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Abstract

Traditional epidemiological analyses may be limited when addressing examining
etiology of spectrum disorder (ASD), including
assumptions of linearity, difficulties in handling high-dimensional exposure data,
and challenges in detecting gene-environment or exposure-exposure interactions. The
emergence of artificial intelligence (Al - ranging from conventional machine learning to
deep learning and large language models (LLMs) - has provided new tools for
modeling the complex associations between environmental exposures and health
outcomes. Machine learning models have shown strong predictive performance in
individual-level air pollution exposure assessment and has enabled the detection of
untargeted chemical substances from large-scale mass spectrometry data. In this
review, we examine Al applications in four key areas of ASD environmental etiology
research: environmental exposure assessment, ASD phenotyping,

the environmental autism
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exposure-outcome association analysis, and risk prediction. Our findings suggest that although LLMs are emerging
in environmental toxicology research, ASD environmental etiology studies remain predominantly based on
conventional machine-learning methods, with deep learning and LLMs being less applied in this field. Further
progress will require large-scale prospective cohort studies, adoption of advanced Al methods, unified data
infrastructure, and interation across disciplines.

INTRODUCTION

With the rapid development of artificial intelligence (AI), this technology has been rapidly integrated into
environmental etiology research!?. Machine learning (ML) and deep learning (DL) offer strengths in data
processing, pattern recognition, prediction, and modeling, and have been used to improve exposure
assessment, disease diagnosis, and the identification of environmental risk factors™*. The reported
prevalence of autism spectrum disorder (ASD) has increased in recent decades and substantially affect
children’s development and daily functioning'®. Growing evidence also points to environmental exposures as
contributors to neurodevelopmental disorders®. The intersection of Al and ASD environmental research
has accordingly drawn increasing attention.

In real-world settings, people are exposed to multiple pollutants, and the combined effects of pollutants and
genes may lead to adverse health outcomes!”’. However, the traditional biomonitoring approaches are
primarily based on targeted detection, only measuring preset chemicals, making it difficult to evaluate
complicated exposure environments systematically®!. Detection of thousands of chemical features by
nontarget analysis is possible, but compound identification remains a major bottleneck”. Furthermore, the
traditional land use regression (LUR) model assumes a linear relationship, and it is difficult to capture the
spatial and temporal dynamics of pollutants"”. Questionnaire-based exposure assessment is susceptible to
recall bias"", and single biological samples may not adequately capture long-term exposure for pollutants
with short half-lives""”. These limitations have long been recognized in exposure assessment. Recent advances
in AT offer promising opportunities to address some of these challenges. The evolution of Al ranging from
conventional ML to DL, large language models (LLMs), and causal ML, provides new possibilities to solve
these bottlenecks”. In exposure assessment, ML improves the accuracy of air pollution prediction through
enhanced LUR"; LLMs can predict the persistence, bioaccumulation, and toxicity of chemicals from natural
language descriptions (e.g., physical appearance, melting point, industrial use, etc.)!"”; ML can also assist in
processing non-targeted analysis data from mass spectrometry (MS) to prioritize unknown chemical features
for further identification". In the statistical analysis, Al-based approaches may complement traditional
statistical methods in analyzing complex exposure-response relationships and prioritizing the screening of
neurodevelopmental toxicants from high-dimensional data. To overcome these bottlenecks, ML methods
have been proposed to automatically screen potential risk substances from high-dimensional data and
identify complex mixture effects'"”. In addition, causal ML can estimate heterogeneous exposure effects from
observational data and identify susceptible subgroups"*'*.. Moreover, traditional models typically estimate
odds ratios at the group level in the context of risk prediction®. The traditional forecasting model is highly
dependent on genetic and demographic factors and seldom incorporates environmental exposure
variables”'. In statistical modeling, causal ML can be used to estimate heterogeneous exposure effects,
whereas DL models can generate individual-level risk predictions"**!.

Currently, validated biological markers for ASD phenotypes are still lacking”. Gold-standard diagnostic
tools such as the autism diagnostic interview-Revised (ADI-R) require 1-3 h of interview time and trained
clinicians, making them impractical for large-scale studies. Changes in diagnostic criteria over time have
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also made it difficult to compare across different studies. AI may have the potential to assist diagnostic

accuracy, quantify behavioral traits, shorten assessment time, reduce reliance on experts, and provide
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standardized phenotyping for large epidemiological studies. Technologies such as facial image recognition*,
eye movement tracking technology'””, and voice analysis”®® have been explored as potential tools to support
ASD diagnosis, though most remain at the research stage. Moreover, Al can also identify potential ASD
subgroups from brain imaging data, offering a complementary approach to traditional phenotype-based
classifications™’.

We searched PubMed on April 14, 2026, using a combination of MeSH terms and free-text keywords across
three domains: ASD, environmental exposures, and Al/computational methods. After screening, 13 studies
met the inclusion criteria. The full search strategy, screening process, and preferred reporting items for
systematic reviews and meta-analyses (PRISMA) flow diagram are provided in the Supplementary Materials
[Supplementary Text 1 and Supplementary Figure 1]. This review summarizes Al applications in ASD
environmental etiology research - covering exposure assessment, phenotyping, association analysis, and risk
prediction. Figure 1 provides an overview of these applications™. It also identifies key gaps in current studies
and discusses why advanced AI methods remain less commonly used in research on the environmental
etiology of ASD. Finally, it outlines a framework for integrating emerging AI tools into future studies. To this
end, the review aims to inform future interdisciplinary research on environmental risk factors for ASD.

AI-ENABLED ENVIRONMENTAL EXPOSURE ASSESSMENT

Al approaches in environmental exposure assessment

The exposome concept - the sum of environmental exposures from conception onward - has shifted
environmental health research from single-pollutant to multi-exposure approaches®!. This shift matters for
ASD, where complex exposures during critical developmental windows may contribute to disease risk. But
putting the exposome into practice is not easy. Exposure data are high-dimensional, correlated, and
dynamic. They require integrating biomonitoring, geospatial, and sensor data®”. ML and DL are increasingly
used to handle the high dimensionality, correlation, and nonlinearity in exposome data”**. Most studies use
supervised or unsupervised learning to examine multiple exposure factors in chronic disease, with DL
emerging more recently”*. For ASD research, the convergence of exposome and Al offers a way to move
beyond single-pollutant studies toward a more complete picture of environmental risk.

Al is increasingly being applied within the exposome framework for dynamic air pollution monitoring and
for detecting pollutants in biological samples. AI has advanced environmental exposure assessment by
integrating information from multiple sources, including satellite images, land-use data, meteorological data,
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and mobile sensor networks®*). This capability has improved the modeling of complex nonlinear
relationships that may be difficult to capture using conventional parametric models”’. Commonly used Al
techniques in environmental etiology research include ensemble learning methods such as random forest
and eXtreme Gradient Boosting (XGBoost), and deep learning architectures, including convolutional neural
networks and GRUs"""*). These tools can predict pollutant levels'*”, reconstruct historical exposure trends”,

41,42

and identify compounds based on MS"“"*?), providing modeled estimates at a higher spatial resolution than
traditional monitoring systems Al-based models can now generate exposure estimates at kilometer-level
spatial resolution with fine temporal granularity, offering a new way to study environmental exposures'*’..
Al-driven wearables can support continuous monitoring**l. Real-time tracking of physiological and
environmental data through wearables is a promising direction for exposome research. The socio-exposome
framework has expanded the concept of exposure to include social and structural determinants - such as

[45

neighborhood socioeconomic status, education, and inequality'*”. Ren ef al. showed that random forest and
XGBoost can capture nonlinear associations between these factors and health outcomes that traditional
geostatistical models missed'**). AT is also becoming better at integrating diverse exposome data - MS,
transcriptomics, geospatial information - into unified exposure profiles**”. At a broader scale, whole-body
exposome models offer a valuable reference for integrating multi-scale data, although their application in

ASD research remains to be explored™®.
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Figure 1. Al applications in environmental etiology research on ASD. Icons in this figure were created using BioGDP (https://BioGDP.com
)E% and the built-in library in Microsoft PowerPoint. LUR: Land use regression; ML: machine learning; GRU: gated recurrent unit; SHAP:
Shapley Additive explanations; ROA: recurrence quantification analysis; SVM: support vector machine; WQS: weighted quantile sum; SiRF:
signed iterative random forests; FGWQSR: frequentist grouped weighted quantile sum regression; MIA: maternal immune activation; ASD:
autism spectrum disorder; MS: mass spectrometry; LASSO: least absolute shrinkage and selection operator; LLMs: large language models;
GNN: graph neural network; EDCs: endocrine disrupting chemicals.

Table 1 summarizes the six studies in this review that applied Al to environmental exposure assessment in
ASD research. As shown in Figure 1, among the studies screened in this review, the application of ML in
ASD-related exposure research remains predominantly based on traditional methods. Some studies have
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Table 1. Al applications in environmental exposure assessment for ASD-related research

Authors Sample
Study type Exposures Al method Population . Objectives Key findings
(Year) y typ P P! size /] Yy g
To assess the Adjusted R% 83.6%
association between  (PM,;), 65.2%
O'Sharkey D/S/A California 2,371,379 prenatal air pollution  (NO,), 93.1% (O,) at
etal. Cohort study  PM,;, NO,, O, algorithm; ML- (2013-2018) (44,173 exposure and social ~ 1km x 1km; effect
(2025)t4 enhanced LUR ASD cases) demographic modification by
modifying factors race/ethnicity and
and the risk of ASD SES
O'Sharkey PM,; components Southern 444,651 Lif;z;y;{:j\mc_ E:Zkﬁgfirzﬁa) and
etal. Cohort study  (brake/tire wear ~ LUR; co-kriging  California (1,466 componentzss particles linked to
2024)19 2016-201 ASD -
(2024) markers) (2016-2019) SD cases) associated with ASD  ASD incidence
Develop high-
resolution exposure ~ R?at 100 m: 84%
- (NO,), 65% (PM,.),
OSharkey T MO O b5y o 527,710 O0e ) D G
benzene, 1,3- . California for California births 92% (0O,); ASD ORs:
etal. Cohort study . algorithm; ML- (9585 ASD
butadiene, Cr, Pb, (1990-2019) and assess prenatal PM,; =110, NO, =
(2025)tn - enhanced LUR cases)
Ni, Zn exposure 1.25, benzene = 1.55,
associations with Ni =1.32 per IQR
ASD risk
Humidity, NO,, SO,
. . . identified as key
) ) Air pollutants, . . ~1.47 Identify key drivers of ) .
Wangetal. Time-series meteorological GRU: SHAP Nanjing, China million ASD outpatient drivers; synergistic
(2023)2 study ¢ J ! (2015-2019) . L P and antagonistic
actors visits visits g .
pollutant interactions
distinguished
. 90% accuracy
Curtin et al. Case-control Ei(erfca-lésos?ratal RQA; fJ\geAd(e;' o 193 (80 ferteaﬁlr::e?asIZirooTure across 4 cohorts;
(2018) metaboﬁ’ii tycles WQS/LASSO S ASD cases) - % "= P cyclical features
v v distinguished ASD
Ling et al. Case-control serum copper SVM Guangxi, China 2253(3)0 f):r|1assz:'fuymAcS<l)D b:?Ed 94.4% accuracy (30
(2023)r4 isotopic signature ex ' . PP ASD, 30 controls)
controls) isotopes

Each row corresponds to a cited study; full references are listed in the reference list. Al: Artificial intelligence; ASD: autism spectrum disorder;
D/S/A: deletion-substitution-addition; DEET: N,N-diethyl-meta-toluamide; FGWQSR: Frequentist Grouped Weighted Quantile Sum Regression;
GRU: Gated Recurrent Unit; LASSO: Least Absolute Shrinkage and Selection Operator; LDA: linear discriminant analysis; LUR: land use regression;
MIA: maternal immune activation; ML: machine learning; PCA: principal component analysis; RQA: recurrence quantification analysis; SHAP:
SHapley Additive exPlanations; SiRF: Signed Iterative Random Forest; SVM: support vector machine; WQS: weighted quantile sum; SES: .

used ML-enhanced LUR models to address exposure assessment challenges"***”". O’Sharkey et al. conducted
a California population-based cohort study of 44,173 ASD cases among 2,371,379 children, finding that
prenatal PM, . exposure was associated with an increased risk of ASD in all models, with the postnatal NO,
effect strongest among Black and Hispanic children*. The same team also developed a high-resolution LUR
model for California spanning 1989 to 2018 using a deletion-substitution-addition algorithm with
collaborative Kriging"'l. At 100-meter resolution, the model achieved adjusted R* values of 84% for NO,, 65%
for PM, , and 92% for O,, demonstrating that ML-enhanced LUR showed good predictive performance for
prenatal and early life periods relevant to ASD studies"™. These models were later used to link specific PM, ,
components (including black carbon from exhaust emissions, barium from brake wear, and zinc from tire
wear) to the risk of ASD in Southern California!. A gated recurrent unit network combined with SHapley
Additive exPlanations (SHAP) analysis identified humidity, NO,, and SO, as key drivers of ASD outpatient

visits and identified potential nonlinear joint patterns'®?.

For pesticide and metal exposure, traditional methods relying on single-time biological samples struggle to
capture the dynamic exposure changes'". Curtin ef al. used tooth biomarkers, which grow gradually like tree
rings, to reconstruct continuous fetal and postnatal zinc-copper exposure histories”®”. Applying recurrence
quantification analysis (RQA), a nonlinear dynamics method, they extracted cyclical features, including cycle



Page 6 of 17 Zheng et al. J. Environ. Expo. Assess. 2026, 5, 26

duration, regularity, and complexity. These features distinguished ASD cases from controls with 90%
accuracy across four independent cohorts, whereas raw metal concentrations showed no group differences,
suggesting that exposure dynamics might provide additional discriminatory information®. In a small
sample (30 ASD, 30 controls), support vector machine classification of serum copper isotope composition
achieved 94.4% accuracy in distinguishing ASD cases from controls””*. However, accuracy estimates from
small samples may be overestimated, and this finding requires external validation.

In addition to targeted metal analysis, both targeted and non-targeted MS methods have been applied. The
targeted method can accurately quantify preset chemicals but cannot detect unexpected exposures. Non-
targeted high-resolution MS can detect thousands of chemical features, but compound identification remains
a bottleneck because most spectral signals do not match existing databases”. Recent Al advances have begun
to address these challenges. ML strategies have enabled concentration prediction in the absence of reference
standards - achieving “stratified semi-quantification” - and have improved metabolite annotation through
observation-data-based retention time prediction'*>**). However, despite these advances in general
exposomics, one ASD-related study has applied Al-assisted MS to microbial markers: a gut microbiota study
combining gas chromatography-mass spectrometry (GC-MS) with an ML classifier distinguished ASD from
controls with 89% accuracy based on volatile organic compound profiles””. The application of Al-driven MS
identification in ASD exposure assessment remains largely unexplored.

Challenges and future directions

The above examples show the potential of Al in promoting research on ASD-related environmental
exposure, but several obstacles continue to limit its broad application*>*>**. Beyond the lag in translating
advanced AI methods into ASD research, the acquisition of exposome data in ASD etiological studies also
faces inherent obstacles. One major challenge is the uncertainty of susceptibility windows*>**. Although AI
methods such as gated recurrent unit networks have shown promise in exploring short-term lagged
associations, only one ASD-related study has employed this approach to date®?. Residential mobility adds
further complexity. Pregnant women frequently change address during pregnancy, yet most studies only
assign exposure based on their birth address, which may lead to greater bias"®”. While AI-based geospatial
models capable of incorporating multi-address spatiotemporal information are technically feasible, they have
not been systematically applied in ASD research. Addressing these technical challenges will require greater
integration of longitudinal mobility data and advanced time-series Al methods into ASD exposure
assessment workflows.

AlIN ASD PHENOTYPING FOR ENVIRONMENTAL EPIDEMIOLOGY

The diagnosis of ASD relies on behavioral assessment tools such as the Autism Diagnostic Observation
Schedule and the ADI-R. However, these instruments are costly, time-consuming, and subject to clinician-
dependent variability, which limits their feasibility for large-scale epidemiological studies'® . The transition
from diagnostic and statistical manual of mental disorders, fourth edition (DSM-IV) to diagnostic and
statistical manual of mental disorders, fifth edition (DSM-5) reduced the ASD diagnosis rate by an estimated
20.8%, and the diagnosis is often delayed until 4 to 5 years of age, complicate the retrospective assessment of
early-life environmental exposures in epidemiological studies'*>*".

Figure 2 summarizes the key advantages and technical framework of AI in ASD phenotyping. ASD is a
complex disease!*”), with considerable variation in clinical manifestations, neuroimaging findings, and
developmental trajectories across individuals. Grouping all ASD cases into a single diagnostic category may
obscure exposure effects that are specific to a particular subtype. Based on Al methods!*"**, this problem has
begun to be addressed by identifying clinical characteristics or neuroanatomical subtypes in ASD. For
example, one study identified four reproducible ASD subtypes based on resting-state fMRI features using a



Zheng et al. J. Environ. Expo. Assess. 2026, 5, 26 Page 7 of 17

Q Behavioral Data Inputs

2

Al Output Effects

Al
! 4 Multimodal data fusion and subtype identification
N o600 000
ADI-R Al facial recognition Voice ﬁﬂw ﬁm
. Wearable devices 00
Al eye-tracking
technology Y).
2 r
5- N
= I ';/ )| I Improving diagnostic Improving diagnostic
Heart Rate - accuracy and efficiency and
Sleep Activity objectivity generalizability
Movement SVM |
. (S «— G I Early screening Promote the integration
j o, & and timely of multimodal data
Two potential ASD neuroanatomical intervention
subtypes were distinguished by SVM

with 95% classification accuracy.

Figure 2. Advantages and technical framework of Al'in ASD phenotyping. (A) illustrates the various behavioral input data for Al-assisted
ASD diagnosis, including ADI-R, Al facial recognition, voice analysis, wearable devices, Al eye-tracking technology, and
physiological/behavioral data such as heart rate, sleep, and activity; (B) summarizes the core values of Al-assisted diagnosis, which
include multimodal data fusion and subtype identification, improved diagnostic accuracy and objectivity, improved diagnostic efficiency
and scalability, early screening and timely intervention, and privacy protection and non-intrusiveness. Icons in this figure were created
using BioGDP (https://BioGDP.com) 8%, Al: Artificial intelligence; ASD: autism spectrum disorder; SVM: support vector machine; ADI-
R: autism diagnostic interview-revised.

ML approach, and subsequently examined clinical differences across these subtypes!*”. Fan et al. identified
two neuroanatomical subtypes of ASD, which were distinguished by an support vector machine model with
95% classification accuracy'™. Wang et al. used semi-supervised clustering to identify two reproducible ASD
subtypes - hyper-connected and hypo-connected - with distinct connectivity patterns across large-scale brain
networks!®*l. Li et al. further developed a dual-autoencoder framework based on population graphs,
integrating resting-state functional magnetic resonance imaging (MRI) and clinical non-imaging data, which
revealed two ASD subtypes with distinct functional connectivity patterns and behavioral correlates®!. These
Al-driven subtypes may help characterize outcome heterogeneity, allowing researchers to test whether
environmental exposures are more strongly associated with specific clinical phenotypes than with a broad
autism diagnosis.

AT has also shown considerable promise in quantifying behavioral characteristics through multiple data
modalities'*”’. Traditional ML models perform well in analyzing facial expressions and gaze patterns'*”. A
script-based behavioral understanding framework using multiple LLMs in a collaborative manner achieved
an F1 score of 95.24% on ASD classification, outperforming both behavioral signal processing baselines and
human raters while preserving interpretability”’. A multimodal strategy that integrated behavioral, genetic,
and structural MRI data achieved a diagnostic accuracy of 98.7% on a held-out test set, with model selection
based on validation performance. Eye-tracking technology has shown utility in ASD diagnosis, and the
EarliPoint System—an Food and Drug Administration (FDA)-cleared device—reported a sensitivity of 71%
in identifying children with ASD in a clinical study”". Al-enabled wearable devices can support continuous
behavioral monitoring and can predict behavioral escalations 1 to 3 min in advance.

From the perspective of environmental etiology, the core value of Al-assisted phenotyping lies in shifting the
diagnostic framework from binary classification toward continuous, dimensional outcome measures. The
behavioral characteristics of Al quantification (such as social gaze duration and eye movement patterns) can
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be incorporated as continuous variables, which not only improve statistical efficiency but also help identify
environmental risk factors related to specific behavioral dimensions rather than a general ASD diagnosis. In
addition, AI-driven real-time monitoring enables the capture of dynamic profiles of both environmental
exposures and individual symptom fluctuations. Rather than relying on point-in-time comparisons, this
approach allows researchers to examine how changes in exposure trajectories relate to changes in outcome
trajectories over time.

Al FOR ASSOCIATION ANALYSIS IN ASD ENVIRONMENTAL ETIOLOGY RESEARCH

Methodological landscape: from variable screening to causal inference

ML methods have been widely used in variable screening and exposure-reaction modeling. Least absolute
shrinkage and selection operator (Lasso), random forest, and XGBoost can help screen or prioritize key
predictors from high-dimensional related exposure data”. Gradient boosting can flexibly fit nonlinear dose-
response relationships without requiring prespecified functional forms”. However, these models often lack
interpretability, which may limit their usefulness for environmental etiology research. Explainable Al
methods such as SHAP and local interpretable model-agnostic explanations (LIME) explain how individual
features contribute to model predictions, but they do not estimate epidemiological or causal effect”. In
mixed exposure analysis, weighted quantile sum (WQS) can estimate the overall mixture effect and identify
the contribution of individual components, whereas Bayesian kernel machine regression (BKMR) can
further explore nonlinear exposure-response relationships and potential interactions among component!”.
Causal forest, targeted maximum likelihood estimation (TMLE), and double/debiased ML can estimate how
effects vary across different subgroups from observational data, rather than just giving a single average effect
for the whole population'.

In recent years, DL and LLMs have further expanded the ability of mixture analysis. Traditional regression
approaches are generally designed to assess associations with individual pollutants or prespecified
combinations, which may limit their ability to capture joint effects from unmeasured or emerging chemicals
detected through nontargeted analysis. One study used a fine-tuned LLM to extract toxicity-related
information from nearly 10,000 publications, generating over 20,000 toxicity records that were then
combined with ML to prioritize previously uncharacterized chemicals for risk assessment””; another study
developed an LLM-based system for functional annotation and initial screening of unknown substances
detected through non-targeted analysis, reporting approximately 85% accuracy'”. In addition, the
NeuralPLSI model” combines the flexibility of a neural network with an interpretable semi-parametric
model, allowing researchers to identify key pollutants while maintaining predictive performance.

Current applications in ASD environmental association studies

Table 2 summarizes the AI methods applied to exposure-ASD association analysis, mixture discovery, and
risk prediction in the reviewed studies. Mixed-exposure analysis remains one of the most critical challenges
in ASD environmental etiology research. In real-world settings, individuals are exposed to complex pollutant
mixtures, and the traditional single-pollutant model is difficult to handle the problem of high collinearity
among mixed-exposure pollutants. A study combining WQS regression with symbolic iterative random
forests found two synergistic effects that only occur when the exposure level exceeds the 75th percentile: the
pairing of cadmium with organophosphorus pesticide metabolites and chlorophenol paired with the same
metabolite, both of which are ignored in a single chemical analysis®’. Rud et al. analyzed more than 300,000
mother-child pairs from Southern California using frequentist grouped weighted quantile sum (FGWQS)
regression®!. They found that trace metals, particularly copper, carried the greatest weight in the association
with ASD risk, suggesting that metal composition rather than total PM, . mass may be more relevant to
neurodevelopment”®'’. A key advantage of this method is that it can simultaneously estimate group mixture
effects and individual chemical weights without data splitting, and its computational efficiency on large-scale
data is substantially higher than that of Bayesian approaches'*'’.
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Table 2. Al and advanced statistical methods for exposure-ASD association analysis, mixture discovery, and risk prediction

Authors Al/ML
Study type  Analytical task Population = Samplesize  Objectives Key findings
(Year) yiyp y method P P ) y g
Association analysis
Cadmium paired
with an
organophosphate
pesticide
metabolite, and
Midya Estimate mixture CHARGE 479 (231 ASD  Detecting potential ch!orophgnol
WQs; oo ) paired with the
etal Case-control  effects and component SIRF Study, USA cases, 248 synergistic effects in came metabolite
(2023)89 weights (2006-2017)  controls) chemical mixtures o
showed potential
synergistic effects
only when
exposure levels
exceeded the 75th
percentile
Estimate joint mixture Copper (weight
Estimate mixture Southern effects o PM2.5 0.65) showed the
Rud et . Cohort study  effects and component FGWQSR  California 317,767 (4,522 Fomponents .and strongest .
(2025)re weights (2001-2014) ASD cases) identify dominant association with
g components in PM,;  ASD (OR =1.13 per
mixtures quintile)
Humidity, NO,, SO,
Wang Air pollution- as key drivers;
otal Time-series meteorology GRU; Nanjing, China  ~1.47 million Identify key drivers of  distinguished
(2023)52 study interaction SHAP (2015-2019)  visits ASD outpatient visits synergistic vs.
antagonistic
interactions
Identified 3
: Public ) . Not specified Reverse screen for pestlcydes
Qietal Bioinformatics Chemical prioritization Lasso transcriptomic (bioinformatics  neurodevelopmental (epoxiconazole,
(2025)t21 P datasets analysis) toxicants P flusilazole, DEET)
(GEO) 4 as candidates for
further validation
e MIA-positive
Compare ASD - France (Paris + . Distinguish ASD subgroup showed
Ellul et al Case-control  subgroups defined b Decision 8 ASD Expert 295 (209 Paris, - subgroups by more severe
(2023)t#3 group Y tree; LDA P 86 multicenter) environmental .
MIA exposure Centers) . socialization
exposure history e
difficulties
Risk prediction
90% accuracy
across 4
Curtin WQS Sweden, UK, 193 (80 ASD Predict ASD from independent
etal. Case-control  Risk prediction ensemble; USA (4 cases) fetal zinc-copper cohorts; cyclical
(2018)13 Lasso cohorts) exposure cycles features (not raw
concentrations)
distinguished cases
H 0,
Ling et al. Case-control  Risk prediction SVM Guangxi, China 60 (30 ASD, (o:rlwasSeSIrB/nchoD b:jed ?;é(;;%%racy
(2023)r4 P X, 30 controls) . PP '
isotopes controls)
the Chiba Combining PCB
Study of exposure with infant Improved
Doi et al. . . . PCA; Mother and 115 mother- P predictive
Birth cohort Risk prediction . . . movement patterns
(2024)@n Lasso Child Health infant pairs . performance vs.
for ASD risk A .
(C-MACH), T single modality
prediction
Japan

Each row corresponds to a cited study; full references are listed in the reference list. Al: Artificial intelligence; ASD: autism spectrum disorder; CI:
confidence interval; DEET: N,N-diethyl-meta-toluamide; FGWQSR: frequentist grouped weighted quantile sum regression; GRU: gated recurrent
unit; Lasso: least absolute shrinkage and selection operator; LDA: linear discriminant analysis; MIA: maternal immune activation; ML: machine
learning; OR: odds ratio; PCA: principal component analysis; SiRF: signed iterative random forest; SVM: support vector machine; WQS: weighted
quantile sum; SHAP: SHapley Additive exPlanations; GEO: gene expression omnibus; PCB: pol chlorinated biphenls.
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A key challenge in environmental etiology research is identifying the most hazardous chemicals from the
vast exposome data, allowing subsequent analyses to focus on the highest-priority candidates. To address this
problem, one study implemented a reverse screening strategy. The researchers used Lasso to regress the
ASD-related transcriptome data to identify the central hub genes, then compared these genes with the
toxicological genomics database, thereby prioritizing three pesticides, epoxiconazole, flusilazole, and N,N-
diethyl-meta-toluamide (DEET) , for further analysis"*?\. Furthermore, a time-series study used gated
recurrent unit networks combined with SHAP analysis to identify humidity, NO,, and SO, as the key drivers
of ASD outpatient visits and to distinguish synergistic and antagonistic effects among the pollutants”..
Previous models usually assume that all cases of ASD are homogeneous, which makes it difficult to identify
the effect of subtype specificity. Al methods can automatically identify subtypes from data, helping
researchers examine whether exposure factors are associated with specific clinical phenotypes. Ellul et al.
applied classification decision trees and linear discriminant analysis to distinguish ASD children based on
maternal immune activation during pregnancy, and found that the maternal immune activation (MIA)-
positive subgroup showed more severe social adaptation difficulties, independent of overall ASD severity'®”.

Al methods for causal inference

Predictive models and causal inference are different things. Most AI methods reviewed here, including
random forest, support vector machines, and gradient boosting - are predictive. They find associations and
generate hypotheses, but they do not estimate causal effects. This distinction is often overlooked in
environmental etiology research, yet it matters for interpretation and policy.

Exposures are often correlated with numerous demographic, behavioral, and socioeconomic factors, making
traditional adjustment for confounders impractical. Causal machine learning methods can flexibly model
measured confounders without requiring prespecified parametric forms, which may help reduce residual
confounding due to model misspecification®*. For instance, Zhou et al. developed a spatial causal tensor
completion framework that jointly models multiple per- and polyfluoroalkyl substances (PFAS) exposures
[including perfluorooctanoic acid (PFOA) and perfluorooctane sulfonate (PFOS)] and 13 chronic disease
outcomes, while adjusting for latent spatial confounders using graph Laplacian eigenvectors. Applied to
national PFAS monitoring data, the approach yielded more conservative causal estimates than conventional
methods!®’!. Some methods also address unmeasured confounding - a longstanding challenge in
observational environmental studies. The Spatial Deconfounder, for instance, reconstructs a substitute
confounder from local treatment vectors using a conditional variational autoencoder and estimates causal
effects via a flexible outcome model—an approach that may help identify direct and spillover effects under
specific model assumptions, though these remain to be empirically validated®. Similarly, a diffusion-based
causal model has been proposed to apply backdoor adjustments during sampling to reduce bias from
unmeasured confounders with spatial or temporal patterns®”. Some AI-based frameworks go beyond
prediction. Causal forests, for example, extend random forests to estimate how effects vary across subgroups.
Naito et al. used this approach in the UK Biobank and BioBank Japan and found that the obesity-diabetes
link varied with polygenic risk. People in the top 10% of genetic risk had a 2.3-fold higher risk than those in
the bottom 10%"”. TMLE combines ML with a bias-correction step and can be used to estimate causal effects
when the relevant assumptions are met. Herrera et al. used TMLE to estimate the health impact of living near
mines in Chile™. They estimated that moving children away from mining sites could cut respiratory disease
by about four percentage points"*®. Gao et al. recently applied causal machine learning - including refutation
tests and exposure-response curves - to e-waste exposures and kidney injury markers™®'. About one-third of
the pollutant-biomarker associations they tested withstood causal refutation, with primary aromatic amines
showing the strongest potential effects on kidney injury®’. Double/debiased ML has also been used to assess
PM, . components and cognitive decline while accounting for measurement error. After correction, bromine,

manganese, lead, and silicon showed the strongest links to faster decline!'.



Zheng et al. J. Environ. Expo. Assess. 2026, 5, 26 Page 11 of 17

None of the studies we reviewed applied TMLE, causal forests, or double/debiased ML to causal questions in
this field.

Al IN INDIVIDUAL RISK PREDICTION FOR ASD

Most applications in Table 2 focus on chemical mixtures and substance prioritization, while the number of
risk prediction studies remains limited. Unlike association analyses, prediction models estimate an
individual’s probability of ASD using a set of predictors. Risk prediction has received more attention in ASD
research, but environmental exposure is rarely included. Most existing models rely on sociodemographic,
familial, and developmental factors - such as birth parameters, growth trajectories, parental characteristics,
and early language or motor milestones. For example, a retrospective cohort study of 604,835 children used a
gradient boosting model based on routine wellness records from birth to 24 months to predict ASD
likelihood, achieving an AUC of 0.81 (SD = 0.004) in threefold cross-validation"**.

Some studies with a proof-of-concept character suggest that measuring early-life exposure might improve
prediction. A retrospective case-control study used cyclical features reconstructed from shed deciduous teeth
to distinguish ASD cases from controls, achieving 90% classification accuracy across four cohorts”’. Another
study used ratios with a support vector machine and achieved 94.4% accuracy in distinguishing ASD cases
from controls - but only 30 participants per group”. A prospective cohort study of prenatal polychlorinated
biphenyls (PCB) exposure suggested a potential association with elevated ASD risk based on modified
checKklist for autism in toddlers screening at 18 months, although the sample size was small and the outcome
was based on a screening tool rather than clinical diagnosi®'.

At present, many challenges exist in incorporating environmental exposure factors into risk prediction of
ASD due to small sample size and the lack of routine exposure measurements in the clinical environment.
Future studies could pretrain multi-modal representations using large birth cohorts with harmonized
exposure and phenotypic data, followed by fine-tuning, recalibration, and external validation in ASD-specific
cohorts. However, these methods need to be carefully verified before they can be applied to clinical or public
health practice.

CHALLENGES AND FUTURE DIRECTIONS

Despite rapid advances in AT across many scientific fields, its application to research on the environmental
etiology of ASD has been limited. Most ASD studies to date have relied on conventional ML methods, such
as random forests, support vector machines, and gradient boosting, whereas DL methods have been used less
frequently. This is partly due to small sample sizes and the complexity of ASD etiology. An additional
challenge is that existing cohort infrastructure may not fully meet the data requirements of advanced Al
methods: large, harmonized, well-annotated datasets are lacking for conventional ML, and domain-specific
text corpora are additionally needed for LLM applications. Data are not standardized, and interdisciplinary
collaboration remains insufficient.

Cohorts differ in exposure measurements, outcome definitions, and data formats, making harmonization
difficult. The Environmental Influences on Child Health Outcomes (ECHO) program, which includes 69
cohorts and over 57,000 children, required substantial time and resources just to align data across sites'*”..
The ECHO experience illustrates the substantial resources required for harmonizing heterogeneous cohort
data, a challenge that is also relevant to ASD research.

The limitations of general-purpose LLMs in specialized environmental tasks illustrate the gap between
promise and practice. In an air pollution control evaluation, 11 LLMs showed clear limitations in accuracy
and hallucination rates, suggesting that general models need task-specific adaptation®. In public health
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policy identification, agreement between generative Al and experts ranged from 67% to 78%, with the lowest
consistency in policy interpretation®". These numbers are a reminder that LLMs are not ready for high-
stakes environmental health applications without careful validation.

But there are reasons to be optimistic. Data standardization is achievable, and domain-specific fine-tuning is
already improving LLM performance in specialized tasks". Federated learning may support collaborative
model training without centralizing raw data, although additional privacy safeguards and evaluation under
between-site heterogeneity remain necessary®**’. This could enable the kind of large-scale, collaborative
research that ASD environmental studies have long needed - without compromising participant privacy.

More broadly, the potential of Al in ASD environmental etiology research extends beyond current
applications. As exposome data accumulate, AI will be able to integrate multiple environmental exposures,
multi-omics data, and clinical phenotypes into more complete individual exposure profiles. For phenotype
prediction, multimodal models combining imaging, behavioral, and genetic data could improve the
resolution of ASD subtype identification, making it possible to link environmental exposures to specific
subtypes more reliably. Transfer learning can leverage patterns learned from large general-population
cohorts, helping to overcome the small-sample constraints that have long limited ASD research. Graph
neural networks may help characterize complex relationships among exposures, genes, and health outcomes,
but causal interpretation requires explicit causal assumptions, appropriate study designs, and dedicated
causal inference methods. These methods are already being used in other areas of environmental health.
These methods may be adaptable to ASD environmental etiology research, but their validity and utility
require evaluation in ASD-specific datasets. Integrating them into ASD environmental studies may not yield
immediate breakthroughs, but it points in a clear direction: away from single-dataset, single-model
approaches, and toward more systematic, mechanism-oriented research that can meaningfully address the
exposure-etiology questions that matter.

CONCLUSION

AT has begun to reshape research on the environmental etiology of ASD, but progress is uneven. In exposure
assessment, Al has improved model resolution; in phenotyping, it has enabled more objective measurement;
in association analysis, it has helped prioritize key toxicants; and in risk prediction, early-life markers have
distinguished ASD cases with considerable accuracy.

Yet most studies still rely on ML. DL, causal inference, and LLMs are rarely used. The obstacles are not just
technical - small cohorts, unstandardized data, and weak interdisciplinary collaboration - but also
infrastructural. Progress will require better data, clearer causal questions, and closer collaboration.
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