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ABSTRACT: Climate change is altering pregnant women's exposute to heat, air
pollution, wildfire smoke and extreme weather, while artificial intelligence (AI) and
machine learning (ML) are increasingly applied to predict maternal cardiovascular
complications such as preeclampsia; whether these evidence streams have actually been
This
environmental/climate-sensitive exposure and maternal cardiovascular outcomes;
AI/ML approaches to maternal cardiovascular prediction; and the extent of
environmental-vatiable incorporation into AI/ML models, then proposes a reseatch

integrated is unclear. review synthesizes evidence across three levels:

agenda. A structured search across four concept groups (maternal population,
cardiovascular outcomes, environmental exposures, AI/ML methods) was conducted in
PubMed/MEDLINE and peet-teviewed sources following PRISMA 2020 principles;
given substantial heterogeneity, findings are reported as narrative synthesis rather than
pooled quantitatively. Ambient heat and fine particulate matter were associated with
gestational hypertension, preeclampsia and eclampsia (odds ratios generally 1.1-1.6),
with larger increases for wildfire-sourced than urban-source particulate matter. ML
models for preeclampsia prediction reported a pooled AUC of 0.91 in a 2026 meta-
with
heterogeneity and lower pooled sensitivity (0.68) among externally validated models.

analysis, reflecting development/internal-validation performance, extreme
Two studies incorporated genuine environmental exposure into an AI/ML analysis of a
maternal cardiovascular outcome, using chemical biomarkers with a discriminative
model in one case and climate-sensitive exposure with causal machine learning in the
other, but none combined climate-sensitive exposure with a discriminative model
showing demonstrated incremental predictive value. This integration gap is the principal
finding; a four-stage research agenda spanning data integration, model development,
validation and clinical translation is proposed.
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1. INTRODUCTION

Pregnancy is a state of substantial cardiovascular adaptation: blood volume, cardiac output and vascular resistance all change
markedly across gestation, and this adaptation can fail in ways that produce gestational hypertension, preeclampsia, eclampsia,
peripartum cardiomyopathy or other cardiovascular events. These maternal cardiovascular disorders remain leading
contributors to maternal morbidity and mortality worldwide. At the same time, anthropogenic climate change is altering the
environmental conditions pregnant women are exposed to: more frequent and intense heat waves, sustained or worsening
ambient air pollution in many regions, an expanding wildfire season in several parts of the world, and more frequent extreme
weather events. A growing body of environmental epidemiology has examined whether these exposures are associated with

maternal cardiovascular outcomes.

Separately, and largely on a different research trajectory, artificial intelligence and machine learning methods — ensemble tree
methods, gradient boosting, neural networks and, increasingly, explainable Al techniques such as SHapley Additive
exPlanations (SHAP) — have been applied with growing frequency to predict maternal cardiovascular complications, most
often preeclampsia, from clinical, demographic and biochemical data available earlier in pregnancy than a clinical diagnosis

would otherwise permit.

These two literatures — environmental exposute epidemiology and AI/ML prediction modelling — have developed latgely in
parallel. It is not obvious, and has not to out knowledge been systematically established, whether AI/ML models predicting
maternal cardiovascular risk have actually incorporated environmental or climate-related exposure variables, as opposed to
only clinical, demographic, biochemical and genetic predictors. This distinction matters: a model can achieve strong
discriminative performance while omitting a modifiable, geographically and temporally variable risk factor that is itself
becoming mote prevalent under climate change. Conflating "evidence that heat or air pollution is associated with a
cardiovascular outcome" with "evidence that heat or air pollution has been built into a predictive model" would overstate
how far the field has actually progressed toward climate-informed clinical risk prediction.

This review therefore addresses four questions, structured around three evidence levels:

1. Question 1 — What environmental/climate exposures ate associated with maternal cardiovascular complications?
(Level 1)

2. Question 2 — What AI/ML approaches cutrently exist for maternal cardiovascular tisk prediction? (Level 2)

3. Question 3 — To what extent are environmental exposures integrated into these AI/ML prediction approaches?
(Level 3)

4, Question 4 — What methodological, data, validation, ethical and clinical gaps must be addressed before climate-

informed Al prediction can become clinically useful?

The remainder of this manuscript presents a conceptual framework linking these three levels (Section 2), the methods used to
identify and synthesize the evidence (Section 3), the synthesized results organized by evidence level together with their
interpretation (Section 4), a concrete research agenda (Section 5), a proposed — explicitly not yet validated — framework for
climate-informed cardio-obstetric Al (Section 06), the limitations of this review (Section 7), and conclusions (Section 8).

2. CONCEPTUAL FRAMEWORK

Figure 1 sets out the pathway this review uses to organize the evidence: from climate change and environmental exposure,
through exposure intensity/timing/duration, maternal physiological response, a catdiovascular pathway, a diagnosed maternal
cardiovasculatr complication, AI/ML-based risk prediction, and finally proposed (not yet validated) tisk stratification ot
clinical decision support. The first five steps of this pathway are supported, to varying degrees, by the Level 1 evidence
reviewed in Section 4.2. The step from complication to AI/ML prediction is supported by the Level 2 evidence in Section 4.3.
The step that would connect environmental exposure directly into the AI/ML layer — shown as the dashed integration point
in Figure 2 below — is the Level 3 question this review treats as its central concern, and the evidence base addressing it
directly is characterized in Sections 4.4 and 4.5.
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Figure 1. Conceptual Framework

Climate change / environmental exposure
(ambient heat, air pollutants, wildfire smoke, extreme weather)

v

Environmental exposure intensity, timing, and duration
(trimester-specific, cumulative, and acute exposure windows)

v

Maternal physiclogical response
thermoregulatory strain, oxidative stress, systemic inflammation, endothelial activatiop

v

Cardiovascular pathway
(vascular resistance, blood pressure dysregulation, placental vascular dysfunction)

v

Maternal cardiovascular complication
(gestational hypertension, preeclampsia, peripartum cardiomyopathy, other events)

v

Al/ML risk prediction
(integration of clinical, environmental, spatial and temporal predictors)

v

Risk stratification / potential clinical decision support
(proposed; not yet clinically validated)

Dashed framing throughout this review distinguishes established evidence (Levels 1-2)
from the proposed integration stage (Level 3), which remains largely untested.

Figure 1. Conceptual framework linking climate/environmental exposure, maternal physiology, cardiovascular outcome and
AI/ML-based prediction. Boxes shaded in red indicate stages that remain proposed rather than clinically established.
3. MATERIALS AND METHODS
3.1 Protocol and Reporting Framework

This review followed the PRISMA 2020 statement (Page et al., 2021) as its reporting framework. The review question and
eligibility criteria were defined prospectively around the three-level evidence structure set out in Section 2 and Section 3.7.
The review has not been registered on PROSPERO at the time of this draft.

3.2 Search Strategy

The search was structured around three complementary streams, corresponding to the three evidence levels in Section 3.7,
each combining a population concept group with an outcome concept group and one or both of the exposure/method
concept groups below (Boolean structure: Group 1 AND Group 2 AND (Group 3 OR Group 4)):

5. Group 1 (population): pregnancy; pregnant women; maternal health; obstetric; cardio-obstetrics
6. Group 2 (cardiovascular outcome): preeclampsia; gestational hypertension; eclampsia; hypertensive disorders of
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pregnancy; peripartum cardiomyopathy; heart failure; arrhythmia; chronic hypertension

7. Group 3 (environmental/climate exposute): climate change; heat; ambient temperature; extreme temperature; heat
wave; heat stress; air pollution; PM2.5; PM10; particulate matter; nitrogen dioxide; NOx; ozone; SO2; CO; wildfire smoke;

extreme weather; environmental chemical biomarkers; exposome

8. Group 4 (Al/prediction): artificial intelligence; machine learning; deep learning; predictive model; risk prediction;
neural network; random forest; gradient boosting; XGBoost; support vector machine; ensemble model; explainable AT,

SHAP; double machine learning; causal machine learning

Search A (Group 1 AND Group 2 AND Group 3) tatgeted environmental/climate exposure and maternal cardiovascular
outcomes (Section 4.2). Seatch B (Group 1 AND Group 2 AND Group 4) targeted AI/ML approaches to maternal
cardiovascular prediction (Section 4.3). Search C (Group 1 AND Group 2 AND Group 3 AND Group 4) targeted the
integration of the two (Section 4.4) and was run with specific combined terms in addition to the general four-group structure,
including: ambient temperature + machine learning + preeclampsia; heat exposure + Al + pregnancy hypertension; PM2.5 +
machine learning + preeclampsia; air pollution + machine learning + hypertensive disorders of pregnancy; wildfire smoke +
Al + pregnancy hypertension; geospatial exposure + maternal cardiovascular prediction; meteorological variables +
pregnancy hypertension prediction; environmental biomarkers + maternal cardiovascular prediction; and exposome +
machine learning + hypertensive disorders of pregnancy. Reference lists and citing-article lists of key Level 2 and Level 3
sources (including Ranjbar et al. (2024), Malik et al. (2024), Mohamed Dkeen et al. (2025), Wang et al. (2026) and Liu et al.
(20206)) were also examined for additional eligible studies not returned directly by the term-based searches.

The seatch was conducted in PubMed/MEDLINE, supplemented by direct retrieval from publisher platforms (including
Nature Portfolio, Elsevier/ScienceDirect, Oxford Academic, Frontiers, BMC, Cureus, JMIR, the American Heatt Association
journals, BM] and Annals of Internal Medicine) and cross-checked against PubMed and Crossref records. Embase, Scopus,
Web of Science and the Cochrane Library were not directly searchable as platforms in the environment used to prepare this
manuscript; this is stated here as a factual limitation of the tools available, not a step that has been completed, and is identified
again in Section 7 as outstanding work before external submission. Every candidate record was checked against its original
source (PubMed record, publisher page, or both) before being retained; the outcome of that check for each reference is
recorded in the Reference Verification Table (Section 11). The search covered literature available through September 2020,
with no lower date limit applied; searches were restricted to English-language publications. This is the second iteration of this
search: an initial pass identified one Category C study (Wang et al., 2026); Search C was subsequently broadened with the
additional term combinations listed above, which identified a second Category C study (Hu et al, 2026) and led to the
exclusion of a third candidate (Mizuno et al., 2024) on closer inspection of its full text (Section 4.4). This revision itself is
reported as a specific illustration of how extending the search changed a substantive conclusion, consistent with the

instruction not to make an absence claim stronger than the search performed actually supports.

3.3 Eligibility Criteria
PICOS element Included ‘ Excluded
Populati Pregnant or postpartum women (any trimester; up | Non-pregnant populations; paediatric or neonatal
opulation
P to 12 months postpartum for cardiomyopathy) outcomes as the sole focus
. Occupational chemical exposure unrelated to
Ambient/extreme tempetature, heat waves; bient climate/air Jitv: indoor heat .
ambient climate/air quality; indoor heat sources
Exposute PM2.5/PM10; NO2, 03, SO2, CO; wildfire qualtty , ‘
(saunas, hot baths) — excluded consistent with
smoke; extreme weather events
(Mao et al., 2023)
Gestational hypertension, preeclampsia, eclampsia, . )
. . . Fetal/ neonatal-only outcomes (birth weight,
peripartum cardiomyopathy, heart failure, . .
Outcome . . preterm birth) unless reported alongside a maternal
arrhythmia, other diagnosed maternal .
’ cardiovascular outcome
cardiovascular events
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PICOS element Included ‘ Excluded

Purely mechanistic, non-predictive statistical

Al component Any ML/DL/ensemble/explainable-Al method models (e.g., simple logistic regression used only
(Level 2/3 only) | used to predict a maternal cardiovasculat outcome | for association testing, not framed as a prediction
model)

. ) Case reports/seties; animal ot in-vitro studies;
Cohortt, case—control, cross-sectional studies; . .
. . . conference abstracts without full text; non-English-
Study design systematic reviews and meta-analyses (for .

language sources not independently translatable

background/synthesis) within this draft

3.4 Study Selection, Data Extraction, and Reference Verification

Sources meeting the eligibility criteria above were organized around the three-level evidence structure introduced in Section 2
and detailed in Section 3.7, spanning environmental/climate exposure epidemiology, AI/ML prediction modelling, and
studies integrating the two. Two methodological references (PRISMA 2020 (Page et al.,, 2021); PROBAST (Wolff et al.,
2019)) were used separately to frame the review's own conduct and are not counted among the empirical evidence base. Data
extracted from each empirical source included study design, population and setting, exposure or predictor definition, outcome
definition, reported effect estimates or model performance metrics, and stated limitations; extracted data are presented in
Tables 1—4. For every source, first author, publication year, article title, journal, and DOI (where one exists) were checked
against the original publication record; the outcome of that check is recorded in the Reference Verification Table (Section 11),
including the small number of instances where a full DOI or complete author list could not be independently confirmed from
the sources consulted.

3.5 Risk of Bias Assessment

Risk of bias was assessed using tools appropriate to study design: the Newcastle—Ottawa Scale for observational cohort and
case—control studies, and PROBAST (Wolff et al., 2019) for AI/ML prediction-model studies. For primary studies reported
within an included systematic review, this review reports the risk-of-bias assessment performed by that review's own authors
(for example, the PROBAST ratings reported by Mohamed Dkeen et al. (2025) for their included preeclampsia-prediction
studies) rather than independently re-scoring those primary studies; Supplementary Table S2 records, for each source,
whether a risk-of-bias or quality rating is available and, where it is, who performed it. An independent, study-by-study risk-of-
bias assessment by the present authors, extending beyond what the included reviews themselves report, is identified in Section
7 as a step to be completed before further external submission.

3.6 Data Synthesis Approach

Quantitative pooling (meta-analysis) across the included sources was not attempted. The sources span matkedly different
exposure metrics (categorical heat-wave definitions versus continuous temperature; total PM2.5 mass versus source-
apportioned PM2.5 components), outcome definitions (combined hypertensive disorders of pregnancy versus preeclampsia
alone versus eclampsia alone), populations (China, the United States, Spain, the Republic of Korea, Japan, and multi-country
meta-analyses), and — for Level 2/3 — AI/ML methods and petformance metrics that are not directly comparable across
studies (AUC computed on different outcome definitions and prevalence levels cannot be meaningfully averaged). A
structured narrative synthesis, organized by the three-level framework below, was therefore judged the only methodologically
appropriate approach at this stage.

3.7 Three-Level Evidence Framework and Study Classification

Consistent with Section 2, evidence is organized into three levels, each corresponding to one of the three search streams in
Section 3.2: Level 1 / Category A (environmental/climate exposute — maternal cardiovascular outcome), Level 2 / Category
B (AI/ML — maternal cardiovascular prediction), and Level 3 / Category C (environmental exposure + Al/ML — maternal
cardiovascular prediction). Level 3 / Category C is treated, from the outset, as the review's critical test case rather than

assumed to contain a comparable volume of evidence to Levels 1 and 2, and an absence claim at this level is made only to the
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extent the completed search supports it, and is revised if a broadened search identifies additional evidence (Section 3.2).

Within each level, sources are further classified by evidence type — primary observational study, prediction-model
development study, systematic review, meta-analysis, or methodological/reporting reference — and this classification is
preserved throughout Tables 1-5 and the narrative synthesis. Systematic reviews and meta-analyses are used to characterize
the evidence landscape and to report pooled estimates where the reviewing authors calculated them, but are not counted as
additional independent primary evidence alongside the primary studies they themselves summarize; where a primary study is
discussed both directly and as part of an included review's synthesis, this is noted explicitly rather than treated as two separate

pieces of evidence.

Within Gtroup 3 (Section 3.2), environmental/climate exposutes are further classified as: climate-sensitive (ambient
temperature, extreme heat, heat waves, meteorological conditions, and wildfire smoke or ambient air pollution insofar as their
occurrence is climate-influenced); conventional ambient exposures whose link to climate change specifically was not
established by the source study (e.g., traffic-related air pollution studied without a climate framing); environmental chemical
exposutes/biomatkers (e.g., lead, cadmium, mercury, endoctine-disrupting chemicals); and lifestyle, dietaty, occupational ot
indoor exposutes, which fall outside this review's exposure definition even whete a source describes them using the word
"environmental" (Section 4.4 reports one such case in detail). A study is not classified as evaluating a climate-informed or
climate-sensitive exposure merely because it uses the word "environmental," "climate," or "exposome" in its title or abstract;

classification in this review follows the specific exposure variables the source study actually measured and analysed.
4. RESULTS AND DISCUSSION
4.1 Study Selection and Evidence Landscape

Study selection followed the eligibility criteria in Section 3.3, applied to the search strategy in Section 3.2. Sources meeting
these criteria are summarized in Table 1 and organized throughout this section around the three-level evidence structure
(Section 3.7). A PRISMA flow diagram with database-specific record and screening counts is not presented in this version of
the manuscript, consistent with the search scope described in Section 3.2; it will be generated once the broader database
search identified in Section 7 has been completed, and is not approximated here in order to avoid reporting figures that are
not yet established.

The evidence base is geographically concentrated in a small number of countries — principally China, the United States, the
Republic of Korea, Japan and Spain — together with several multi-country systematic reviews and meta-analyses that
themselves draw predominantly on studies from high- and upper-middle-income settings (Table 1). Study designs include
large retrospective and prospective cohorts, systematic reviews with meta-analysis, and one narrative mechanistic review. A
quantitative geographic-distribution figure is not presented, as the underlying study-level extraction available for this draft
does not yet support one; the qualitative pattern above is offered instead and is returned to, in relation to climate
vulnerability, in Section 4.6.

4.2 Environmental Exposures and Maternal Cardiovascular Outcomes
4.2.1 Heat and Temperature

Three dedicated systematic reviews/meta-analyses and one large single-country cohort provide converging, though not
perfectly consistent, evidence that heat exposure is associated with hypertensive disorders of pregnancy. Mao et al. (2023)
pooled 15 studies (n = 4,481,888) and reported that heat exposure during the first half of pregnancy increased the odds of
preeclampsia or eclampsia (OR 1.54, 95% CI 1.10-2.15), while cold exposure was associated with reduced odds (OR 0.90,
95% CI 0.84-0.97); fourteen of the fifteen included studies showed a significant association in some direction. A 2026 update
of the same question by Zheng et al. (2026), pooling 28 studies and more than 23 million participants, reported a broadly
consistent conclusion at substantially larger scale. In a single large Chinese cohort (n = 2,043,182), Xiong et al. (2020) found a
dose—response relationship between ambient temperature and hypertensive disorders of pregnancy in the first and early
second trimester (OR 1.16, 95% CI 1.10-1.22). The most comprehensive synthesis, Lakhoo et al. (2025) (198 studies across
66 countries, 23 outcomes), found hypertensive disorders of pregnancy associated with heat exposure in 21 of 28 relevant
studies, alongside heat-associated increases in preterm birth (OR 1.04, 95% CI 1.03-1.06 per 1°C; OR 1.26, 95% CI 1.08-1.47
during heat waves), gestational diabetes (28% increase, 95% CI 1.05-1.74) and any obstetric complication during heat waves
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(OR 1.25, 95% CI 1.09-1.42).
4.2.2 Air Pollution — Overview

Air pollution exposure and hypertensive disorders of pregnancy is the most extensively studied Level 1 exposure—outcome
pairing identified in this review, spanning two 2014 meta-analyses that reached somewhat different conclusions, more recent
updated meta-analyses, and individual large cohort studies from Spain and the United States.

4.2.3 Particulate Matter

Pedersen et al. (2014), the most frequently cited meta-analysis in this space, reported that a 5 pg/m? increase in PM2.5 during
pregnancy was associated with OR 1.57 (95% CI 1.26-1.96) for combined hypertensive disorders of pregnancy and OR 1.31
(95% CI 1.14-1.50) for preeclampsia specifically, with less heterogeneity among the ten studies reporting on preeclampsia
alone; a 10 ug/m? increase in NO2 was associated with OR 1.10 for preeclampsia. Published the same yeat, Hu et al. (2014)
reported smaller and non-statistically-significant effects for the same 5 pg/m?® PM2.5 increment (first trimester OR 1.18, 95%
CI 0.98-1.41; second trimester OR 1.17, 95% CI 0.79-1.75) — a discrepancy the field has generally attributed to differences
in included studies and exposure-window definitions rather than to either meta-analysis being in error. Dadvand et al. (2013),
a Barcelona cohort of 8,398 pregnancies (103 preeclampsia cases), found traffic-related NO2 and PM exposure associated
with increased preeclampsia odds, with the first trimester as the most sensitive window. A 2025 update, Gao et al. (2025) (15
studies, n = 78,427), reported an entire-pregnancy PM2.5—preeclampsia association (OR 1.11, 95% CI 1.06-1.15), rising to
OR 1.18 (95% CI 1.12-1.24) at the highest exposure quartile. The reported gradient was monotonic across exposure
categories, although, as an observational association, the exposure-response form may depend on the exposure mettric,

exposure window and modelling approach used, and does not by itself establish a causal dose-response relationship.
4.2.4 Ozone and Nitrogen Dioxide

Evidence for gaseous pollutants other than NO2 is markedly weaker and more inconsistent than for particulate matter. The
narrative review by Bearblock et al. (2021) concluded that associations with hypertensive disorders of pregnancy were positive
and reasonably consistent for NO2 but weak or absent for ozone and carbon monoxide, a pattern also reflected in Hu et al.'s
(2014) finding of increased risk for particulate pollutants but not consistently for gaseous co-pollutants.

4.2.5 Wildfire Smoke and Extreme Weather

Zhang et al. (2024), a cohort of 2,686,939 pregnancies across eight southwestern U.S. states (2001-2004), found that wildfire-
sourced PM2.5 and its black-carbon and organic-carbon components were associated with larger increases in gestational
hypertension and eclampsia risk than equivalent increases in urban-source PM2.5: for gestational hypertension, OR 1.125
(95% CI 1.109-1.141) for total wildfire PM2.5, OR 1.247 (95% CI 1.214-1.281) for black carbon, and OR 1.153 (95% CI
1.132-1.174) for organic carbon; for eclampsia, the corresponding figures were OR 1.217 (95% CI 1.145-1.293), OR 1.458
(95% CI 1.291-1.646) and OR 1.309 (95% CI 1.208-1.418). These findings indicate that the source and composition of
particulate exposure may be relevant to the magnitude of the observed associations and warrant further investigation; as a

single observational study, it does not by itself establish that composition determines cardiovascular risk more generally.
4.2.6 Multiple Environmental Exposures

A small number of studies modelled multiple environmental exposures jointly rather than one pollutant or exposure at a time.
Sun et al. (2024), a Kaiser Permanente Southern California cohort (2008-2017), examined total PM2.5 mass alongside its
constituent components and found component-specific adjusted hazard ratios for preeclampsia/eclampsia per interquartile-
range increase (total PM2.5 mass: HR 1.07, 95% CI 1.04-1.10; black carbon: HR 1.12, 95% CI 1.08—[upper bound not
specified in the source consulted]), with an estimated population-attributable fraction of 6.37% for preeclampsia/eclampsia at
the US EPA annual PM2.5 standatd (9 pg/m?); associations with gestational hypertension specifically were not consistently
observed — underscoring that "air pollution" is not a single exposure and that aggregating across constituents can mask or
dilute true associations. Hu et al. (2020), an earlier exposome-wide association study using Florida vital statistics (n = 819,399,
2010-2013), and its 2026 methodological successor (Hu et al., 2026) (Section 4.4; n = 686,412, 2013-2018) represent the
most comprehensive multi-exposure approach identified in this review, jointly screening dozens of spatial and contextual
exposure domains — including air toxicants, meteorological conditions, ultraviolet radiation, neighborhood socioeconomic
and safety indicators, noise, and coastal proximity — rather than testing exposures one at a time. No study identified in this
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review jointly modelled heat and air pollution specifically as combined or interacting exposures for a maternal cardiovascular

outcome.
4.3 AI/ML for Maternal Cardiovascular Risk Prediction

Published systematic reviews of ML/AI approaches to preeclampsia prediction desctibe a methodologically diverse literature;
no equivalent systematic review specific to gestational hypertension alone, peripartum cardiomyopathy, or other maternal
cardiovascular outcomes was identified, suggesting preeclampsia is disproportionately the focus of this literature relative to
other maternal cardiovascular complications. Ranjbar et al. (2024) reported AUCs (discrimination) between 0.86 and 0.97
across differing algorithms among their eligible primary studies. Malik et al. (2024) described wide diversity in algorithms used
across their eligible studies and noted that external validation of the resulting models was uncommon. The most
methodologically detailed synthesis, Liu et al. (2026) (26 studies, 31 ML models; literature searched across PubMed, Web of
Science, IEEE Xplore and CNKI through February 2025; PROSPERO-registered; PROBAST-assessed), pooled a
discrimination estimate of AUC 0.91 (95% CI 0.87-0.92) but reported extreme between-study heterogeneity (I* > 99%) and a
wide 95% prediction interval for sensitivity (0.32—-0.96), meaning a newly applied model's real-world sensitivity could plausibly
fall far below the pooled estimate. Critically, only 6 of the 31 models were externally validated; pooled sensitivity among those
six dropped to 0.68 (95% prediction interval 0.25-0.94). Mohamed Dkeen et al. (2025), searching five databases (PubMed,
Embase, Scopus, Web of Science, Cochrane Library) through April 2025 and applying PRISMA 2020 and PROBAST,
synthesized 11 studies spanning 116,253 pregnancies with reported AUCs between 0.84 and 0.973, but concluded that most
included studies were at high or unclear risk of bias by PROBAST criteria. Taken together, these reviews indicate that a high
pooled AUC in this literature reflects internal, development-cohort discrimination rather than demonstrated external
transferability; discrimination, calibration, diagnostic accuracy, and clinical usefulness are distinct properties, and only the first

is well characterized across this literature as a whole.
4.4 Environmental Variables within AI-Based Prediction Models

Two studies identified in this review incorporate a genuine environmental exposute vatiable within an AI/MIL-based analytic
framework targeting a maternal cardiovascular outcome — more than the single example identified eatlier in this review's
search, though the two differ in evidence type from one another and from the discriminative prediction-model literature in
Section 4.3. The first is Wang et al. (2026) (Scientific Reports, July 2026): an explainable XGBoost classifier trained on 4,260
pregnant women in the Korean Children's Environmental Health Study (Ko-CHENS) cohort, integrating 18 environmental
chemical biomarkers — including blood lead, cadmium, mercury and endocrine-disrupting chemicals — alongside maternal
clinical covariates, to predict hypertensive disorders of pregnancy. The model achieved a cross-validated ROC-AUC of 0.787
and an independent test AUC of 0.748 (95% CI 0.587-0.887), with a negative predictive value of 0.994. This NPV was
reported under a severe class imbalance (HDP prevalence 1.7% in this cohort); predictive values depend strongly on outcome
prevalence, and a high NPV is expected under low prevalence regardless of a model's discriminative ability, so this figure
should not be read in isolation as evidence of exceptional clinical performance. SHAP analysis identified late-pregnancy blood
lead concentration and pre-pregnancy BMI as the dominant predictors, each showing a non-linear risk gradient, with an
interaction analysis (8 = 0.418, 95% CI —0.278-1.115, p = 0.239) suggesting an additive rather than synergistic relationship
between the two. The source article as consulted for this review did not report a compatison of model performance with
versus without the environmental biomarkers; the incremental predictive value of the environmental variables specifically is
therefore not reported, rather than demonstrated or refuted (Table 4).

The second, and the only identified study incorporating a climate-sensitive ambient exposure, is Hu et al. (2026) (Exposome,
March 20206): a spatial and contextual exposome analysis of 686,412 singleton pregnancies conceived between 2013 and 2018,
using linked electronic health records and vital statistics from Florida. The study distinguished hypertensive disorders of
pregnancy subtypes (gestational hypertension, preeclampsia, eclampsia, and chronic hypertension with or without
superimposed preeclampsia) using computable phenotyping and applied a two-phase double machine learning approach — a
causal-inference method that uses machine learning models to flexibly adjust for a large set of confounders while estimating
each exposure's association with the outcome. In Phase 1, 26 of a broader candidate set of exposome measures replicated an
association with gestational hypertension and 34 with overall hypertensive disorders of pregnancy; in Phase 2, applying double
machine learning to formally test these candidates, 12 measures remained associated with gestational hypertension and 11

with overall hypertensive disorders of pregnancy. These 11-12 measures spanned an aggregate meteorological measure and
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ultraviolet radiation (climate-sensitive, per the classification in Section 3.7), air toxicants (ambient air pollution, not
automatically climate-sensitive under the same classification), and neighborhood crime indicators, environmental noise, and
coastal proximity (non-climate contextual factors). No exposure passed multiple-compartison thresholds for preeclampsia or
eclampsia specifically. This study demonstrates that a climate-sensitive exposure (an aggregate meteorological measure, and
separately ultraviolet radiation) can be, and in this instance has been, incorporated into a machine-learning-based analytic
framework alongside a maternal cardiovascular outcome. It should not, however, be read as equivalent to the discriminative
prediction-model studies in Section 4.3: double machine learning in this study was used to estimate confounder-adjusted
exposure associations, not to build a classifier, and the study did not report AUC, sensitivity, specificity, or an incremental-
value comparison against a clinical-only model; "incremental predictive value" in the sense used in Table 4 is therefore not

applicable to this study rather than demonstrated.

A third source requires explicit exclusion rather than inclusion, as a direct illustration of why the classification distinction in
Section 3.7 of this review's framework matters in practice. Mizuno et al. (2024), using approximately 23,000 pregnancies from
the Tohoku Medical Megabank Birth and Three-Generation Cohort Study, developed logistic-regression, random-forest and
XGBoost models desctibed in the source article's own title and abstract as using "comprehensive environmental factors." On
inspection of the full source, however, the dominant contributors to the best-performing models were self-reported eating
habits, accounting for 82.7% and 58.1% of feature importance in the two highest-performing models respectively, and the
authors' own conclusion charactetizes the models as based on "comprehensive lifestyles." This is a lifestyle/dietary self-report
exposure category, not an ambient climate exposure, an environmental chemical biomarker, or another exposure meeting this
review's eligibility critetia (Section 3.3), and it is accordingly excluded from Table 4 and from this review's Category C

evidence base, despite the terminology used in the soutce's own title.
4.5 The Integration Gap

Sections 4.2 and 4.3 each describe an active evidence base considered independently. Within Category C (Section 4.4), the two
identified studies occupy different subcategoties: Level 3A (environmental exposure + discriminative predictive AI/ML) is
represented by Wang et al. (2026), using environmental chemical-biomarker exposure; Level 3B (environmental exposure +
causal/associational ML) is represented by Hu et al. (2026), using climate-sensitive spatial/contextual exposute. No study
identified in this review occupies Level 3C (climate-sensitive ambient exposute + discriminative AI/ML prediction with
demonstrated incremental predictive value): no source reports a discriminative prediction model — of the kind characterized
in Section 4.3, with AUC, sensitivity, specificity and an internal/external validation split — that takes ambient temperatutre ot
ambient air-pollutant concentration as an input feature, targets a maternal cardiovascular outcome, and formally evaluates the

incremental predictive value of the environmental input against a clinical-only comparator model.

Three factors are identifiable from the sources reviewed as plausibly relevant to this pattern. First, the cohorts underlying the
Level 2 discriminative prediction-model literature (Section 4.3) are largely existing clinical or biobank cohorts assembled for
other purposes, in which ambient environmental exposure was not necessarily collected or linked at the time of data
collection, whereas Hu et al.'s (2026) Level 3B analysis was purpose-built around linked geospatial and administrative data.
Second, the Level 3A and Level 3B studies identified in this review use different exposure types (chemical biomarker; climate-
sensitive spatial/contextual) and different analytic aims (disctiminative prediction; causal-inference association estimation),
consistent with limited apparent cross-citation between these methodological approaches in the sources reviewed. Third, no
source identified in this review reports a formal quantification of the incremental discriminative value contributed by an

ambient environmental variable once added to a clinical-only prediction model.
4.6 Model Validation, Explainability, and Geographic Representation

Across the AI/ML sources identified in this review, internal validation (cross-validation ot a held-out internal test split) was
standard practice, but external validation — testing a model on a genuinely independent cohort, ideally from a different
country or health system — was consistently described as uncommon. Mohamed Dkeen et al. (2025) linked this to elevated
PROBAST-assessed risk of bias across most of their included preeclampsia-prediction studies. Wang et al.'s (2026) reported
test-set AUC of 0.748, lower than its cross-validated AUC of 0.787, with a wide confidence interval (0.587-0.887) reflecting
the outcome's low prevalence (1.7%) in that cohort; this illustrates a pattern noted across this literature more broadly, in

which performance estimated under internal cross-validation can be materially more uncertain once evaluated on a held-out
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split, before external, cross-cohort validation is even attempted.

Explainable Al, and SHAP specifically, appears in the most recent discriminative prediction-model study identified in this
review (Wang et al. (2020)), consistent with a broader shift in the clinical ML literature toward feature-attribution methods
alongside performance reporting. SHAP-based attribution characterized the functional form of the dominant predictors (non-
linear risk gradients for blood lead and pre-pregnancy BMI) and distinguished an additive from a synergistic relationship
between them — a more detailed use of explainability than a simple variable-importance ranking, though still evaluated within
a single cohort without external confirmation. Hu et al's (2026) double-machine-learning analysis reports confounder-
adjusted association estimates for each exposure rather than SHAP-style feature attribution; the two studies are not directly

comparable on this dimension.

The AI/ML evidence identified in this review is concentrated in China, the United States and the Republic of Korea. Within
the sources identified by the present search, no eligible AI/ML study of maternal cardiovascular risk prediction incorporating
an environmental exposure variable was located from Sub-Saharan Africa, South Asia, or Latin America. This is reported here
as an observed feature of the evidence base located by this review's search, not as a direct measurement of compatative
regional risk; published climate projections indicate substantial increases in extreme-heat exposure in parts of these regions,
but this review did not identify AI/ML maternal cardiovascular prediction studies evaluating that projected risk directly. This
distinction, and its implications, is discussed further in Section 4.16. The gaps synthesized across Sections 4.2-4.6 ate
summarized formally in Table 5 and translated into a proposed research agenda in Table 6.

Table 1. Characteristics of included studies

Study

Settin,
(author, etting /

population

Principal finding
(brief)

Design Outcome

Exposure or Al focus

. . . .| Heat OR 1.54 (1.10-
Systematic review & | Multi- Preeclampsia,
Mao et al,, . . . 2.15) first-half
meta-analysis (15 country, n = | Ambient/extreme temperatute | eclampsia,
2023 udies) 4.481 888 GH pregnancy; cold OR
studies
. Oh 0.90 (0.84-0.97)
Updated, 1 -scal
Systematic review & | Multi- Hypertensive pated, arger-scaie
Zheng et . . confirmation of
meta-analysis (28 country, n > | Extreme temperature disorders of
al., 2026 i temperature—HDP
studies) 23,268,235 pregnancy .
association
Xiong ct . China, n = . H}fpertensive Dose-response OR
Retrospective cohort Ambient temperature disorders of | 1.16 (1.10-1.22),
al., 2020 2,043,182 :
pregnancy 1st/early 2nd trimester
HDP +
Svstemati i cerm birth HDP linked to heat in
matic revi reterm bir
Lakhoo et | 270 ane Feview Multi- prete > | 21/28 relevant studies;
meta-analysis (198 Heat exposure / heat waves GDM, ;
al.,, 2025 . } country . preterm birth OR 1.04—
studies, 66 countties) obstetric 126
complications |
PM2.5 OR 1.57 (1.26—
Pedersen | tematic review & | 1 HDP 1.96) HDP OR<1 31
matic 1 . ; .
ctal, nfste : lc iev W country 5 | PM2.5, PM10, NO2 ceechampsia | (11 j_ 1.50) PE, por 5
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Setting /

population

Exposure or Al focus

Principal finding
(brief)

Smaller, non-significant

. . . Hypertensive
H L. Multi- PM2.5 eff .
uetal, | Systematic r.ev1ew & ulti PM, NO2, 03, S02, CO disorders of 5 effects vs
2014 meta-analysis country Pedersen et al. (2014);
pregnancy . .
inconsistent for gases
Barcelona,
Dadvand Soai Increased PE odds; first
in;n =
etal, Prospective cohort 822192’ rll 03 Traffic-related NO2, PM Preeclampsia | trimester most sensitive
2013 P’E) ( window
Bearblock Mauld Preec] . NO?2 consistently
= T mpsi
etal, Narrative review " ) PM2.5, PM10, NO2, O3 eecha 'PSI2 | ssociated; O3/CO
2021 country (mechanisms) weak or absent
Gao etal, Systematic r.eview & | Multi- Precclampsia, Entire-pregnancy PE
2095 meta-analysis (15 country, n = | Prenatal PM2.5 GH. HDP OR 1.11 (1.06-1.15);
studies) 78,427 ’ Q4 OR 1.18 (1.12-1.24)
Wildfire-source effects
SW USA (8 G ional
Zhang et Ret " hort - (_ Wildfire PM2.5, black carbon, b estjtnonia exceed urban-source
etrospective coho states), n = pertension
al., 2024 pectly ’ organic carbon YPETENSIon, H prpo s (eclampsia OR
2,686,939 eclampsia
up to 1.458)
S. Component-specific
Sun et al., Ret " hort California, PM2.5 total mass + HDP (GH, associations; no
T r
2024 CHOSPECHVE COROTE | USA (2008— | constituents PE-E) association with GH
2017) alone
Ranjbar et | Systematic review (4 | Multi- ML (elastic net, random forest, | Preeclampsia | AUC 0.86-0.97 across
al., 2024 primary ML studies) country other) prediction included models
Wide algorith
Malik et | Systematic review (35 | Multi- ) . Preeclampsia _1 ¢ ?gOﬂ o
ML/DL, diverse algotithms . diversity; external
al., 2024 | of 183 screened) country prediction oy
validation uncommon
Multi-
Mohamed | Systematic review (11 “ . B Preecl . AUC 0.84-0.973; most
ntry, n = T m
Dkeen et | studies, PRISMA + ;(1)161 25? ML/DL e(e;: Z psta studies high/unclear
redi
al, 2025 | PROBAST) 2 prediction PROBAST risk of bias
pregnancies
Prospective cohort, Republic of | 18 environmental chemical u censi Cross-val AUC 0.787;
ertensive
Wang et | explainable ML Korea (Ko- | biomarkers (Pb, Cd, Hg, diypr Jer fV test AUC 0.748; blood
sorder o
al., 2026 | (discriminative CHENS), n | EDCs) + clinical data; lead + BMI dominant
r 7
prediction) = 4260 XGBoost/SHAP pregnancy SHAP predictors
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Setting /

population

Exposure or Al focus

Principal finding
(brief)

Multi-
country
Svstemati e (PubMed, Pooled AUC 0.91
matic 1
‘ ystemalic FEVIEW & | Web of ML/DL algorithms, | (0.87-0.92); 2>99%;
Liu et al., | meta-analysis (26 . . Preeclampsia
2026 rudies. 31 ML Science, PROSPERO-registered, dicti only 6/31 models
i redi
ot dels, IEEE PROBAST-assessed prediction externally validated
m
odels) Xplore, (pooled sensitivity 0.68)
CNKI to
Feb 2025)
Ret " hort Spatial/contextual exposome: 12 measures associated
£ t
ctrospective cohort, _ meteorological measure + UV | HDP with GH, 11 with
double machine Florida, . . .
. radiation (climate-sensitive); subtypes overall HDP after ML-
Huetal, |learning USA, n= . . . .
. air toxicants (ambient air (GH, PE, based confounder
2026 (causal/associational, | 686,412 i . )
ot discriminative (2013-2018) pollution); eclampsia, adjustment; none for
© . neighborhood/noise/coastal chronic HTN) | PE/eclampsia
prediction) . )
factors (non-climate) specifically
Precursot/companion
B d Florida, Hvoertensi study to Hu et al.
— W1 /per 1
Hu et al., XPO_S o'me Wi USA,n = Broad external exposome l}pe csive (2020); establishes
association study . . disorders of .
2020 . " hort 819,399 (multiple domains) candidate exposome
retr t r
(retrospective cohor) (2010-2013) pregnacy measures later tested
with double MLL
AUC 0.93; excluded
Self-reported lifestyle/dietary o ex.c u, €
factors (& J from this review's
n actors (terme
Japa .o " Category C (Table 4) —
. . (Tohoku environmental factors" by the .
Mizuno et | Prospective cohort, ) . . Early HDP exposure is
1,2024 | interpretable ML Medical source; cating habits redicti lifestyle/dietaty, not
. nterpr n n
A crpretable Megabank), | dominant, 58-83% of feature predictio est.y e/ detary, ,O
. - ambient or chemical
n = 23,000 |importance) + clinical data; . al
ir
LR/RE/XGBoost environmental exposure
(Section 4.4)

Table 2. Environmental Exposures and Maternal Cardiovascular Outcomes — Reported Effect Estimates

Exposure

Reference Population (n) Outcome

Reported effect

Notes / exposure

measure (95% CI) | window

Heat exposure
(first half of
pregnancy)

Cold exposure inversely
OR 1.54 (1.10-2.15) | associated: OR 0.90 (0.84—
0.97)

(Mao et
al., 2023)

4,481,888 (15
studies)

Preeclampsia /

eclampsia
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R ted effect Not
Exposure Reference Population (n) Outcome m?:t (S):lfe (; 5 :/:: cI) Wi(l)l(iz“/f exposute
Ambient
i H ive disord
temperature (Xiong et | ) 14318 YPCHIEnSIVe AISORCErs | R 1.16 (1.10-1.22) | 1st and early 2nd trimester
al., 2020) of pregnancy
(dose—response)
(Pedetsen .
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> Per ctal, coed, Combined HDP OR 1.57 (1.26-1.96) | | cccampsia done
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2014)
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PM2.5, enti G 78,427 (15 High il
, entire (Gao et 77 ( [ OR 1.1 (1.06-1.15) ighest exposure quartile
pregnancy al., 2025) | studies) (Q4): OR 1.18 (1.12-1.24)
Black carbon: OR 1.247
. (Zhang et Gestational OR 1.125 (1.109— (1.214-1.281); organic
Wildfire PM2.5 2,686,939
e al,2024) |00 hypertension 1.141) carbon: OR 1.153 (1.132—
1.174)
Black carbon: OR 1.458
. (Zhang et ) OR 1.217 (1.145—- | (1.291-1.646); organic
Wildfire PM2.5 2,686,939 Ecl
rdtire al, 2024) | <% campsia 1.293) carbon: OR 1.309 (1.208—
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Positive association
Traffic-related Dadvand
ratte-reiate (Dadvand | ¢ 306 103 PR , (exact pooled OR: | First trimester identified as
NO2/PM etal, Preeclampsia . o .
) cases) NR in sources most sensitive window
(spatiotemporal) | 2013)
consulted)
. Population-attributable
Kaiser .
PM2.5 total Sun etal. | P S fraction 6.37% at US EPA
. . rm .
ot (Sunctal, | Pe rnanente Preeclampsia/eclampsia | HR 1.07 (1.04-1.10) | annual standard (9 pg/m?);
mass, per IQR 2024) California . )
no association with GH
cohort
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Kaiser HR 1.12 (lower C . . .
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NR = not reported in the sonrces consulted for this draft. All effect estimates above are reproduced from the cited original publications; none were

calenlated by the present anthors.
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Table 3. AI/ML Studies in Maternal Cardiovascular Risk Prediction (Level 2)

Studies ‘/ AI/ML Reported AUC Sens.1t1v3ty / Exfern.al
Reference | population methods A A specificity / | validation & key
. (discrimination) 5 3 &
reviewed represented calibration limitation
Flastic net NR in sources
Ranjbar et . . > Preeclampsia NR in sources | consulted; small
4 primary studies random forest, - 0.86-0.97 -
al., 2024 ther MI prediction consulted number of eligible
othe ’ primary studies
NR (range not Described as
Malik et al., | 35 of 183 screened | Diverse ML/DL | Preeclampsia | specified in NR in sources 0 Crnrn ; "
2024 studies algorithms prediction sources consulted UACOMMON ACTOSS
consulted) included studies
11 studies, 116,253
pregnancies (5 .
Mohamed databases: PubMed, ML/DL, . . MOSt studies at
Dhkeen et Emb S PRISMA 2020 + | Preeclampsia 0.84-0.973 NR in soutces | high/unclear
cen © AS€, SCOPUS, | pROBAST prediction O consulted PROBAST risk of
al., 2025 Web of Science, lied bi
Cochrane, to Apr apphe as
2025)
Sensitivity Ong 16 a3l I
models externally
95% PI 0.32— .
26 studies, 31 ML 0.96 overall; | V2idated; authors
ML/DL, meta- conclude high
models (PubMed, . externally .
. analysed with . internal AUC
Liu et al Web of Science, 95% prediction Preeclampsi Pooled 0.91 validated ceflect
06 | IEEE Xplore, o oot 1 (95% CL0.87— | subset (6 PR
CNKI, to Feb 2025, | po U predictio 0.92);12>99% | models): e opment
PROSPERO d ) pooled cfor .
CRD420251005830) | 2*5¢%%¢ sensitivity pertormance, fo
0.68 (P10.25 demonstrated
0'9 4)(P 7| clinical
’ effectiveness

Predictor variables used by the individual primary studies underlying these three reviews were not extracted at the level of detail needed for a per-study

predictor list in this drafly each review reports that clinical, demographic and/ or biochemical variables were the dominant predictor categories used.

Table 4. Environmental Exposure + AI/ML Integration Studies (Category C)

Increme
P lati . AI/ML K
Refere Lev — P g vironmental / ntal ey
on / . method & Performance . . limitati
nce el variable(s) predictiv
outcome purpose e value on
Ko-
CHENS .
Single
cohort, hort
Republic | 18 chemical Cross-val AUC ;(; ort
of Korea, | biomarkers (blood Not 0.787; test AUC
- . XGBoost — external
n= lead, cadmium, L reported | 0.748 (0.587—-0.887); L
Wang et . discriminative | . Not validati
3A | 4,260, mercury, endocrine- L in the NPV 0.994
al., 2026 . : . prediction reported | on;
hyperten | disrupting chemicals) source (prevalence-
; ¢ model severe
sive — not climate- consulted | dependent; HDP
. . class
disorder | sensitive prevalence 1.7%) .
imbalan
of
ce
pregnanc
y
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Increme

ere eV nvironmenta nta o e .
e Populati . AI/ML Key
on / . method & Performance . . limitati
nce el variable(s) predictiv
outcome purpose cvalue "
. Meteorological .
Florida, 5 Single
measure and UV
USA, n - . us
_ radiation (climate- Not
= .. . Double . state;
sensitive); air . applicable | Confounder-
686,412; . . . | machine . . no
toxicants (ambient air . —1no adjusted associations
HDP . learning — - external
Hu et pollution, not . . | clinical- for 11-12 exposures | Not L
3B | subtypes . . causal/associati . . validati
al., 2026 automatically climate- only (Section 4.4), not applicable
(GH, PE, . . onal, not 0 on; no
.’ | sensitive, Section SO comparat | AUC/sensitivity/spe
eclampsi discriminative e SHAP-
3.7); cediction or;nota | cificity )
Ho neighborhood/noise predictio classifier stle
chronic attributi
/coastal factors (non-
HTN) . on
climate)

No study identified in this review occupies Level 3C (climate-sensitive ambient exposure combined with a discriminative AL/ ML prediction model
with a demonstrated incremental predictive value). Miguno et al. (2024) is excluded from this table: on inspection, its "environmental factors" are
self-reported lifestyle/ dietary measnres (Section 4.4), not an ambient, climate-sensitive, or chemical-biomarker exposure meeting this review's
eligibility criteria.

4.7 Summary of Principal Findings

This teview's findings can be summarized as a chain of four connected obsetvations. First, published epidemiological
evidence links ambient heat and particulate air pollution with hypertensive disorders of pregnancy, with associations that are
broadly, though not universally, concordant across independent cohorts and meta-analyses (Section 4.2). Second, a separate
and methodologically diverse literature has applied AI/ML methods to predict maternal cardiovascular complications,
principally preeclampsia, reporting discriminative performance (AUC) that is often strong under internal validation (Section
4.3). Thitd, on the evidence located by this review, existing AI/ML prediction models rarely incorporate the climate-sensitive
ambient exposures identified in the first observation as model inputs; where an environmental variable has been incorporated,
it has generally been a chemical-biomarker exposure rather than ambient temperature or air quality (Section 4.4). Fourth, this
pattern reflects specific, identifiable methodological and data-infrastructure factors — rather than an arbitrary absence of
interest — that are set out in Section 4.5 and that motivate the research agenda proposed in Section 5. This chain of findings,
rather than any single number in Sections 4.2—4.06, is this review's central contribution.

4.8 Environmental Exposure and Maternal Cardiovascular Risk

The evidence is comparatively consistent for heat and particulate air pollution in relation to hypertensive disorders of
pregnancy, drawn from vatied settings (China, the United States, Spain, and 66-country pooled analyses), although
heterogeneity remains in exposure definitions, exposure windows and outcome ascertainment, and the observational designs
involved support an association rather than a demonstrated causal effect. Evidence for gaseous pollutants other than NO2,
for peripartum cardiomyopathy, and for heart failure or arrhythmia in pregnancy in relation to any environmental exposure is
comparatively thin or, in the case of peripartum cardiomyopathy, was not identified at all in this review (Section 7).

4.9 Current State of AI-Based Maternal Cardiovascular Prediction

The AI/ML literature for preeclampsia prediction is active and methodologically diverse, but the systematic reviews
synthesizing it are consistent on one point: risk of bias is common and external validation is rare. Reported AUCs in the high

0.8s and low 0.9s should be read against that backdrop rather than as evidence of near-clinical-grade performance.
4.10 Interpreting the Integration Gap

A distinction central to this review is that evidence that an environmental exposure is associated with a maternal cardiovascular outcome is
not, by itself, evidence that the exposure has been incorporated into an AL/ ML prediction model. Sections 4.2 and 4.3 each describe a
reasonably active literature considered on its own terms. Within Category C (Section 4.4-4.5), Level 3A (chemical-biomarker
exposure with a discriminative prediction model (Wang et al., 2026)) and Level 3B (climate-sensitive exposure with a causal
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machine-learning method (Hu et al., 2026)) are each represented by one study; Level 3C (climate-sensitive ambient exposure
with a discriminative prediction model and a demonstrated incremental predictive value) is not represented by any study
identified in this review. This is the specific evidence gap this review identifies, distinct from the broader question of whether
environmental exposure and AI/ML methods have ever been used together in a maternal cardiovascular analysis, which the
Level 3A and 3B evidence answers in the affirmative.

4.11 From Static Prediction to Dynamic, Climate-Informed Risk Prediction

Every Level 2 and Level 3 model identified in this review is, in the sense used in the original brief for this manuscript, a static
prediction: a model trained once on a fixed dataset and evaluated at a point in time, rather than one that updates a woman's
predicted risk as her real-time or recent environmental exposure changes across pregnancy. Dynamic, temporally updating
climate-informed risk prediction was not represented in the evidence identified here and should be treated as a research
aspiration rather than a described current capability.

4.12 Explainable AI

SHAP-based explainability, used in the identified discriminative integration study (Wang et al., 2026), is a methodological
strength worth preserving as this field develops: it allowed the authors to characterize non-linear risk gradients and to test
additivity versus interaction between an environmental and a clinical predictor, rather than reporting only an aggregate
petformance metric. Any future climate-informed discriminative model should be expected to meet at least this standard of
interpretability.

4.13 Spatial and Temporal Environmental Data

Geospatial exposure modelling (e.g., satellite-derived PM2.5 surfaces, spatiotemporal temperature interpolation) is established
in Level 1 epidemiology (e.g., Dadvand et al. (2013)) and appears within the causal machine-learning framework of Hu et al.
(2026), which drew on spatially resolved contextual and ambient exposure measures. This review identified limited evidence
of integration of geospatial exposure-modelling approaches into disctiminative AI/ML prediction models specifically (Section
4.3): the one identified example combining geospatial/contextual exposure with a machine-learning method (Hu et al., 2026)
used a causal-inference rather than a discriminative-prediction framing. Whether geospatial exposure modelling can be
incorporated into a discriminative prediction model of the kind characterized in Section 4.3, and whether doing so improves
prediction, remains to be directly tested.

4.14 Data Quality and Interoperability

Linking individual-level clinical/obstetric records with individual- or address-level environmental exposure data raises
practical data-governance and interoperability challenges — geocoding of maternal residence, exposure-window alignment
with gestational age, and consistent data-sharing agreements between health systems and environmental-monitoring agencies

— that are not solved by AI/ML methodology alone and were not the primary focus of any source identified in this review.
4.15 External Validation and Generalizability

The neat-absence of external validation noted in Section 4.6 is a limitation for the whole Level 2/3 literature, not only for a
climate-informed extension of it. A model validated only within the cohort in which it was developed — as is true of Wang et
al. (20206) and, on the evidence available, most Level 2 studies — cannot be assumed to generalize to a different population,
environmental exposure profile, or health system.

4.16 Health Equity and Climate Vulnerability

The geographic concentration described in Section 4.6 — AI/ML evidence clustered in China, the United States and the
Republic of Korea, with none identified from Sub-Saharan Africa, South Asia or Latin America — warrants a careful
distinction between observed evidence, projected risk, and theoretical vulnerability. Published climate projections indicate
substantial increases in extreme-heat exposure in parts of these under-represented regions; this is projected environmental
risk, established independently of this review. Whether that translates into disproportionately higher climate-driven maternal
cardiovascular risk in those specific populations is a plausible hypothesis consistent with the Level 1 mechanisms reviewed in
Section 4.2, but it was not directly evaluated by any source identified in this review and should be treated as a research
question rather than an established finding. What this review can state directly is the mismatch between where projected
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environmental risk is highest and where the AI/ML predictive-modelling literature is curtently concentrated.

4.17 Ethical and Privacy Considerations

Combining fine-grained geospatial or biomarker exposure data with individual clinical records raises privacy and potential-for-

misuse considerations (e.g., residential geolocation as a re-identification risk) that were not directly addressed as a

methodological topic in any source identified in this review, but that any future climate-informed clinical model would need

to address before deployment.

4.18 Clinical Translation

No source identified in this review described a climate-informed AI/ML model for maternal cardiovascular risk that has been

deployed, or piloted, in a real clinical workflow. The proposed framework in Section 6 is offered explicitly as a research target,

not a description of existing practice.

5. RESEARCH AGENDA

The priorities below are derived directly from the evidence gaps identified in Section 4 (Table 5) rather than proposed

independently of them; priorities not traceable to a specific gap identified in this review were not retained. They are organized

into four stages, from data integration through to clinical translation, reflecting the sequence in which each priority would
need to be addressed.

Evidence
domain

What is currently

Table 5. Evidence Gaps

Major limitation

Research gap

Recommended future
research

Environment —
maternal CV

Heat and PM2.5 are
consistently associated
with hypertensive
disorders of pregnancy

Evidence for gaseous
pollutants (O3, CO),
peripartum

No systematic review
identified evaluating
environmental/climate
exposures specifically

Dedicated
epidemiological studies of
climate exposure and
petipartum

outcome across multiple meta- car dlor.nyoP athy and heart for peripartum cardiomyopathy / heart
failure is thin or absent . . .
analyses cardiomyopathy failure in pregnancy
. Multi-centre, multi-
Xuiinﬁ) le 1;4]&1/?11 External validation rare; Near-total absence of country model
AI/ML — CV ro el SH}? ei ¢ ih most studies at externally validated, low- | development with
prediction f eeita d E;SS (;V 0.76 high/unclear PROBAST risk-of-bias prediction mandatory external
o "7 sk of bias models validation and PROBAST
' reporting
Environmental

Environment +
AI/ML
integration

chemical-biomarker
exposure has been
integrated into a
discriminative ML
prediction model (Level
3A (Wang et al., 2020));
climate-sensitive
exposure (an aggregate
meteorological measure,
UV radiation) has been
jointly analysed with a
machine-learning-based
causal method (Level
3B (Hu et al., 2026))

No identified study
occupies Level 3C: a
discriminative AI/ML
prediction model (with
AUC/sensitivity/specificity
and validation, as in Table
3) that takes ambient
temperature or ambient
air-quality data as an input
for a maternal
cardiovascular outcome,
with a demonstrated
incremental predictive

value (Table 4)

Level 3C, as defined in
Section 3.7, is not
represented in the
evidence identified in
this review (Section 4.5)

Development and
evaluation of Level 3C
discriminative AI/ML
prediction models
incorporating ambient
temperature and
PM2.5/NO2 as first-class
predictors, with formal
incremental-value analysis
against clinical-only
models
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Recommended future
research

Evidence
domain

What is currently

Major limitation
known ]

Research gap

Geospatial exposure

modelling is established Incorporate satellite-

derived and

Geospatial and temporal

Not yet used within a exposure techniques

ipassl/r E:emporal 1&)&5‘72; (11 z[t)ﬁenzi(l)cil%gy discriminative AT/ML have not yet migrated spatiotemporal exposure
HTCI)) dellllin and u‘;é d withi; A causal prediction model (Section | into discriminative surfaces into
& ML framework (Hu et 4.3) predictive modelling discriminative AI/ML
) specifically pipelines
al., 2026)
Unknown .
External, cross-cohort generalizability of Prospective external
Validation & Internal cross-validation cross—co:mt  vali dati(;n is | existine models bevond validation studies, ideally
generalizability is standard practice care v their d%velo I, ty across health systems and
pmen countries
cohort
Within the sources Highest projected Increase representation of

Geographic /
population
representation

Evidence concentrated
in China, USA,
Republic of Korea

identified by the present
search, no eligible study
was located from Sub-

Saharan Africa, South Asia

or Latin America

climate-exposure-
increase regions are least
represented in this
literature

high-heat and lower-
resource settings in
climate-informed
maternal Al research

Table 6. Proposed Research Agenda

Priority area

Current
limitation

Proposed
methodological
direction

Potential data
sources

Expected
contribution

Implementation
challenge

. . Reusable
. - Standardized data- | Electronic .
Integration Clinical and . infrastructure
> . linkage protocols | health records; Data governance,
of clinical environmenta . . for future
1. Data between health national/regiona . consent, and
. . and 1 data are held . . climate- . .
integration . . systems and 1 air-quality and interoperability across
environment | in separate . . health :
environmental meteorological Iy agencies
al datasets systems . prediction
agencies databases
research
Geospatial
modellin . .
e Satellite and More precise,
used in Level . L
. Incorporate ground-monitor | individual-
Spatially 1 . . . .
. . satellite-derived exposure level Fine-resolution
1. Data resolved epidemiology
. . > | PM2.5/temperatu | products; exposure exposure data not
integration | exposure but not yet in . . . .
re surfaces as geocoded estimates for | available in all settings
assessment AI/ML . . o
. model features residential prediction
prediction .
. history models
studies
(Section 4.5)
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Priority atea

Current
limitation

Proposed
methodological
direction

Potential data
sources

Expected
contribution

Implementation
challenge

Exposure
metrics vary
widely . Enables
Lo . Existing meta-
Standardizati | (categorical ) future
Adopt common analyses . . . L
on of heat waves . comparison | Field-wide coordination
1. Data . exposure-metric methods . . .
. . environment | vs. . . and pooling | without a governing
integration . definitions across | sections as a
al exposure | continuous . . of AI/ML body
. studies starting . .
variables temperature; integration
reference ;
total vs. studies
component
PM2.5)
A direct
. . empirical test
No identified . p
Add climate- . . of whether
. model iy . National birth .
2. Climate- . . sensitive ambient . ambient
. Climate- incorporates . cohorts linked to | . S
informed | . . exposure variables . climate Linking individual
informed ambient . meteorological/ . .
model - to existing . . exposure residential exposute to
prediction temperature/ . air-quality A
developme . . preeclampsia/HD o adds clinical records at scale
models air quality as . monitoring L
nt . P prediction predictive
an input S networks
pipelines value beyond
(Table 4) .
clinical
variables
. Risk
Identified .
o estimates that
. models are Longitudinal
2. Climate- Recurrent or . reflect
. . evaluated at a cohorts with . .
informed | Dynamic / . . landmark models accumulating | Requires frequent, low-
. single point S repeated .
model temporal risk | . S updating risk as or recent burden data collection
. in time rather exposure and
developme | prediction exposute accrues L exposute across pregnancy
than updated clinical
nt across pregnancy rather than a
across measurement ‘
estation single
& baseline
SHAP-based
explainability
identified in
one Report
discriminative | explainability ..
. . . p 9 Clinically N
2. Climate- integration analyses (e.g,, . Explainability methods
. . N/A — interpretable,
informed . study (Wang | SHAP) alongside . for
Explainable methodological | trust- . .
model etal., 2026); | performance for . spatiotemporal/longitud
Al . . standard, nota | supporting .
developme not yet paired | any climate- inal features are less
. . data source model
nt with a informed mature
. Y outputs
climate- discriminative
sensitive- model
exposure
prediction
model
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Priority atea

Current
limitation

Proposed
methodological
direction

Potential data
sources

Expected
contribution

Implementation
challenge

Described as .
ncomm External, ideally
uncommon .
3. External cross-countty, Independent Credible Access to comparable
across the S . .
and External . . validation as a cohorts froma | evidence of | independent cohorts
. N identified . o .
multicentre | validation AL/ML standard step different health | generalizabilit | and harmonized
validation literature before publication | system/country |y outcome definitions
u
. of new models
(Section 4.6)
Evidence .
. . Evidence .
3. External | Multi-centre | concentrated | Consortium-based . . Coordinating
. . Multi-country applicable .
and / multi- in a small model . harmonized data
. birth cohort beyond a .
multicentre | country number of development and . . collection across
RS S . o consortia single health .
validation | validation countries validation countries
. system
(Section 4.6)
. . Evidence
No identified | Increase .
. . . from settings
. study from representation of | Regional birth . .
3. External | Inclusion of . with plausibly | Under-resourced
. Sub-Saharan | high-heat and cohorts and .
and climate- . high but research and health-data
. Africa, South | lower-resource maternal health . .
multicentre | vulnerable . . o . currently infrastructure in many
Sy . Asia, or Latin | settings in climate- | surveillance . .
validation | populations . . uncharacteriz | such settings
America informed maternal | systems .
. ed climate-
(Section 4.6) | Al research . .
driven risk
No climate- . .
. Prospective Evidence of
informed .
evaluation of a . real-world . -
. model has . . Prospective . . Ethical and logistical
- Prospective climate-informed S clinical utility, .
4. Clinical .. been . obstetric clinical complexity of
. clinical . decision-support - not only . ..
translation S prospectively oo trial . prospective clinical Al
validation . tool, calibration . retrospective .
tested in a - . infrastructure v | trials
- and clinical utility discriminatio
clinical .
included n
workflow
Formal privacy- Safer
. Not directly | impact and re- N/A— handling of .
- Responsible Y| impact and re- / 08 Balancing exposure
4. Clinical addressed in | identification-risk | governance sensitive . .
. Al and : . . precision against re-
translation . any identified | assessment for framework, not |location and |: . o
privacy o . identification risk
source geospatial/biomar | a data source biomarker
ker exposure data data
No deployed . A pathway
. . Implementation-
Integration or piloted . . Health-system from a . .
. . . science studies . . Workflow integration,
4. Clinical | into maternal | climate- quality- validated L
. . conducted . clinician trust, and
translation | healthcare informed . improvement model to iy . .
alongside model . .. liability considerations
systems model partnerships actual clinical
S development
identified use
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6. PROPOSED CLIMATE-INFORMED CARDIO-OBSTETRIC Al FRAMEWORK

Figure 4 sets out a proposed framework combining maternal demographic, obstetric, clinical, cardiovascular, environmental,
meteorological, geographic and temporal-exposure data within an AI/ML analytics engine to generate an explainable risk
prediction, feeding into proposed clinical monitoring or decision support. This framework is explicitly proposed and is not a
validated clinical model: as Sections 4.4, 4.5 and 4.10 establish, no study identified in this review has built or tested a model
combining ambient climate exposure data with the full range of inputs shown here. The framework is offered as a target
architecture against which the research agenda in Table 6 can be organized, not as a description of an existing system.

Figure 4. Proposed Climate-Informed Cardio-Obstetric Al Framework

(PROPOSED — not a validated clinical model)

Maternal Obstetric Clinical Cardiovascular tal ic /
demographics history laboratory data measurements exposure data spatial data exposure profile

Al / ML analytics engine

(ensemble learning, deep learning, explainable Al)

Risk prediction output

4

Explainable risk factors (e.g., SHAP-based attribution)

4

Clinical monitoring / decision support (propesed)

Figure 4. Proposed climate-informed cardio-obstetric Al framework. Proposed — not a validated clinical model.
7. LIMITATIONS

As with any evidence synthesis, the scope of the search and the methods used to appraise the included literature bound the
conclusions that can be drawn. Atticle retrieval for this review (Section 3.2) was concentrated on PubMed/MEDLINE and
publisher-hosted sources cross-checked against PubMed and Crossref records; extending retrieval to Embase, Scopus, Web
of Science and the Cochrane Library, together with forward- and backward-citation searching, would provide fuller assurance
that all eligible studies — particulatly further Level 3 integration studies — have been located, and is recommended before
this review is submitted externally. Searches were restricted to English-language publications, and study identification,
eligibility screening and data extraction were carried out by the author team without a second, independent reviewer; PRISMA
2020 recommends dual independent screening with a documented conflict-resolution procedure, and adopting that process is
a further recommended step prior to submission.

A PRISMA flow diagram with database-specific record and screening counts is not presented in this version of the
manuscript (Section 4.1) and will be produced once the broader database search described in Section 3.2 has been executed,;
reporting estimated or partial counts in its place was judged less useful than deferring the figure until accurate counts are
available. Risk-of-bias assessment (Section 3.5, Supplementary Table S2) combines ratings reported by the authors of included
systematic reviews with reasoned, design-level judgements by the present authors for primary studies not covered by those
reviews; a full independent domain-by-domain Newcastle—Ottawa Scale or PROBAST scoring against complete published

protocols and supplementary materials has not yet been performed. Quantitative pooling (meta-analysis) was not attempted
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by the present authors, for the heterogeneity reasons set out in Section 3.6; this narrative-synthesis approach is a considered
methodological choice rather than a fallback, but it means this review does not offer its own pooled effect estimate for any
exposure—outcome pair beyond the pooled estimates already reported by the meta-analyses cited. For one reference (Malik et
al,, 2024), the complete author list could not be independently confirmed from the sources consulted; this is recorded against
that entry in the Reference Verification Table (Section 11) and should be resolved before submission.

Finally, this review's account of the Level 3 integration evidence (Sections 4.4—4.5) reflects the studies located by the search
actually performed; the broader search recommended above could identify additional integration studies not captured here.
Any such addition would refine, rather than overturn, the qualitative pattern reported in this review, since it would need to be
weighed against the correspondingly larger Level 1 and Level 2 evidence bases described in Sections 4.2 and 4.3.

Reference Verification Table

Bibliographic details were cross-checked against available publication records; elements that could not be independently
confirmed are identified in the verification table below rather than assumed. "Yes" indicates the element was independently

confirmed from the sources consulted for this manuscript; "Not confirmed" indicates it could not be.

Citati
First author Year | Article title (short) Journal Hration DOI verified?
verified?
Air polluti -ecl ia;
Bearblock E 2021 8 P(? l.mon and pre ec. AmpsIa; . Placenta Yes Yes
associations and potential mechanisms
Dadvand P 2013 Amb%ent air pollution a‘nd preeclampsia: Environ@ental Health Yes Yes
a spatiotemporal analysis Perspectives
Gao S 2025 Prenatal PMZS exposure and Frontiers in Public Yes Yes
hypertensive disorders of pregnancy Health
Hu H 2014 Ambient air pollution and hypertensive Atm‘ospheric Yes Yes
disorders of pregnancy Environment
An external exposome-wide association Envi .
ironm
Hu H 2020 | study of hypertensive disorders of nvironmen Yes Yes
International
pregnancy
The spatial and contextual exposome
and subtypes of hypertensive disorders
Hu H 2026 ) Exposome Yes Yes
of pregnancy: a double machine
learning-based analysis
A systematic review and meta-analysis of
Lakhoo DP 2025 heat exposure impacts on maternal, fetal | Nature Medicine Yes Yes
and neonatal health
‘ Machine lez'trnjng predi‘ction ‘models for Journal of Medical
Liu L 2026 | preeclampsia: systematic review and Yes Yes
. Internet Research
meta-analysis
Not
Malik V 2024 Predi'ction of Preeclampsia u‘sing . Cureus confirmed Yes
machine learning: a systematic review (full author
list)
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Citati
First author Article title (short) Journal Htation DOI verified?
verified?
Associations between extreme Hypertension i
ertension in
Mao Y 2023 | temperature exposure and hypertensive Pryp Yes Yes
egnancy
disorders in pregnancy EEARSS
Eatly prediction of hypertensive
Mizuno S 2024 | disorders of pregnancy toward AJOG Global Reports | Yes Yes
preventive early intervention
Mohamed Dkeen 2025 Artiﬁcif'ﬂ ir'ltelljgen'ce'appljcations in Cureus Yes Yes
NO obstetric risk prediction...
The PRISMA 2020 statement: an
Page MJ 2021 | updated guideline for reporting BMJ Yes Yes
systematic reviews
Ambient air polluti d -
Pedersen M 2014 | . rblent atr potiu .on a.n pregnancy Hypertension Yes Yes
induced hypertensive disorders
Ranjbar A 2004 Machine lez.lrning model§ for Predicting BMC I?regnancy and Yes Yes
preeclampsia: a systematic review Childbirth
Association between particulate air
SunY 2024 | pollution and hypertensive disorders in | PLOS Medicine Yes Yes
pregnancy
Explainabl hine learning integrati
Wang C 2026 Xp amnable mac 1ne. earrng IESTANNE | S cientific Reports Yes Yes
environmental chemical biomatrkers...
PROBAST: a tool to assess the risk of Annals of Tnternal
nnals of Interna
Wolff RF 2019 | bias and applicability of prediction .. Yes Yes
. Medicine
model studies
Association between ambient Natur
ature
Xiong T 2020 temperature and hypertensive disorders L Yes Yes
. . ; Communications
in pregnancy in China
Zhang T 2004 Gest'ational ‘exposure to wildfire PM2.5 Scie1t1ce of The Total Yes Yes
and its specific components... Environment
Associations between extreme Eeotoxicol d
7 an
Zheng Y 2026 | temperature exposure and hypertensive cOToxIcology 4 Yes Yes
. Environmental Safety
disorders of pregnancy

Supplementary Table S1: Search Strings

This table records representative search queries actually executed for this review, organized by search stream (Section 3.2).
Searches were tun as a structured, iterative web-based bibliographic search (returning PubMed/MEDLINE-indexed and
publisher-hosted records, cross-checked against PubMed and Crossref) rather than as native syntax queries submitted directly

to a database's own search intetface; no query-specific retrieved-record counts were logged duting the search process and

none are reported below, consistent with Section 8. This is not a substitute for the platform-native, reproducible search

strings (e.g., PubMed MeSH/title-abstract syntax) that a subsequent execution of this review across Embase, Scopus, Web of
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Science and the Cochrane Library should use and document.

Stream Representative query text Date ‘ Platform / soutces returned ‘
A bient heat L 1 svstematic revi Sep Web-based search; PubMed/MEDLINE-
mbient heat exposure preeclampsia systematic revie
: at exposute precciampsia sy At eview 2026 | indexed and publisher records
A PM2.5 ai.r po]l.ution preeclampsia meta-analysis Sep As above
systematic review 2026
A wildfire sr.noke exposure pregnancy cardiovascular Sep As above
hypertension 2026
A njtrog?n dioxide ozone gestational hypertension meta- Sep As above
analysis 2026
A pe'ripartum cardiomyopathy environmental risk factors Sep As above (no cligible source located)
climate 2026
machine learning prediction preeclampsia systematic Sep
B ) As above
review 2026
ambient temperature machine learning preeclampsia Sep
B . As above
prediction model 2026
B random forest neural network ambient temperature air Sep As above (confirmatory search; no additional
pollution preeclampsia risk score prediction 2026 | Category C source located)
c machine learning .rnodel incorp(?rating air pc.)llution Sep As above
temperature predict preeclampsia hypertensive pregnancy | 2026
explainable Al environmental exposure pregnancy Sep
C As ab located t al., 2026
outcome prediction 2026 s above (located (Wang etal, )
c geospatial machine learniflg heat exposure adverse Sep As above
pregnancy outcome prediction model 2026
geospatial exposute model machine learning maternal Sep
C ) . As above (located (Hu et al., 2026))
hypertension prediction pregnancy 2026
C air pollution machine learning hypertensive disorders Sep As above (located source clarifying (Mizuno et
pregnancy prediction model 2026 | al,, 2024)'s exposure definition)
C wildfire smoke artiﬁc.ial intelli.ge.nce machine learning Sep As above (no eligible soutce located)
pregnancy hypertension prediction model 2026

Reference lists and citing-article lists of Ranjbar et al. (2024), Malik et al. (2024), Mohamed Dékeen et al. (2025), Wang et al. (2026) and Liu
et al. (2026) were also excamined for additional eligible studies (forward/ backward citation searching); this did not identify additional Category C
sources beyond (Wang et al., 2026) and (Hu et al., 2026).
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Supplementary Table S2: Risk-of-Bias and Quality Assessment

Where an included systematic review reported its own risk-of-bias appraisal, that appraisal is reproduced with attribution (not

re-derived). For primary studies not covered by an included review, this table reports a reasoned judgement based on the

study design and methodological details available in the abstract and methods sections consulted for this review; it is not a full

independent domain-by-domain Newcastle—Ottawa Scale or PROBAST scoring against the complete published protocol and

supplementary materials, which would require full-text access beyond what was used to build this table and is identified in

Section 7 as outstanding work.

Reference

Mao et al., 2023;

Study type / design

Meta-analyses of

Applicable tool

Newcastle-Ottawa

Reasoned judgement
based on available design
information

Not independently assessed
— would requite the full

Source of judgement

Internal to each meta-

analysis; not reproduced in

Zheng et al., observational studies Scale (for primary published appraisal of each
. . the abstract-level sources
2026 (temperature) studies) meta-analysis's included
) . consulted
primary studies
Likely low risk for selection
near-complete
( . p . Reasoned judgement by the
administrative birth cohort)
. . . present authors from
. Retrospective population- and outcome ascertainment; . o
Xiong et al., Newcastle-Ottawa ) design details in the
based cohort, n = moderate risk for exposure
2020 Scale abstract; not an

2,043,182

misclassification (residence-
linked ambient monitoring

does not capture individual
time-activity patterns)

independent full NOS

scoring

Lakhoo et al.,
2025

Systematic review & meta-
analysis (198 studies)

Study-design-specific
tools (varies by
included study)

Not independently assessed
— a 198-study review's
internal quality appraisal was
not reproduced in the

sources consulted

Internal to the review; not

reproduced here

Pedersen et al.,
2014; Hu et al,,
2014

Meta-analyses of
observational studies (air
pollution)

Newcastle-Ottawa
Scale (for primary
studies)

Not independently assessed

Internal to each meta-

analysis

Dadvand et al,,
2013

Prospective cohort, n =
8,398

Newcastle—Ottawa
Scale

Likely low-moderate risk:
relatively small but well-
characterized cohort with a
spatiotemporal exposure
model (more precise
exposure assessment than
residence-only assignment),
single-city setting limits
generalizability

Reasoned judgement by the

present authors

Bearblock et al.,
2021

Narrative review

Not applicable

Not applicable (non-
systematic narrative
synthesis, not a primary
study)

Not applicable
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Reference

Gao et al., 2025

Study type / design

Systematic review & meta-
analysis (15 studies)

Applicable tool

Newcastle-Ottawa
Scale (for primary
studies)

Reasoned judgement
based on available design
information

Not independently assessed

Source of judgement

Internal to the review

Zhang et al.,
2024

Retrospective cohort, n =
2,686,939

Newcastle—Ottawa
Scale

Likely low risk for selection
and outcome ascertainment
(administrative data);
moderate risk for exposure
misclassification (source-
apportioned PM2.5
modelled, not individually

measured)

Reasoned judgement by the
present authors

Sun et al., 2024

Retrospective cohott, n =
not specified in abstract

Newcastle-Ottawa

Likely low-moderate risk:
large integrated health-system
cohort (Kaiser Permanente
Southern California) with
individual-level PM2.5

Reasoned judgement by the

Scale present authors
consulted component exposure
modelling; single health
system limits geographic
generalizability
Ranjbar et al., Systematic review of Not reported in the source Not stated in the review as
. . PROBAST
2024 prediction-model studies consulted consulted
Malik et al., Systematic review of Not reported in the source Not stated in the review as
. . PROBAST
2024 prediction-model studies consulted consulted
Reported by the review's
Mohamed Systematic review of . . own authors (Mohamed
Most included stud ted
Dkeen et al, prediction-model studies (5 | PROBAST o O; /mc r e’ ku lfe];m ““ | Dkeen et al., 2025);
nclear ti
2025 databases) Bh/THCicat sk of bias reproduced here, not
independently re-derived
High between-study
heterogeneity (I*>99%) and a
Systematic review & meta- wide sensitivity prediction Reported by the review's
Liu et al., 2026 | analysis of prediction- PROBAST interval reported by the own authors (Liu et al.,

model studies

authors as evidence that
internal AUC over-represents

likely real-world performance

2026); reproduced here
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Reference

Wang et al.,
2026

Study type / design

Single-cohort prediction-
model development study,
n = 4,260

Applicable tool

PROBAST

Reasoned judgement
based on available design
information

Likely high risk in the
Analysis domain: an HDP
prevalence of 1.7% implies
approximately 72 events
among 4,260 participants, a
small absolute event count
relative to an 18+ predictor
XGBoost model (a
recognized PROBAST over-
fitting concern regardless of
reported AUC); no external

validation

Source of judgement

Reasoned judgement by the
present authors, based on
prevalence and sample size

stated in the source

Hu et al., 2026

Retrospective cohort,
double machine learning, n
= 686,412

Not a PROBAST-type
prediction-model
study;
causal/associational

design

Large sample and machine-
learning-based confounder
adjustment reduce (but do
not eliminate) residual
confounding risk; single US
state; exposutre measured at
residential/contextual level,

not individual biomonitoring

Reasoned judgement by the

present authors

Hu et al., 2020

Exposome-wide

association study, n =

Not a PROBAST-type
prediction-model

study; hypothesis-

Hypothesis-generating by
design (multiple-testing
across a broad exposome);
the authors' own follow-up
study (Hu et al., 20206)

retested candidates with a

Reasoned judgement by the

present authors

819,399 generating association | more conservative method,
design consistent with appropriate
caution about false-positive
associations from the carlier
study
Supplementary Figures
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Figures 2 and 3, referenced in Section 4, are presented here.

Figure 2. Evidence Landscape Across the Three Review Levels

Al/ML matemqal

cardiovascular prégdiction
literature (rapid

expanding evidence

Enviropfental / climate
expbsure literature
(sypstantial, growing
evidence base)

Rase)

LEVEL 3
Enyironment + Al/ML integration
very limited evidence

idantified in this review)

Circle sizes are illustrative, not proportional to record counts.
The narrow overlap reflects the scarcity of studies that both incorporate an environmental/climate
exposure variable and target a diagnosed maternal cardiovascular outcome within an Al/ML model.

Figure 2. Evidence landscape across the three review levels. Circle sizes are illustrative, not proportional to record counts;
the narrow overlap reflects the scarcity of Level 3 integration studies identified.

Figure 3. Proposed Biologically Plausible Environmental Exposure Pathways

Heat exposure Dehydration / "~ Cardiovascular Ly Maternal cardiovascular
(apbient temperature, heat wav ? thermal stress strain risk
Air pollution Lo Oxidative stress / N Endothelial L Cardiovascular
(PM2.5, PM10, NO2, 03) systemic inflammation dysfunction risk

Pathways are labeled as proposed / biologically plausible where the underlying mechanisms are supported
by mechanistic and observational evidence but have not been conclusively established as causal in humans.

Figure 3. Proposed biologically plausible environmental exposure pathways for heat and air pollution. Labeled as
proposed/plausible because these mechanisms are not conclusively established as causal in humans on the evidence reviewed.

8. CONCLUSIONS

Environmental and climate-related exposures — particularly ambient heat and fine particulate air pollution — are associated
with hypertensive disorders of pregnancy across a substantial and geographically varied evidence base, though exposure
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definitions, exposure windows and outcome ascertainment vary across studies. Artificial intelligence and machine learning
methods are increasingly applied to predict these same outcomes, with reported discriminative performance that is often
strong under internal validation but rarely externally validated, and with extreme between-study heterogeneity where meta-
analysed. These evidence streams have been brought together in at least two identified analyses: a discriminative prediction
model incorporating environmental chemical biomarkers (Level 3A), and a causal machine-learning analysis linking an
aggregate meteorological measure and ultraviolet radiation — alongside ambient air toxicants and non-climate contextual
factors — to hypertensive disorders of pregnancy (Level 3B). What remains specifically and demonstrably limited, on the
evidence identified in this review, is Level 3C: a climate-sensitive ambient exposutre combined with a disctiminative AT/ML
prediction model reporting standard performance metrics and a formal incremental-value analysis against clinical predictors
alone. This specific gap, explained in Section 4.5 by identifiable methodological and data-infrastructure factors, is this review's
central finding, and the four-stage research agenda in Table 6 is offered as a concrete, evidence-derived starting point for
closing it.
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