and maximum temperature (OR: 0.92, 
95% CI: 0.86, 1.00). Finally, a higher erythemal UV index was as
sociated with lower odds of gestational hypertension (OR: 0.94, 
95% CI: 0.90, 0.98).

Table 4 presents the Phase 2 results for overall HDP. Among 
the 34 measures included, 11 remained significantly associated 
with overall HDP in the multi-treatment DML model, including 7 
air toxicants, 1 blue space measure, 1 meteorology measure, 1 
noise measure, and 1 ultraviolet measure. Specifically, overall 
HDP was positively associated with the air toxicants selenium 
compounds (OR: 1.04, 95% CI: 1.03, 1.05), 2,2,4-trimethylpentane 
(OR: 1.04, 95% CI: 1.02, 1.06), and glycol ethers (OR: 1.03, 95% CI: 
1.00, 1.05), as well as the blue space measure proximity to coast
line (OR: 1.02, 95% CI: 1.02, 1.03) and the meteorology measure 
maximum relative humidity (OR: 1.02, 95% CI: 1.00, 1.03). Inverse 
associations were observed for the air toxicants hydrogen fluo
ride (hydrofluoric acid) (OR: 0.99, 95% CI: 0.98, 0.99), methyl bro
mide (bromomethane) (OR: 0.99, 95% CI: 0.98, 0.99), xylenes 

Figure 1. Flowchart of the analysis pipeline.
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Table 2. Maternal characteristics by overall HDP and HDP subtypes among singleton pregnancies with a conception date 2013-2018 in 
the EHR-vital statistics birth and fetal death records data in Florida (n¼ 686 412).

Characteristics Total  
(n¼686 412)

No HDP  
(n¼620 317)

Overall HDP  
(n¼66 095)

Gestational  
hypertension  
(n¼41 865)

Mild  
preeclampsia  
(n¼10 566)

Severe  
preeclampsia  
(n¼11 811)

Eclampsia  
(n¼1853)

Age
<20 52 436 (7.6) 46 067 (7.4) 6369 (9.6) 3619 (8.6) 1175 (11.1) 1341 (11.4) 234 (12.6)
20-24 189 340 (27.6) 170 754 (27.5) 18 586 (28.1) 11 344 (27.1) 3350 (31.7) 3365 (28.5) 527 (28.4)
25-29 207 324 (30.2) 188 648 (30.4) 18 676 (28.3) 12 221 (29.2) 2966 (28.1) 2988 (25.3) 501 (27.0)
30-34 150 287 (21.9) 136 609 (22.0) 13 678 (20.7) 9074 (21.7) 1933 (18.3) 2334 (19.8) 337 (18.2)
35-39 70 629 (10.3) 63 717 (10.3) 6912 (10.5) 4441 (10.6) 890 (8.4) 1382 (11.7) 199 (10.7)
≥40 16396 (2.4) 14522 (2.3) 1 874 (2.8) 1166 (2.8) 252 (2.4) 401 (3.4) 55 (3.0)

Race/ethnicity
Non-Hispanic White 255 252 (37.2) 229 121 (36.9) 26 131 (39.5) 17 932 (42.8) 4052 (38.3) 3579 (30.3) 568 (30.7)
Non-Hispanic Black 148 200 (21.6) 130 996 (21.1) 17 204 (26.0) 10 259 (24.5) 2613 (24.7) 3674 (31.1) 658 (35.5)
Hispanic 247 905 (36.1) 227 932 (36.7) 19 973 (30.2) 11 828 (28.3) 3503 (33.2) 4073 (34.5) 569 (30.7)
Asian/Pacific Islander 14 689 (2.1) 13 669 (2.2) 1020 (1.5) 695 (1.7) 123 (1.2) 187 (1.6) 15 (0.8)
Other 15 613 (2.3) 14 196 (2.3) 1417 (2.1) 959 (2.3) 204 (1.9) 227 (1.9) 27 (1.5)
Missing 4753 (0.7) 4403 (0.7) 350 (0.5) 192 (0.5) 71 (0.7) 71 (0.6) 16 (0.9)

Education
< High school 103 864 (15.1) 94 132 (15.2) 9732 (14.7) 5705 (13.6) 1686 (16.0) 1993 (16.9) 348 (18.8)
High school 

or equivalent
267 378 (39.0) 241 201 (38.9) 26 177 (39.6) 16 052 (38.3) 4519 (42.8) 4808 (40.7) 798 (43.1)

> High school 309 119 (45.0) 279 475 (45.1) 29 644 (44.9) 19 801 (47.3) 4266 (40.4) 4896 (41.5) 681 (36.8)
Missing 6051 (0.9) 5509 (0.9) 542 (0.8) 307 (0.7) 95 (0.9) 114 (1.0) 26 (1.4)

Marital Status
Not married 422 884 (61.6) 380 535 (61.3) 42 349 (64.1) 25 971 (62.0) 7323 (69.3) 7704 (65.2) 1351 (72.9)
Married 262 052 (38.2) 238 459 (38.4) 23 593 (35.7) 15 828 (37.8) 3236 (30.6) 4040 (34.2) 489 (26.4)
Missing 1476 (0.2) 1323 (0.2) 153 (0.2) 66 (0.2) 7 (0.1) 67 (0.6) 13 (0.7)

Pre-pregnancy BMI
Underweight (<18.5) 30 391 (4.4) 28 400 (4.6) 1991 (3.0) 1193 (2.8) 308 (2.9) 431 (3.6) 59 (3.2)
Normal (18.5-24.9) 283 276 (41.3) 262 955 (42.4) 20 321 (30.7) 12 730 (30.4) 3222 (30.5) 3832 (32.4) 537 (29.0)
Overweight (25.0-29.9) 174 038 (25.4) 157 626 (25.4) 16 412 (24.8) 10 488 (25.1) 2685 (25.4) 2836 (24.0) 403 (21.7)
Obese (≥30.0) 158 288 (23.1) 135 396 (21.8) 22 892 (34.6) 14 655 (35.0) 3782 (35.8) 3774 (32.0) 681 (36.8)
Missing 40 419 (5.9) 35 940 (5.8) 4479 (6.8) 2799 (6.7) 569 (5.4) 938 (7.9) 173 (9.3)

Smoking  
during pregnancy

No 636 272 (92.7) 574 702 (92.6) 61 570 (93.2) 38 877 (92.9) 9810 (92.8) 11 169 (94.6) 1714 (92.5)
Yes 45 884 (6.7) 41 807 (6.7) 4077 (6.2) 2705 (6.5) 702 (6.6) 546 (4.6) 124 (6.7)
Missing 4256 (0.6) 3808 (0.6) 448 (0.7) 283 (0.7) 54 (0.5) 96 (0.8) 15 (0.8)

Prenatal care began
No care 12 741 (1.9) 11 513 (1.9) 1228 (1.9) 685 (1.6) 130 (1.2) 351 (3.0) 62 (3.3)
First trimester 358 442 (52.2) 324 927 (52.4) 33 515 (50.7) 21 708 (51.9) 5426 (51.4) 5456 (46.2) 925 (49.9)
Second trimester 141 230 (20.6) 127 853 (20.6) 13 377 (20.2) 8449 (20.2) 2167 (20.5) 2352 (19.9) 409 (22.1)
Third trimester 38 377 (5.6) 34 900 (5.6) 3477 (5.3) 2368 (5.7) 494 (4.7) 532 (4.5) 83 (4.5)
Yes, no clear 

information
132 270 (19.3) 118 090 (19.0) 14 180 (21.5) 8473 (20.2) 2318 (21.9) 3036 (25.7) 353 (19.1)

Missing 3352 (0.5) 3034 (0.5) 318 (0.5) 182 (0.4) 31 (0.3) 84 (0.7) 21 (1.1)
Insurance type

Medicaid 480 167 (70.0) 432 794 (69.8) 47 373 (71.7) 29 083 (69.5) 8486 (80.3) 8256 (69.9) 1548 (83.5)
Private insurance 158 275 (23.1) 143 561 (23.1) 14 714 (22.3) 10 547 (25.2) 1570 (14.9) 2411 (20.4) 186 (10.0)
Self-pay 29 840 (4.3) 27 416 (4.4) 2424 (3.7) 1346 (3.2) 308 (2.9) 713 (6.0) 57 (3.1)
Others 11 798 (1.7) 10 775 (1.7) 1023 (1.5) 608 (1.5) 128 (1.2) 263 (2.2) 24 (1.3)
Missing 6332 (0.9) 5771 (0.9) 561 (0.8) 281 (0.7) 74 (0.7) 168 (1.4) 38 (2.1)

WIC
No 244 114 (35.6) 221 212 (35.7) 22 902 (34.7) 15 432 (36.9) 2927 (27.7) 4009 (33.9) 534 (28.8)
Yes 436 400 (63.6) 393 736 (63.5) 42 664 (64.5) 26 124 (62.4) 7565 (71.6) 7690 (65.1) 1285 (69.3)
Missing 5898 (0.9) 5369 (0.9) 529 (0.8) 309 (0.7) 74 (0.7) 112 (0.9) 34 (1.8)

Pre-pregnancy depression 18 031 (2.6) 16 058 (2.6) 1973 (3.0) 1235 (2.9) 304 (2.9) 299 (2.5) 135 (7.3)
Parity

Nulliparous 268 813 (39.2) 234 135 (37.7) 34 678 (52.5) 21 256 (50.8) 5617 (53.2) 6963 (59.0) 842 (45.4)
Non-nulliparous 415 524 (60.5) 384 359 (62.0) 31 165 (47.2) 20 451 (48.8) 4919 (46.6) 4791 (40.6) 1004 (54.2)
Missing 2075 (0.3) 1823 (0.3) 252 (0.4) 158 (0.4) 30 (0.3) 57 (0.5) 7 (0.4)

Number of residential 
moves (from concep
tion through gesta
tional week 19)

0 635 402 (92.6) 574 987 (92.7) 60 415 (91.4) 38 261 (91.4) 9778 (92.5) 10 704 (90.6) 1672 (90.2)
1 48 941 (7.1) 43 490 (7.0) 5451 (8.2) 3441 (8.2) 767 (7.3) 1066 (9.0) 177 (9.6)
2 2066 (0.3) 1838 (0.3) 228 (0.3) 160 (0.4) 22 (0.2) 42 (0.4) 4 (0.2)
3 3 (0.0) 2 (0.0) 1 (0.0) 1 (0.0) 0 (0.0) 0 (0.0) 0 (0.0)

(continued)
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(mixed isomers) (OR: 0.95, 95% CI: 0.92, 0.98), and 1,1,1-trichloro
ethane (OR: 0.97, 95% CI: 0.95, 0.99), as well as the noise measure 
natural A-weighted L50 sound pressure level (OR: 0.98, 95% CI: 
0.97, 0.99) and the ultraviolet measure erythemal UV index (OR: 
0.94, 95% CI: 0.91, 0.98).

Results from the sensitivity analyses (Tables S13 and S14) 
were largely consistent with the primary analyses after addi
tional adjustment for the number of residential moves and 
urbanicity. Minor differences were observed: methyl isobutyl 

ketone (primary P-value: 0.04; sensitivity P-value: 0.13) and maxi
mum temperature (primary P-value: 0.04; sensitivity P-value: 
0.22) were no longer statistically significant for gestational hyper
tension, and glycol ethers (primary P-value: 0.04; sensitivity P- 
value: 0.25) was no longer significant for overall HDP, although 
effect estimates remained similar. Conversely, several exposures 
that were not statistically significant in the primary analyses be
came significant in the sensitivity analyses, including hexane 
(primary P-value: 0.05; sensitivity P-value: 0.003), quinone 

Table 2. (continued)

Characteristics Total  
(n¼686 412)

No HDP  
(n¼620 317)

Overall HDP  
(n¼66 095)

Gestational  
hypertension  
(n¼41 865)

Mild  
preeclampsia  
(n¼10 566)

Severe  
preeclampsia  
(n¼11 811)

Eclampsia  
(n¼1853)

Urbanicity (from  
conception through  
gestational week 19)
Always urban 626 929 (91.3) 567 376 (91.5) 59 553 (90.1) 37 422 (89.4) 9582 (90.7) 10 883 (92.1) 1666 (89.9)
Always rural 55 057 (8.0) 49 030 (7.9) 6027 (9.1) 4079 (9.7) 924 (8.7) 851 (7.2) 173 (9.3)
Mix of urban and rural 4426 (0.6) 3911 (0.6) 515 (0.8) 362 (0.9) 61 (0.6) 78 (0.7) 14 (0.8)

Month of conception
January 59 284 (8.6) 53 681 (8.7) 5603 (8.5) 3558 (8.5) 919 (8.7) 970 (8.2) 156 (8.4)
February 54 183 (7.9) 49 131 (7.9) 5052 (7.6) 3177 (7.6) 822 (7.8) 912 (7.7) 141 (7.6)
March 60 835 (8.9) 55 002 (8.9) 5833 (8.8) 3731 (8.9) 887 (8.4) 1032 (8.7) 183 (9.9)
April 57 432 (8.4) 51 936 (8.4) 5496 (8.3) 3505 (8.4) 908 (8.6) 940 (8.0) 143 (7.7)
May 58 814 (8.6) 53 146 (8.6) 5668 (8.6) 3487 (8.3) 967 (9.2) 1025 (8.7) 189 (10.2)
June 54 216 (7.9) 48 917 (7.9) 5299 (8.0) 3339 (8.0) 905 (8.6) 913 (7.7) 142 (7.7)
July 55 081 (8.0) 49 727 (8.0) 5354 (8.1) 3415 (8.2) 851 (8.1) 930 (7.9) 158 (8.5)
August 54 323 (7.9) 49 063 (7.9) 5260 (8.0) 3324 (7.9) 832 (7.9) 949 (8.0) 155 (8.4)
September 53 004 (7.7) 47 881 (7.7) 5123 (7.8) 3297 (7.9) 767 (7.3) 930 (7.9) 129 (7.0)
October 57 886 (8.4) 52 263 (8.4) 5623 (8.5) 3512 (8.4) 912 (8.6) 1063 (9.0) 136 (7.3)
November 59 099 (8.6) 53 278 (8.6) 5821 (8.8) 3701 (8.8) 913 (8.6) 1052 (8.9) 155 (8.4)
December 62 255 (9.1) 56 292 (9.1) 5963 (9.0) 3819 (9.1) 883 (8.4) 1095 (9.3) 166 (9.0)

Year of conception
2013 114 463 (16.7) 104 213 (16.8) 10 250 (15.5) 5714 (13.6) 2615 (24.7) 1680 (14.2) 241 (13.0)
2014 115 343 (16.8) 104 952 (16.9) 10 391 (15.7) 6072 (14.5) 2398 (22.7) 1667 (14.1) 254 (13.7)
2015 114 298 (16.7) 103 836 (16.7) 10 462 (15.8) 6947 (16.6) 1380 (13.1) 1783 (15.1) 352 (19.0)
2016 116 975 (17.0) 105 653 (17.0) 11 322 (17.1) 7695 (18.4) 1304 (12.3) 2027 (17.2) 296 (16.0)
2017 114 343 (16.7) 102 748 (16.6) 11 595 (17.5) 7477 (17.9) 1470 (13.9) 2309 (19.5) 339 (18.3)
2018 110 990 (16.2) 98 915 (15.9) 12 075 (18.3) 7960 (19.0) 1399 (13.2) 2345 (19.9) 371 (20.0)

Figure 2. Volcano plot showing the results from Phase 1 analysis of the discovery set on individual HDP subtypes and overall HDP among singleton 
pregnancies with a conception date between 2013 and 2015 in the linked EHR-vital statistics birth and fetal death records in Florida (n¼ 344 104).
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(primary P-value: 0.33; sensitivity P-value: 0.02), 2,4-dinitroto
luene (primary P-value: 0.18; sensitivity P-value: 0.003), catechol 
(primary P-value: 0.06; sensitivity P-value: 0.02), forcible sex of
fense rate (primary P-value: 0.06; sensitivity P-value: 0.04) and 
murder rate (primary P-value: 0.14; sensitivity P-value: 0.01). 
Overall, these changes largely reflected shifts from marginal 
non-significance to statistical significance (or vice versa), 
while the magnitude and direction of the effect estimates 
remained stable.

Discussion
In this large Florida cohort with linked birth/fetal death records 
and EHR data, we found that multiple early-pregnancy environ
mental exposures were associated with HDP. Using a two-phase 
DML-based approach, we identified 12 exposures associated with 
gestational hypertension and 11 exposures associated with over
all HDP. These exposures spanned diverse domains, including 
ambient air toxicants, blue space, neighborhood crime and 
safety, meteorological factors, environmental noise, and ultravi
olet radiation. While the effect sizes were modest in magnitude 
and specific to subtype of HDP, our findings suggest that the total 
environment in which women live—in terms of natural, built, 
and social characteristics—represents a modifiable factor which 
could potentially influence their risk of gestational hypertension 
or HDP.

Our findings are broadly consistent with prior work linking 
spatial and contextual environmental exposures to HDP, while 
extending earlier exposome-wide studies through EHR-linked 
phenotyping, subtype-specific analyses, and multi-treatment es
timation. In our prior ExWAS based on only vital statistics birth 
records in Florida,32 several air toxicants, meteorological varia
bles, and neighborhood indicators were associated with HDP; we 
replicate key signals such as 2,2,4-trimethylpentane and neigh
borhood crime measures, supporting their robustness across 
data sources and analytic strategies. In addition to identifying 

similar environmental signals in both of our approaches, the pre
sent study expands on our prior work to identify heterogeneity in 
effects by HDP subtype.

Among air toxicants, several compounds were positively asso
ciated with gestational hypertension and/or overall HDP in Phase 
2. 2,2,4-trimethylpentane and catechol were consistently associ
ated with higher odds of gestational hypertension, while 2,2,4-tri
methylpentane, glycol ethers, and selenium compounds were 
associated with higher odds of overall HDP. These compounds 
likely reflect complex industrial or traffic-related mixtures and 
may influence HDP risk through oxidative stress, systemic in
flammation, endothelial dysfunction, and placental vascular 
dysregulation—pathways strongly implicated in the pathophysi
ology of pregnancy hypertension.20,75,76 The strong association 
observed for selenium compounds is notable, as selenium is an 
essential micronutrient but may be harmful at elevated environ
mental levels; ambient selenium may also act as a marker of 
broader industrial emissions rather than a direct causal agent.77-79

Nevertheless, positive associations should be interpreted cau
tiously, as air toxicants often co-occur with other environmental 
and socioeconomic conditions, and residual confounding or corre
lated exposures may contribute to observed relationships despite 
adjustment. In contrast, several air toxicants showed inverse asso
ciations, including hydrogen fluoride (hydrofluoric acid) and methyl 
bromide (bromomethane) for both gestational hypertension and 
overall HDP, methyl isobutyl ketone (hexone) for gestational hyper
tension, and xylenes (mixed isomers) and 1,1,1-trichloroethane for 
overall HDP. These inverse associations should be interpreted cau
tiously. Similar paradoxical inverse associations have long been ob
served between maternal cigarette smoking and preeclampsia,80,81

where proposed biological mechanisms (eg, carbon monoxide- 
mediated effects on placental angiogenic balance) coexist with 
strong concerns about residual confounding and selection bias. In 
the exposome context, such inverse associations may reflect com
plex mixture effects, correlated unmeasured exposures, or differen
tial measurement error rather than true protective effects. 

Figure 3. Volcano plot showing the results from Phase 1 analysis of the replication set on individual HDP subtypes and overall HDP among singleton 
pregnancies with a conception date between 2016 and 2018 in the linked EHR-vital statistics birth and fetal death records in Florida (n¼ 342 308).
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Differences from prior studies may also reflect variation in spatial 
scale, exposure definitions, regional emission profiles, or analytic 
approaches. Accordingly, these findings should be viewed as hy
pothesis-generating.

Meteorological and ultraviolet exposures also showed consis
tent and biologically plausible patterns. Maximum relative hu
midity was positively associated with both gestational 
hypertension and overall HDP, whereas minimum relative hu
midity and maximum temperature were inversely associated 
with gestational hypertension. In addition, higher erythemal UV 
index was associated with lower odds of both gestational hyper
tension and overall HDP. These findings are consistent with prior 
evidence of seasonal variation in HDP and hypotheses linking 
sunlight exposure, vitamin D metabolism, and vascular func
tion.82-87

Several built and social environment measures were indepen
dently associated with HDP outcomes. Living closer to the coast
line was associated with lower odds of both gestational 
hypertension and overall HDP, potentially reflecting broader 
coastal or blue space-related environmental and contextual 
characteristics rather than a single etiologic factor.88 In the crime 
and safety domain, higher burglary rates and forcible sex 
offenses rates were associated with increased odds of gestational 
hypertension, aligning with prior literature linking neighborhood 
stressors to elevated risk of preeclampsia and gestational hyper
tension.25,32,89,90 Chronic psychosocial stress related to neighbor
hood safety may contribute to dysregulation of the 
hypothalamic-pituitary-adrenal axis and vascular function,91

thereby increasing susceptibility to gestational hypertension.92,93

Similarly, environmental noise exposure—another stress-related 
urban hazard—has been implicated in HDP. While impact- 
weighted noise measures did not remain significant after mutual 
adjustment, higher natural A-weighted L50 sound pressure levels 
were inversely associated with overall HDP, suggesting that qui
eter, less anthropogenically disturbed environments may be ben
eficial for maternal cardiovascular health. This finding is 
consistent with growing evidence linking chronic noise exposure 
to hypertension and cardiometabolic risk.94,95

A central motivation for our study was to examine whether 
different HDP subtypes have distinct environmental risk factor 
profiles. Indeed, our findings suggest notable heterogeneity be
tween gestational hypertension and the preeclampsia spectrum. 
Gestational hypertension—often considered a more benign or 
milder condition—showed the richest exposome signal, with 12 
exposures replicating and remaining independently associated in 
Phase 2. In contrast, preeclampsia and eclampsia had no expo
sure passing our discovery and replication thresholds. These dif
ferences could have several explanations. First and mostly likely, 
due to different sample sizes for HDP subtypes, the statistical 
power to detect exposome-wide associations was much greater 
for gestational hypertension than for severe preeclampsia or 
eclampsia. Therefore, it is possible that meaningful but modest 
associations for severe preeclampsia were missed. Second, there 
may be true etiological differences: gestational hypertension may 
be more influenced by environmental stressors, whereas severe 
preeclampsia could be more strongly driven by placental genetic/ 
immune factors that are less tied to the external environment. 
This concept has been supported by the literature: eg, one study 
found air pollution exposure was associated with higher risk of 
mild preeclampsia but not with severe disease.96 It is also possi
ble that our stringent analysis (controlling false discovery and us
ing replication) was too conservative for the smaller subtype 
strata. For example, if we relaxed the multiple-testing correction, 

we might find that severe preeclampsia was nominally associ
ated with three exposome measures (ie, minimum relative hu
midity, natural A-weighted L50 sound pressure level and arsenic 
compounds). Our inability to detect such links in an agnostic 
screen likely reflects a combination of limited power and the 
challenge of multiple comparisons. Our results highlight that fu
ture studies should stratify HDP by subtype to unmask associa
tions that might be diluted in composite outcomes. Larger 
exposome studies or targeted environmental analyses for severe 
preeclampsia may eventually identify exposures that we were 
underpowered to detect.

This study has several strengths. First, we combined statewide 
vital statistics with EHR data to improve both scale and pheno
type specificity, enabling ascertainment of HDP subtypes and re
construction of pregnancy residential histories. We evaluated a 
broad set of spatial and contextual exposome measures across 
multiple domains and used a rigorous two-phase design (tempo
ral discovery/replication followed by multi-treatment estimation) 
to reduce false positives and identify exposome measures inde
pendently associated with the outcomes after accounting for co- 
exposures. Finally, our analytic framework was grounded in 
causal inference principles and modern machine learning. We 
departed from the standard exposome study practice of using 
one-size-fits-all covariate adjustment for every exposure.30

Instead, we developed exposure-specific confounder sets guided 
by DAG, recognizing that different exposures have different con
founding structures. To handle the high dimensionality of covari
ates and account for potential non-linearities, we applied DML 
for effect estimation, which uses machine learning to flexibly 
model nuisance variables, and then estimates the effect size or
thogonal to those nuisances. This approach provides efficient ad
justment for many confounders without manual model 
specification, and importantly, yields asymptotically unbiased 
effect estimates with valid confidence intervals under moderate 
assumptions. To our knowledge, this is the first spatial and con
textual exposome study to apply a formal DML approach. The 
successful implementation of DML in our study demonstrates its 
feasibility for exposome analyses, addressing a key analytic chal
lenge in this field: how to adjust for the dense web of correlated 
covariates and exposures without overfitting or introducing bias. 
We see this as a methodological contribution that can be ex
tended to other exposome-health investigations to improve 
causal inference rigor.

Several limitations should be considered. First, exposure as
signment relied on secondary, model-based or contextual-level 
measures, which may not fully capture individual time-activity 
patterns and can introduce measurement error (likely nondiffer
ential, and therefore potentially biasing effects toward the null). 
Second, residential histories were derived from encounter-based 
EHR address records; while address start and end dates were 
available, they may not reliably reflect true move-in and move- 
out dates, and address update frequency may vary across indi
viduals. We did not have information on workplace locations or 
commuting patterns; thus, exposures experienced outside the 
home environment were not captured. In addition, address histo
ries were derived from in-state EHR records and may not capture 
periods of residence outside Florida. Third, housing instability is 
not captured in our data, which may introduce exposure misclas
sification for a small subset of women. Fourth, although EHR 
linkage improved outcome definitions, some misclassification 
likely remains (eg, undiagnosed chronic hypertension or incom
plete documentation). While sensitivity analyses further adjust
ing for residential mobility and urbanicity yielded similar effect 
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estimates, residual confounding cannot be excluded—particu

larly for individual behaviors and health status factors that may 

be imperfectly captured. Fifth, generalizability may be limited to 

Florida’s climate, geography, and healthcare context, and selec

tion into the linked EHR network could introduce bias. Finally, 

stringent multiple-comparison control and replication improve 

credibility but may increase false negatives, especially for rarer 

subtypes (eg, eclampsia).

Conclusions
In conclusion, our exposome-wide analysis of a statewide preg

nancy cohort identified a set of diverse environmental factors— 

ranging from air toxicants and meteorology to neighborhood 

built and social characteristics—that are independently associ

ated with HDP. These findings support the premise that the spa

tial and contextual exposome contributes to HDP risk and 

highlight modifiable domains that could inform prevention 

strategies.
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