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A B S T R A C T

Attention deficit hyperactivity disorder (ADHD) is one of the most diagnosed neurodevelopmental conditions. 
While its aetiology is primarily attributed to genetic factors, the complex interplay with environmental exposures 
remains poorly understood. We investigated the relationship between prenatal environmental exposures 
(excluding biomarkers) and ADHD, utilizing data from seven cohorts (n = 156,563 children) across Europe.

A supervised machine learning model (Random Forest) was run at each cohort site to identify the environ
mental exposures most informative for classifying ADHD. The results were pooled by averaging variable 
importance ranks across cohorts and highest-ranking variables were then used in logistic regression to obtain 
interpretable associations. Finally, a random-effects meta-analysis with restricted maximum likelihood estima
tion was used to infer the associations across cohorts.

Based on Random Forest, built and natural urban characteristics, air pollution, and maternal socioeconomic 
factors were selected as variables with the greatest predictive contribution to ADHD classification. Associations 
with built and natural urban characteristics and air pollution were not robust across cohorts and largely 
attenuated in fully adjusted models. Meta-analysis across cohorts showed increased odds of ADHD for maternal 
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smoking during pregnancy (OR = 1.67, 95% CI: 1.31, 2.14, I2 = 65.5%) and low maternal education (OR = 1.62, 
95% CI: 1.27, 2.07, I2 

= 51.3%), with substantial heterogeneity.
Our findings indicated that maternal smoking during pregnancy and low maternal education were associated 

with increased odds of ADHD diagnoses in children, suggesting the potential role of socioeconomic disparities. 
However, gene-environment correlation cannot be ruled out.

1. Introduction

Attention Deficit Hyperactivity Disorder (ADHD) is one of the most 
frequently diagnosed neurodevelopmental conditions, with a worldwide 
prevalence of around 5.3% among school-aged children (Aghaei et al., 
2019). ADHD is often diagnosed between the ages of 6 and 18 when 
related challenges emerge in school and other social settings – although, 
for various reasons, in girls, ADHD diagnoses are often delayed by 
several years, compared to boys (Rocco et al., 2021; Williams et al., 
2025). While ADHD was long considered a childhood condition, it is 
increasingly recognised as a condition that affects individuals 
throughout their whole lifespan (Sharma and Couture, 2014).

ADHD is defined by patterns of age-inappropriate inattention, 
impulsivity, and hyperactivity, associated with problems in functioning 
across major life arenas, such as education, family, school performance, 
peer relationships, and workplace. ADHD increases risk for mental 
health issues, accidents, criminality, premature mortality, and suicide 
(Faraone et al., 2021; Sonuga-Barke et al., 2023). International guide
lines recommend multimodal intervention for ADHD, including a com
bination of both pharmacological and behavioural treatment (Coghill 
et al., 2023).

ADHD is an etiologically complex condition with both genetic and 
environmental factors and their interaction contributing. Genetic factors 
are considered a major contributor to ADHD development (Demontis 
et al., 2023), with a heritability of up to 80% (Faraone et al., 2024). 
Nevertheless, the contribution of environmental factors, on the other 
hand, is estimated to be 10–40% (Oudin et al., 2019). Environmental 
factors may not only play a role in the causes of ADHD, but also in 
whether individuals are referred to services and the likelihood of getting 
diagnosed. Prenatal and early-life exposures, including maternal factors, 
exposure to environmental chemicals, and nutritional deficiencies, may 
impact the development of ADHD (Carlsson et al., 2021). Gaining a 
better understanding of the role of prenatal exposures could be essential 
for reducing ADHD-related risks, thereby promoting preventative stra
tegies of early adversities to improve both individual outcomes and 
societal costs (Aghaei et al., 2019; Mikeš et al., 2023; Sciberras et al., 
2017).

To address this complexity and better characterize the multifactorial 
environmental contributions to neurodevelopmental disorders such as 
ADHD, the exposome framework was proposed by Wild in 2005 (Wild, 
2005). The exposome aims to capture the totality of environmental ex
posures that an individual encounters throughout life, beginning in the 
prenatal period, thereby complementing genetic approaches to disease 
aetiology. It encompasses a broad range of external exposures such as air 
pollution, built environment, socioeconomic conditions, and lifestyle 
factors as well as internal markers measured in biological samples. By 
integrating information of multiple exposures across different life do
mains, the exposome framework provides a holistic perspective on how 
complex exposure patterns shape health and development (Gutierrez- 
Ortiz et al., 2025). With the growing adoption of the exposome frame
work, research has expanded beyond traditional physical health out
comes, increasingly including neurodevelopmental and psychiatric 
conditions into exposome-based investigations (Erzin and Guloksuz, 
2021). The present study focuses on the general and specific external 
exposome, specifically environmental and socioeconomic exposures 
during pregnancy, and does not include internal exposome.

This work focuses on analysing data from more than 150,000 chil
dren collected in seven cohorts, all part of the Equal-Life project, which 

is a large European effort to understand how children's physical and 
social environments influence their mental health and cognitive devel
opment from conception to early adulthood (van Kamp et al., 2022). The 
main aims were to i) identify prenatal exposures associated with ADHD, 
ii) assess the relationship between the identified exposures and ADHD 
diagnosis for each study population, and iii) assess the consistency of 
these relationships across all analysed studies. By utilising diverse 
datasets and employing robust statistical methods, this study aimed to 
investigate the prenatal factors influencing neurodevelopment towards 
ADHD.

2. Methods

2.1. Study populations

Altogether, seven European population-based cohorts and cross- 
sectional studies involving children were included: ABCD, the 
Netherlands (van Eijsden et al., 2011), ALPINE, Austria (Dzhambov 
et al., 2019), ALSPAC, United Kingdom (Fraser et al., 2013), 
BREATHE, Spain (Forns et al., 2016), FAIR, Sweden (Skröder et al., 
2021), PIAMA, the Netherlands (Wijga et al., 2014), and WALNUTs, 
Spain (Julvez et al., 2021). The total number of participants was 
156,563, ranging from 645 (WALNUTs) to 138,971 (FAIR). More details 
on each study were included in the SI (Supplementary Information) 
Table S1.

2.2. ADHD diagnosis assessment

Three main sources of data on ADHD diagnoses were used: clinical 
register data, parental reports, and teacher assessments. Parental reports 
were used in ABCD, PIAMA, ALSPAC, and WALNUTs. In ABCD, mothers 
reported whether their child had long-term medical, behavioural, or 
school problems, with ADHD listed among the options (children aged 
11–12, 15–16). In PIAMA, parents were asked whether their child had 
ever been diagnosed with ADHD (children aged 14), in ALSPAC, 
mothers reported whether their child had ADHD symptoms using DSM- 
IV (Willcutt, 2012) criteria for children aged 10 years old, and WAL
NUTS asked whether a doctor or psychologist had diagnosed the child, 
and to specify the condition (children aged 11–16). Teacher assessments 
were used in BREATHE and ALPINE. In BREATHE, teachers rated ADHD 
symptoms using DSM-IV criteria across 18 items (0–3 scale, total 0–54, 
children aged 7–11). In ALPINE, teachers of children aged 8–11 years 
completed the Needleman questionnaire (Ullmann et al., 1984) with 
yes/no responses indicating ADHD status. FAIR captured physician and 
psychologist diagnoses using the National Medical Birth Register and 
Patient Register, which covered nearly all deliveries in Sweden (children 
aged 0–12). These registers include child diagnosis in the form of In
ternational Classification of Diseases codes (10th version). Statements 
on ethical approvals for each study were provided in the Supplementary 
Information.

2.3. Prenatal exposome characterisation

Two types of data sources on the exposome were used: 1) cohort- 
specific data curated in the framework of each study (e.g., air pollu
tion, traffic noise), and 2) enriched data generated for most of the studies 
for the needs of the Equal-Life project (e.g., land use).

Cohort-specific data covered indicators such as parental education, 
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household income, number of adults living in the household, maternal 
smoking during pregnancy, and parental occupation. These indicators 
were extracted from cohort-specific questionnaires or national registers. 
Furthermore, indicators like NO2 or road/plane/rail noise were esti
mated based on national monitoring services.

Enriched data included multiple land use or neighbourhood-level 
indicators. These included the population density, building density, 
elevation, and slope, land use mix (e.g., urban green land, agricultural 
land, water land), roads (e.g., lengths of the streets, distance to the 
closest road), connectivity (e.g., closeness and number of intersections, 
betweenness), green and blue areas (e.g., access to major blue areas, 
distance to closest green areas), tree cover, and neighbourhood-level 
socioeconomic indicators (e.g., age structure, unemployment rate, net 
migration rate). Mentioned indicators were often generated in multiple 
iterations based on buffer area around the geocode (residence during 
pregnancy, 100/300/500 m) and year (based on data availability). Data 
sources of the indicators were included in SI Table S2, along with files 
containing detailed information on data preparation, harmonisation, 
and enrichment.

2.4. Data analysis

A significant number of variables, both from physical and social 
exposome, were collected across the seven cohorts, including the data 
enrichment efforts within the Equal-Life project. Variables available 
only in one cohort were removed from the selection, as well as variables 
with a high proportion of missing data (>25%). Iterations of the same 
variables, with a buffer radius of 100 m and 500 m around a geocode 
(home address), were removed in favour of the 300 m buffer (Pratt et al., 
2014; Who, 2017). Likewise, many enriched variables were year or 
period-specific; thus, only the variable relevant to the birth year or 
closest to the birth year of each child in each cohort was used. Finally, 
variables not relevant to the prenatal period were removed (e.g., 
breastfeeding, child dietary habits, peer relationships). Per study, 46–49 
variables were available for analysis (ALPINE and ALPSAC had only 24 
and 29 variables, respectively), with varying levels of overlap between 
studies. Variable availability, overlap, and description of each variable 
were included in SI Table S3.

A machine learning algorithm – Random Forest (RF) was employed 
to perform two tasks: 1) to further reduce the pool of variables, and 2) to 
identify the variables most informative for classifying ADHD diagnosis. 
The separate results of RF produced at different locations were centrally 
integrated to procure a list of variables with the greatest predictive 
contribution to ADHD diagnosis across all the cohorts. As a next step, 
logistic regression was run to estimate the risk of ADHD associated with 
each variable. In the final step, estimates of the logistic regression were 
centrally meta-analysed to glean the overall effect estimates. All analyses 
were done in the R programming language.

2.4.1. Random forest
Two variations of RF were used: Classification and Regression Trees 

(RF-CART) (Lampa et al., 2014) and Conditional Inference Trees (RF-CI) 
(Strobl et al., 2008). RF-CART prioritised continuous variables in its 
ranking, while RF-CI incorporated a statistical hypothesis testing 
framework for variable selection, resulting in a bias toward categorical 
variables. This dual approach complemented the selection of both 
continuous and categorical variables. Additionally, RF-CART is robust to 
outlying values (Breiman, 2001), while RF-CI may be to a degree 
influenced by them, though this affects only the choice of splitting 
variable not the location of the split (Hothorn et al., 2006). Therefore, 
the use of both methods serves as a form of sensitivity analysis with 
respect to outliers. The analysis was performed separately using RF- 
CART and RF-CI. A shared R code using the missForest (Stekhoven and 
Bühlmann, 2012); ranger (Wright and Ziegler, 2017), and partykit 
(Hothorn et al., 2006) packages, was written for the RF analysis 
(Meijering, 2026). Variables with up to 25% missing values were 

imputed, while variables exceeding this threshold were excluded from 
the analysis (Madley-Dowd et al., 2019). Each data owner performed the 
analysis separately to avoid issues associated with data privacy and 
analysis inconsistency. RF-CI analysis on FAIR cohort exceeded avail
able computational power. To address this, the FAIR cohort was 
randomly divided into five subsets of approximately 28,000 participants 
each. The proportion of ADHD cases was preserved in each subset to 
maintain representativeness of the outcome. The RF-CI analysis was 
then run separately on each subset, producing five sets of variable 
importance rankings. These were subsequently pooled into a single 
FAIR-level result using the same rank-averaging approach that was 
applied across cohorts (see below). The pooled result was included in the 
overall cross-cohort analysis alongside the results from the remaining six 
cohorts. In each RF run across all studies, permutation variable impor
tance (Altmann et al., 2010) was given to all analysed variables (the 
higher the importance, the greater the variable's contribution to classi
fication of ADHD diagnosis). Based on permutation variable importance, 
more reliable and less reliable variables for the prediction of ADHD 
diagnosis were identified. Variables with a permutation variable 
importance below the lowest absolute permutation variable importance 
were deemed less reliable (Strobl et al., 2009). Analysed variables were 
then ranked in order of importance (highest importance = rank 1). Any 
less reliable results were attributed with the lowest rank possible in the 
specific RF run, signifying lower predictive contribution to ADHD clas
sification. Thus, all analysed variables were included, but the increased 
uncertainties were accounted for.

To pool the results from all studies, the ranks of the same variables 
were averaged to produce an overall ranking of variables by their pre
dictive contribution to ADHD classification (Rengasamy et al., 2021). 
Variables appearing in fewer than four cohorts (half), regardless of rank, 
were excluded to further compare variables available in as many studies 
as possible, while still being relevant for ADHD diagnosis. This step was 
performed separately for RF-CART and RF-CI results, as each prioritized 
different sets of variables and thus yielded different results.

2.4.2. Logistic regression
Pooled RF results focusing on the 15 variables with the greatest 

predictive contribution to ADHD classification (RF-CART and RF-CI 
separately) served as a guide for variable selection in the logistic 
regression. The number of covariates included in each logistic regression 
model was limited to a maximum of 15. This specification was well 
within contemporary methodological recommendations (Vittinghoff 
and McCulloch, 2007), which emphasized model complexity, outcome 
prevalence, and predictor correlations rather than rigid “events-per- 
variable” thresholds as the key determinants of model stability. Given 
the large sample size and the substantial number of ADHD cases in our 
dataset, including up to 15 independent variables did not meaningfully 
increase the risk of overfitting. Moreover, several covariates were cat
egorical with limited levels, further reducing the effective number of 
parameters. Sensitivity analyses confirmed that model estimates were 
stable across different variable sets.

Previous knowledge of exposure linked with ADHD in children was 
used as a complement to the pooled results to produce a more robust 
selection of exposures. The following rules were then applied for the 
final selection: 1) include demographics as adjusting variables, 2) pri
oritize variables appearing in both RF-CART and RF-CI, 3) include var
iables from diverse exposure subcategories (e.g., built environment, 
socioeconomics), 4) prioritize high-ranking variables over lower- 
ranking variables, 5) avoid overly complex models, and 6) consider 
existing literature. Logistic regression with selected variables (expo
sures) and ADHD as the dependent variable was run. Beta coefficients 
were expressed as odds ratios (OR) with a 95% confidence interval (CI). 
Increment of change for each variable (see SI Table S4) used to calculate 
OR + 95% CI was based on the units each variable was measured in. 
Data multicollinearity was assessed based on the generalized variance 
inflation factor (SI Table S12) (Fox and Monette, 1992). We applied 
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multiple imputation using the mice package (Buuren and Groothuis- 
Oudshoorn, 2011), generating five imputed datasets with five itera
tions per imputation using classification and regression trees. Imputa
tion was restricted to variables with ≤ 25% missing data (Madley-Dowd 
et al., 2019), while variables exceeding this threshold were excluded 
from the analysis. Pooling of the regression results was done according 
to the Rubin's rules (Little and Rubin, 2019).

Demographic indicators were considered a distinct group of vari
ables that were treated as covariates. These included the child's birth 
year and sex, and the mother's age at birth and country of birth. In total, 
three models were run: basic model (each exposure analysed separately, 
including covariates), fully adjusted model (all exposures and cova
riates), and harmonised model (including only exposures and covariates 
available in all involved cohorts). To evaluate the robustness of our 
exposure selection strategy, we ran sensitivity analyses in which specific 
exposures were replaced by alternative variables suggested by the RF- 
CART and RF-CI importance rankings.

A standardized script for logistic regression and imputation was first 
distributed to all data owners, who applied it locally to their respective 
datasets (Šulc, 2026). The resulting study-specific estimates were pooled 
centrally using a random-effects meta-analysis. Meta-analysis used the 
restricted maximum likelihood estimator to account for both within- 
study and between-study variability. This approach assumes that the 
true effect size may vary across studies due to differences in study 
populations or methodologies and provides a weighted average of the 
effect estimates while incorporating this heterogeneity. To assess het
erogeneity across studies, we calculated Cochran’s Q statistic, the I2 

statistic, and the between-study variance (τ2). The meta-analyses were 
performed using the metafor package in R (Viechtbauer, 2010). To 
investigate methodological heterogeneity, a subgroup meta-analysis was 
conducted, stratifying cohorts into parent reported, teacher assessment, 
and non-parent assessment of ADHD diagnosis. Meta-regression further 
testing the effect of study size, percent of ADHD cases, median year of 
the study, and ADHD diagnosis assessment method (parent, teacher, 
registry) was done.

To assess the potential impact of unmeasured confounding, E-values 
were calculated for all found associations (OR and lower 95% CI bound), 
including both individual cohort estimates and meta-analysis results. 
The E-value represents the minimum strength of association an un
measured confounder would need to have with both the exposure and 
the outcome to explain the observed association (VanderWeele and 
Ding, 2017).

3. Results

3.1. Descriptive statistics of study populations

See Table 1 for an overview of the study populations. The percentage 
of ADHD diagnoses/ADHD status ranged from 1.6% (ALSPAC) to 13.8% 
(ALPINE). In all studies, boys had a noticeably higher number of positive 
diagnoses as compared to girls. Median maternal age at birth spanned 
from 28 years in ALPINE to 33 years in ABCD and WALNUTs. Smoking 
during the first trimester of pregnancy ranged from 4.9% (FAIR) to 
17.2% (ALSPAC), highlighting varying maternal health behaviours 
across populations and social groups. Education levels also varied across 
cohorts, with ABCD having the highest proportion of highly educated 
people (67.7%) and ALSPAC the lowest (15.5%). At the same time, 
ALSPAC also had the highest proportion of the least educated people 
(53.3%). Mothers' country of birth was the study country in > 79% of 
participants across cohorts. Children from ALSPAC, ALPINE, and PIAMA 
were born between 1991 and 1997, children from WALNUTs, ABCD, and 
BREATHE between 2000 and 2004, and children from FAIR between 
2007 and 2012.

3.2. Integrated results from random forest

Information on the RF analyses (permutation variable importance, 
rank) for each included cohort was provided in SI Table S5-S7. As ex
pected, RF-CART prioritised continuous variables while RF-CI priori
tised the categorical ones. The full integrated results of both RF types 
were provided in SI Figs. S1 and S2.

Overall, both methods identified a mix of environmental, built 
environment, and sociodemographic factors as important, although 
their relative importance differed by approach. In the RF-CART model, 
the highest-ranked variables were tree cover, followed by distance to 
major roads (Major road), general road distance, and residential NO2 
concentrations. Population and topographic measures, including popu
lation count and elevation, and low-density residential areas (LDR) were 
also prominent. Additional contributions came from indicators of sur
rounding land cover and greenness, such as the normalized difference 
vegetation index (NDVI), natural land, distance to green space, and 
distance to blue space (Blue distance).

RF-CI model prioritised sociodemographic and familial characteris
tics. The most important variable was father’s and mother’s education, 
mother’s occupation code, smoking during pregnancy (Smoking), and 
the number of adults in the household. Environmental variables were 
also represented, with population density, area of green space, LDR, tree 
cover, and elevation ranked as important. Average rank and more details 
on each selected variable are presented in SI Table S8.

Based on the pooled results and the rules stated above, the tree cover, 

Table 1 
Descriptive statistics of the study populations.

Statistic Study
ABCD ALPINE ALSPAC BREATHE FAIR PIAMA WALNUTs

Study sample size 2,853 1,251 7,683 2,852 138,971 2,308 645
ADHD − positive diagnosis (%) 3.8 13.8 1.6 3.8 7.7 7.1 9.2
of which (% boys) 75.9 65.9 50.2 72.2 69.5 73.2 76.3
Mothers' age at birth − median (5th percentile, 95th percentile) 33 (25, 40) 28 (20, 37) 29 (21, 37) − 32 (23, 40) 33 (25, 37) 33 (26, 41)
Mothers' age at birth − NA (%) 10.8 1.5 6.8 − 0 1.2 9.0
Mother smoking during pregnancy (%) 8.8 11.9 17.2 9.1 4.9 16.5 10.5
Mother smoking during pregnancy − NA (%) 0 2.0 5.8 7.3 0 0.8 3.1
Mothers' education − low (%) 6.8 22.3 53.3 12.1 9.3 17.5 6.7
Mothers' education − mid (%) 16.9 54.6 24.2 27.3 31.3 41.6 32.7
Mothers' education − high (%) 67.7 23.1 15.5 55.7 58.1 40.6 60.5
Mothers' education − NA (%) 8.7 0 7.1 4.9 1.4 0.3 0.2
Mothers' country of birth (%)* 79.9 − 91.1 84.1 86.6 94.7 83.7
Mothers' country of birth − NA (%)* 0.0 − 7.4 0.4 0 1.1 1.4
Birthyear (children) 2003–2004 1992–1997 1991–1994 2001–2004 2007–2012 1996–1997 2000–2003

*Country of birth is the same as the country where the study is being conducted.
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LDR, elevation, NO2, Blue distance, Major roads, population count, the 
number of adults in the household, Smoking, and the mother's education 
were selected as the main variables of interest. The secondary variables 
of interest, used in the sensitivity analyses, were road distance, 

population density, built-up area, NDVI, and household income. More 
details on each variable and the process of its selection were provided in 
the Supplementary Information.

Table 2 
Results of the logistic regression using the variables indicated by the RF-CART and RF-CI and ADHD.

Basic models
Study ABCD ALPINE ALSPAC BREATHE FAIR PIAMA WALNUTs
Variable OR 95% CI OR 95% CI OR 95% CI OR 95% CI OR 95% CI OR 95% CI OR 95% CI

Blue distance 1.02 [0.88, 
1.19]

1.00 [0.99, 
1.01]

n/a n/a 0.99 [0.94, 
1.04]

1.04 [1.03, 
1.05]

0.99 [0.97, 
1.02]

1.06 [0.97, 
1.15]

Mother's Education 2.06 [1.33, 
3.19]

1.47 [1.04, 
2.08]

1.37 [0.87, 
2.17]

2.58 [1.76, 
3.78]

1.73 [1.66, 
1.81]

1.22 [0.89, 
1.67]

3.44 [1.81, 
6.54]

Elevation 0.48 [0.21, 
1.07]

1.00 [0.99, 
1.01]

n/a n/a 1.00 [0.96, 
1.04]

1.09 [1.07, 
1.11]

0.77 [0.59, 
1.01]

1.03 [0.98, 
1.10]

Built-up area 0.81 [0.59, 
1.11]

0.98 [0.79, 
1.21]

n/a n/a 0.95 [0.70, 
1.29]

0.89 [0.86, 
0.92]

1.02 [0.83, 
1.26]

0.73 [0.47, 
1.12]

Population count 1.01 [0.55, 
1.88]

0.87 [0.44, 
1.72]

n/a n/a 0.98 [0.82, 
1.17]

0.90 [0.89, 
0.92]

0.95 [0.64, 
1.40]

0.87 [0.65, 
1.16]

Major roads 1.31 [0.76, 
2.25]

0.99 [0.90, 
1.09]

n/a n/a 1.02 [0.65, 
1.59]

1.02 [1.01, 
1.03]

0.95 [0.75, 
1.20]

0.89 [0.31, 
2.55]

Number of adults n/a n/a n/a n/a n/a n/a 0.95 [0.64, 
1.40]

0.62 [0.59, 
0.66]

1.31 [0.92, 
1.87]

0.55 [0.29, 
1.05]

NDVI 1.34 [1.02, 
1.75]

1.13 [0.86, 
1.48]

0.85 [0.60, 
1.19]

1.10 [0.71, 
1.70]

1.17 [1.14, 
1.20]

0.96 [0.75, 
1.23]

1.54 [0.71, 
3.35]

NO2 0.97 [0.72, 
1.31]

0.96 [0.80, 
1.16]

1.22 [0.73, 
2.04]

1.03 [0.86, 
1.24]

0.70 [0.67, 
0.73]

1.15 [0.93, 
1.42]

0.83 [0.66, 
1.04]

Population density 1.00 [0.97, 
1.03]

n/a n/a 1.04 [0.97, 
1.12]

n/a n/a 0.94 [0.93, 
0.95]

0.94 [0.82, 
1.07]

n/a n/a

Smoking 1.41 [0.77, 
2.58]

1.60 [1.02, 
2.51]

1.86 [1.24, 
2.77]

2.66 [1.55, 
4.56]

2.31 [2.16, 
2.48]

1.07 [0.79, 
1.43]

3.63 [1.78, 
7.42]

Tree cover 0.65 [0.24, 
1.76]

0.85 [0.66, 
1.10]

n/a n/a 1.34 [0.63, 
2.83]

1.09 [1.05, 
1.12]

1.28 [0.89, 
1.85]

1.62 [0.42, 
6.35]

LDR 3.73 [1.60, 
8.70]

n/a n/a 1.00 [0.99, 
1.01]

1.05 [0.61, 
1.82]

1.16 [1.13, 
1.20]

0.96 [0.59, 
1.56]

1.69 [0.65, 
4.42]

Fully adjusted models
Blue distance 1.04 [0.88, 

1.23]
0.99 [0.97, 

1.01]
n/a n/a 0.97 [0.87, 

1.07]
1.00 [0.99, 

1.01]
1.00 [0.97, 

1.03]
1.09 [0.93, 

1.28]
Mother's Education 1.82 [1.15, 

2.88]
1.50 [1.05, 

2.14]
1.06 [0.63, 

1.78]
2.38 [1.60, 

3.52]
1.46 [1.39, 

1.53]
1.22 [0.88, 

1.69]
2.95 [1.47, 

5.90]
Elevation 0.47 [0.14, 

1.57]
1.00 [0.99, 

1.02]
n/a n/a 1.01 [0.94, 

1.09]
1.06 [1.04, 

1.08]
0.76 [0.57, 

1.02]
0.99 [0.82, 

1.18]
Population count 1.11 [0.50, 

2.50]
0.66 [0.28, 

1.58]
n/a n/a 0.96 [0.70, 

1.33]
0.95 [0.93, 

0.98]
0.81 [0.50, 

1.33]
1.10 [0.58, 

2.07]
Major roads 1.14 [0.62, 

2.10]
0.96 [0.84, 

1.08]
n/a n/a 1.20 [0.62, 

2.32]
1.00 [0.99, 

1.01]
0.99 [0.77, 

1.26]
0.49 [0.10, 

2.41]
Number of adults n/a n/a n/a n/a n/a n/a 0.89 [0.61, 

1.29]
0.71 [0.68, 

0.76]
1.35 [0.94, 

1.94]
0.58 [0.29, 

1.14]
NO2 1.32 [0.90, 

1.93]
0.88 [0.67, 

1.15]
1.21 [0.73, 

2.03]
1.12 [0.93, 

1.36]
0.84 [0.78, 

0.90]
1.20 [0.92, 

1.55]
0.78 [0.53, 

1.15]
Smoking 1.29 [0.70, 

2.39]
1.52 [0.96, 

2.41]
1.84 [1.09, 

3.08]
2.12 [1.20, 

3.76]
1.75 [1.62, 

1.88]
1.01 [0.74, 

1.36]
3.04 [1.32, 

6.96]
Tree cover 1.12 [0.35, 

3.58]
0.74 [0.55, 

1.01]
n/a n/a 1.31 [0.34, 

5.06]
0.93 [0.89, 

0.97]
1.45 [0.95, 

2.21]
0.68 [0.05, 

8.66]
LDR 3.41 [1.32, 

8.81]
n/a n/a 1.00 [0.99, 

1.01]
1.12 [0.48, 

2.62]
0.99 [0.95, 

1.03]
0.99 [0.55, 

1.76]
1.36 [0.20, 

9.43]
Harmonised models
Mother's Education 1.53 [0.99, 

2.35]
1.44 [1.01, 

2.05]
1.19 [0.72, 

1.96]
2.39 [1.65, 

3.46]
1.61 [1.54, 

1.68]
1.30 [0.95, 

1.78]
2.70 [1.41, 

5.15]
NDVI 1.18 [0.87, 

1.60]
1.97 [0.95, 

4.09]
0.87 [0.54, 

1.40]
1.16 [0.57, 

2.34]
1.01 [0.96, 

1.05]
1.13 [0.75, 

1.70]
1.47 [0.27, 

8.08]
NO2 1.19 [0.84, 

1.67]
0.97 [0.78, 

1.21]
1.22 [0.73, 

2.03]
1.11 [0.93, 

1.33]
0.86 [0.80, 

0.92]
1.24 [0.93, 

1.64]
0.83 [0.58, 

1.18]
Smoking 1.35 [0.73, 

2.47]
1.56 [0.99, 

2.48]
1.91 [1.14, 

3.20]
2.10 [1.20, 

3.67]
1.92 [1.79, 

2.06]
1.04 [0.77, 

1.40]
2.98 [1.40, 

6.35]
Grey space – Built-up 

area
0.87 [0.58, 

1.30]
1.64 [0.91, 

2.94]
n/a n/a n/a n/a n/a n/a 1.00 [0.75, 

1.34]
n/a n/a

Grey space – 
Population count

n/a n/a n/a n/a n/a n/a 0.94 [0.72, 
1.23]

0.97 [0.94, 
0.99]

n/a n/a 1.12 [0.61, 
2.05]

Grey space – 
Population density

n/a n/a n/a n/a 1.03 [0.93, 
1.13]

n/a n/a n/a n/a n/a n/a n/a n/a

OR: odds ratio; 95% CI: 95% confidence interval; LDR: low-density residential areas; NDVI: normalized difference vegetation index; Basic model: included each tested 
variable separately and the child's birth year and sex, and the mother's age at birth and country of birth; Fully adjusted model: included all the variables together and 
the child's birth year and sex, and the mother's age at birth and country of birth; Harmonized model: included only the variables available in all the involved cohorts 
and the child's birth year and sex.
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3.3. Logistic regression and meta-analysis

Descriptive statistics of the exposome variables were included in SI 
Table S9 and correlation matrices in SI Table S10. Detailed results of the 
logistic regression are shown in Table 2. In the basic models, all the 
exposures were tested separately, adjusting only for demographic in
dicators (the child's birth year and sex, and the mother's age at childbirth 
and country of birth). When inspected separately, many of the basic 
models provided associations suggesting increased odds of ADHD in 
association with various exposures. Apparent was the effect of maternal 
smoking during pregnancy and (low) maternal education, indicating an 
association with higher odds of ADHD, significant across most studies. 
LDR was also indicated as a risk factor for ADHD. This was, however, 
seen only in ABCD and FAIR cohorts. In the same cohorts, the results of 
NDVI counterintuitively suggested an adverse association of this green 
space indicator with ADHD. Similar effects were observed for blue space 
and tree cover.

In fully adjusted models, the most consistent associations across 
cohorts were those with exposure to maternal smoking during preg
nancy and the (low) educational status of the mother. In ABCD, LDR was 
still associated with increased ADHD risk, but this was no longer the case 
in FAIR. No other associations were significant in any cohort, except for 
the FAIR cohort. In FAIR, NO2, tree cover, population count, and the 
number of adults were associated with decreased odds of ADHD diag
nosis. On the other hand, elevation was associated with an increased risk 
of ADHD. Across cohorts, the results for environmental exposures were 
inconsistent often with relatively wide CI, negative or positive point 
estimates depending on the cohort.

In the harmonised model, only the exposures available in all the 
involved cohorts were included. This limited the selected variables to 
elevation, maternal smoking during pregnancy, maternal education, 
NO2, NDVI, and an indicator of grey space (built-up areas, population 
count, or population density; these were treated equally). The results 
from this model were in line with the pattern of association provided 
thus far. Maternal smoking during pregnancy and lower maternal edu
cation were still associated with an increased odds of ADHD diagnosis, 
while no associations were found for other exposures. The only excep
tions were NO2 and population count, both of which showed inverse 
association in FAIR.

In the sensitivity analyses, we replaced some of the original variables 
with household income, road distance, built-up area, population den
sity, and NDVI (SI Table S9). Overall, these substitutions produced re
sults similar to the fully adjusted models. The most notable change 
appeared in the ALPINE cohort, where the OR for maternal smoking 
during pregnancy indicated higher odds of ADHD compared to the fully 
adjusted model. Slightly higher ORs were also seen in FAIR, BREATHE, 
and WALNUTs compared with the fully adjusted models for the same 
variable. Household income showed a pattern similar to maternal 

education: lower income was associated with higher odds of ADHD 
diagnosis, although the association was weaker than the association 
with education.

Finally, the results of the harmonised models were meta-analysed. 
Since most of the results did not indicate an association, only the results 
for mothers' education and smoking during pregnancy were presented. 
The remaining results from the meta-analyses were included in the SI 
Figs. S3-S10.

Meta-analysis of the results for mothers' education, including all the 
cohorts, showed an OR = 1.61, 95% CI [1.54, 1.68]. However, the FAIR 
cohort contributed to almost 93% of this weight. As a result, the pooled 
estimate was largely driven by a single cohort and therefore provided 
limited information about consistency across studies. When FAIR was 
excluded, the contribution of the remaining cohorts was noticeably 
more balanced, while a similar OR was observed as before, OR = 1.62, 
only with a wider 95% CI [1.27, 2.07] (Fig. 1). A moderate heteroge
neity was observed (Q = 10.44, p = 0.06, I2 = 51.3%, τ2 = 0.05). For this 
reason, the FAIR-excluded model was treated as the primary result, as it 
more meaningfully reflects the degree of agreement across the contrib
uting populations.

For maternal smoking during pregnancy, the weight of all the co
horts was more balanced, with FAIR contributing approximately 26% to 
the pooled OR (Fig. 2). When pooled, smoking during pregnancy 
increased the odds of ADHD diagnosis; OR = 1.67, 95% CI [1.31, 2.14]. 
Exclusion of the FAIR cohort had only a minor impact on the pooled 
result (OR = 1.60, 95% CI [1.19, 2.16]). Observed heterogeneity was 
higher compared to the previous meta-analysis (Q = 18.78, p = 0.005, I2 

= 65.5%, τ2 = 0.06).
Although not statistically significant, the meta-analysis point esti

mate for NO2 indicated an elevated risk of ADHD (SI Fig. S8 and S9). 
This was also the case for NDVI, but not for grey space. Notably, FAIR 
cohort results often add over 75% of the weight.

The strongest associations (maternal education, smoking) showed 
consistently higher E-values both in individual cohorts and in the meta- 
analysis estimates, where E-values for the point estimates were 2.60 and 
2.73 respectively (SI Table S13). These values indicate that a moderately 
strong unmeasured confounder could potentially explain several of the 
observed associations, particularly those with E-values close to 1. 
Meanwhile the associations for maternal education and smoking would 
require a confounder with stronger association to be fully attributed to 
bias.

A subgroup meta-analysis stratifying cohorts into parent reported, 
teacher assessment, and non-parent assessment of ADHD diagnosis was 
provided in supplement (SI Fig. S11 to S14). For maternal education, 
both groups indicated an increased risk of ADHD. Heterogeneity was 
notably lower in the parent reported group (Q = 4.64, p = 0.199, I2 =

7.6%, τ2 = 0.004) compared to the teacher assessment group (Q = 3.80, 
p = 0.051, I2 = 73.7%, τ2 = 0.094). Regarding maternal smoking, both 

Fig. 1. Meta-analysis of the effect of (low) maternal education on the odds of ADHD diagnosis. Based on the results of the harmonised model, excluding FAIR cohort 
(black point estimate with confidence interval whiskers represent found associations).
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groups indicated increased risk as well. Interestingly, for smoking, the 
parent reported group showed substantial heterogeneity (Q = 8.96, p =
0.030, I2 = 65.0%, τ2 = 0.12), whereas no heterogeneity was observed in 
teacher assessment group (Q = 0.65, p = 0.42, I2 = 0%, τ2 = 0). Lastly, 
the results of meta-regression (study size, percent of ADHD cases, me
dian year of the study, and ADHD diagnosis assessment method) was 
done (SI Table S14). None of the tested moderators had meaningful 
impact on meta-analysis heterogeneity.

4. Discussion

Across seven European cohorts totalling over 150,000 children, 
maternal smoking during pregnancy and low maternal education were 
associated with increased odds of ADHD diagnosis. Associations be
tween environmental exposures such as air pollution, green space, and 
road proximity and ADHD were often null or not robust across cohorts.

Previous studies identified a range of factors linked to the likelihood 
of ADHD. A recent meta-analysis, among others, reported that smoking 
during pregnancy, low parental education, and a single-parent family 
were associated with ADHD, albeit with weaker supporting evidence 
(Kim et al., 2020). Adverse family conditions (e.g., maltreatment, 
incarceration, divorce, and harsh discipline) have additionally been 
linked to higher ADHD risk (Claussen et al., 2024). Regarding environ
mental exposures, a literature review highlighted particulate matter, 
NO2, and polycyclic aromatic hydrocarbons as potential risk factors, 
though findings across studies remain mixed (Aghaei et al., 2019). Other 
chemicals, such as mercury, cadmium, lead, phthalates, bisphenol A, 
brominated flame retardants, certain pesticides, and per- and poly
fluoroalkyl substances, have also been implicated to varying degrees 
(Moore et al., 2022). Furthermore, road traffic noise has been associated 
with ADHD symptoms, whereas green space has been identified as a 
potential protective factor (Hjortebjerg et al., 2016; Yuchi et al., 2022).

Our findings strengthen the evidence base for maternal smoking 
during pregnancy as a modifiable factor contributing to ADHD. Both 
basic and fully adjusted models as well as meta-analysis across cohorts 
demonstrated increased odds of ADHD among children of mothers who 
smoked during pregnancy, and this association persisted in sensitivity 
analyses. These results align with previous studies and meta-analyses 
highlighting prenatal smoking as one of the most consistent, though not 
uncontested, factors for ADHD diagnosis. A previous meta-analysis re
ported an OR = 1.60, 95% CI [1.45, 1.76], I2 = 79% for the association 
between prenatal smoking and ADHD (Kim et al., 2020). This is 
consistent with our pooled estimate albeit with wider confidence in
tervals reflecting the smaller number of cohorts included in our meta- 
analysis (seven compared to twenty). The biological plausibility is 
supported by experimental and epidemiological evidence. Nicotine can 
interfere with foetal brain development (Jansone et al., 2023) and 
induce DNA methylation (Nonkovic et al., 2024) possibly leading to 

changes in how genes related to brain development are expressed, 
increasing the likelihood of ADHD (Huang et al., 2018).

Nonetheless, several studies suggest that the association with 
smoking may reflect other underlying causal mechanisms rather than 
smoking itself. ADHD is heritable and within-family studies have re
ported substantial attenuation of the association with ADHD compared 
to standard cohort estimates. This suggests that a meaningful portion of 
the observed effect may reflect familial confounding rather than a direct 
intrauterine effect of nicotine exposure (Gustavson et al., 2017; Langley 
et al., 2012). Young adults with ADHD are more likely to smoke and tend 
to experience more severe withdrawal symptoms than their non-ADHD 
counterparts (Mitchell et al., 2019), which may increase the likelihood 
of smoking during pregnancy among affected women. In addition, 
developmental factors further complicate the interpretation of smoking- 
related associations. Low birth weight has been linked to an increased 
risk of ADHD (Crump et al., 2023), while maternal smoking during 
pregnancy has been linked to low birth weight (Di et al., 2022). These 
interconnected pathways imply that smoking may influence factors 
associated with ADHD risk without necessarily being the primary causal 
driver of ADHD. Together, these findings suggest that both direct bio
logical effects and familial confounding may contribute to the observed 
association.

The other important result of this study was the association between 
low maternal education and increased odds of ADHD. Parental socio
economic disadvantages were associated with impaired children's neu
rodevelopment (Chin-Lun Hung et al., 2015). Lower parental education 
was linked to increased odds of ADHD in children (Zhao et al., 2024), 
even after controlling for genetic predispositions (Torvik et al., 2020). A 
meta-analysis based on six studies reported OR = 1.91, 95% CI [1.20, 
3.03], I2 = 91% for the association between low maternal education and 
ADHD (Kim et al., 2020). Our meta-analysis, also based on six cohorts, 
yielded a broadly consistent result (OR = 1.62, 95% CI [1.27, 2.07]), 
with notably lower heterogeneity (I2 = 51.3%) and narrower CI. This 
suggests that the greater methodological consistency in our harmonised 
analytic framework, including covariate adjustment, and variable defi
nitions, may have helped reduce between-study variability, even though 
ADHD diagnosis assessment varied between studies.

Education serves as a proxy for socioeconomic position, which covers 
a wide range of material, behavioural, and psychosocial factors. How
ever, this association may partly reflect passive gene–environment 
correlation, where parental genetic liability for ADHD contributes to 
both lower educational attainment and the familial environment shared 
with offspring (Voronin, et al., 2024; Pingault et al., 2023). Individuals 
with ADHD often experience educational difficulties, including poorer 
school performance, grade repetition, and early school dropout (Faraone 
et al., 2021). As a result, women with an ADHD diagnosis may be less 
likely to attain higher levels of education due to challenges directly 
related to their condition. Their children, in turn, have an increased 

Fig. 2. Meta-analysis of the effect of maternal smoking during pregnancy on the odds of ADHD diagnosis. Based on the results of the harmonised model (black point 
estimate with confidence interval whiskers represent found associations).
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likelihood of ADHD due to shared genetic predisposition. Therefore, the 
observed association between low maternal education and ADHD in 
children may be partly attributable to shared familial genetic liability 
existing alongside socioeconomic pathways.

E-values indicated that a moderately strong unmeasured confounder 
would be required to fully nullify the observed associations for smoking 
during pregnancy and maternal education, suggesting these findings are 
more robust than those for other examined exposures. Nevertheless, the 
familial and genetic factors discussed above represent candidates 
possibly capable of meeting that threshold.

Subgroup meta-analyses showed broadly consistent associations for 
smoking and maternal education across ADHD assessment types 
(parent/teacher assessment), although heterogeneity varied, indicating 
that measurement method may have contributed to differences in effect 
estimates. Meta-regression analyses did not identify study-level char
acteristics as meaningful sources of heterogeneity. This, however, 
should be interpreted with caution, given the low number of studies, 
which arguably limits the ability to detect such patterns (Hempel et al., 
2013).

Differences in heterogeneity across ascertainment may reflect that 
parents and teachers observe the child in different settings and therefore 
capture partly different behavioural contexts rather than a single ho
mogeneous outcome. Parent reports may better reflect behaviours 
observed in the home environment, whereas teacher reports may be 
more influenced by classroom demands, school practices, and referral 
thresholds (Garcia-Rosales et al., 2021). As a result, variation in effect 
estimates across cohorts may arise from differences in outcome ascer
tainment and reporting context rather than from differences in the un
derlying association itself.

The wide range in ADHD prevalence across cohorts, from 1.6% in 
ALSPAC to 13.8% in ALPINE, further illustrates this point. This variation 
is more likely due to differences in how ADHD was operationalized than 
to cohort eligibility or sampling. The DSM-IV-based parent report used 
in ALSPAC may have captured more clearly defined cases, whereas the 
yes/no teacher checklist used in ALPINE may have identified a broader 
spectrum of symptoms, possibly inflating prevalence (Musullulu, 2025). 
Taken together, these differences suggest that the cohorts may not have 
captured a fully homogeneous outcome, which likely contributed to the 
observed between-study heterogeneity. At the same time, the directional 
consistency of the two main findings across cohorts and assessment 
types lends support to their robustness despite this methodological 
heterogeneity.

Initially, several variables were identified as potentially important 
by the RF algorithms, including tree cover, NDVI, NO2, population 
density and count, and distance to roads. These results may have been 
influenced by RF-CART’s tendency to favour continuous variables, 
although RF-CI also identified variables such as tree cover and green 
area size. Nevertheless, associations with ADHD were inconsistent 
across cohorts and models, and many of the associations were driven by 
the disproportionately large FAIR cohort. Notably, NO2 showed pro
tective associations with ADHD in some models, contrary to much of the 
literature suggesting adverse impacts on neurodevelopment (Zhao et al., 
2024). One possible explanation is socioeconomic confounding: families 
living in more polluted urban centres may have, on average, higher 
socioeconomic status, which itself was associated with lower odds of 
ADHD (Faraone et al., 2021). This pattern could be particularly relevant 
in Sweden (FAIR), where higher-income and more highly educated 
populations tend to live in areas with higher air pollution levels 
(Strandell et al., 2024). Nonetheless, these findings did not replicate 
across all cohorts, and in harmonised models, most associations with air 
pollution were attenuated or not present. Even so, these results should 
be interpreted with caution, as they may reflect limitations in exposure 
assessment rather than true absence of effect. Whether these exposures 
are genuinely unrelated to ADHD or simply not detectable with 
employed methods remains uncertain.

Although several variables were selected as informative for ADHD 

classification by the RF models, many had remarkably small effect sizes 
or wide CIs in the subsequent logistic regression analyses. This reflects 
the difference in what each method estimates. In the current study, RF 
was used as a tool for variable selection. Permutation variable impor
tance captures how much a variable improves classification accuracy in 
the data, which depends on marginal correlations, nonlinear thresholds, 
and interactions with other predictors (Breiman, 2001). It does not es
timate the association of a variable with the outcome adjusted for the 
remaining covariates, as logistic regression does. A variable can there
fore rank high in RF while showing attenuated or null results in logistic 
regression when its contribution is highly non-linear, interactive or 
when it is correlated with other variables. Logistic regression, on the 
other hand, provides interpretable effect estimates and is more con
strained in its assumptions (e.g., linearity, additivity). The discrepancy 
between RF and logistic regression models does not necessarily imply 
contradiction but reflects that RF identified exposures carrying predic
tive information in the data, including through nonlinear and correlated 
pathways, while logistic regression estimated their independent 
adjusted associations under more restrictive assumptions.

These findings have implications for research, policy, and public 
health. Found associations between maternal smoking during preg
nancy, low maternal education and ADHD underscore the relevance of 
established social and behavioural determinants of neurodevelopment. 
These results highlight the need for interventions that support smoking 
cessation before and during pregnancy and for broader policies aimed at 
reducing socioeconomic disadvantage even if part of the observed as
sociations may reflect underlying genetic predisposition. The largely 
inconsistent associations with environmental exposures suggest that the 
used variables may be insufficient to capture the complexity of the 
exposome on neurodevelopment. This underscores the need for future 
research to integrate improved exposure assessment methods.

This study had several important strengths. It relied on multiple well- 
established European cohort studies, spanning diverse regions, time 
periods, and populations. This enhanced the generalizability of findings 
and allowed for exploration of cohort-specific differences. The use of a 
harmonised analytic framework across studies ensured consistency in 
variable definitions, data enrichment, covariate adjustment, and 
outcome classification. Despite differences in the original cohort de
signs, we implemented an aligned statistical approach that integrated 
both machine learning and regression modelling.

Limitations of this study should be acknowledged. ADHD diagnoses 
were identified using different methods, ranging from register-based 
clinical diagnoses to parent or teacher reports, which may have intro
duced misclassification and likely contributed to heterogeneity. Differ
ences in cohort time periods could also have biased diagnosis 
assessment, as methods for identifying ADHD have advanced over the 
years (Knyazhansky and Shrot, 2025). The FAIR cohort contributed a 
disproportionately large sample, which may have driven many of the 
findings. The use of residential exposures as proxies for individual-level 
environmental exposures introduces additional potential for misclassi
fication. Alternative methods such as conditional permutation impor
tance or SHAP values may provide more robust handling of correlated 
predictors in future work. Multiple imputation was performed using five 
imputed datasets with five iterations per imputation, due to computa
tional constraints related to the large sample size of the FAIR cohort. 
Finally, unmeasured familial confounding, including parental ADHD, 
parenting behaviours, and health-seeking behaviours, may have influ
enced found associations.

5. Conclusion

In this large multi-cohort European study, we evaluated a wide range 
of prenatal environmental and sociodemographic variables in relation to 
childhood ADHD. We found that maternal smoking during pregnancy 
and low maternal education were associated with increased odds of 
ADHD in children across involved cohorts. Associations with 
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environmental exposures such as air pollution, green space, or popula
tion density were generally small, inconsistent, and often cohort spe
cific. While our results reinforce the evidence of established social and 
behavioural determinants of ADHD, the interpretation of these associ
ations is limited by the inability to account for genetic and familial 
factors, which may partly explain some of the observed relationships. In 
future studies, we recommend a continued focus on the multi-exposure 
approach, perhaps with greater emphasis on socioeconomic disparities, 
as these may play an important role in neurodevelopmental vulnera
bility. From a public health perspective, maternal smoking during 
pregnancy and socioeconomic disadvantage remain plausible targets for 
preventive action regardless of the underlying causal mechanisms, given 
their broader benefits for maternal and child health. Even where part of 
the association may reflect gene-environment correlation, both factors 
are amenable to population-level intervention: smoking cessation sup
port during pregnancy and policies that reduce educational and socio
economic inequality.
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