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Abstract

Early identification of risk for attention-deficit hyperactivity disorder (ADHD) symptoms can enable more timely interventions and improve
long-term outcomes. While previous research has linked various maternal and perinatal factors to ADHD, few studies have examined these
predictors collectively in a single comprehensive analysis. This study aimed to assess whether later ADHD symptoms can be predicted from
information available at birth, specifically ethnicity, maternal metabolic markers, mental health, and socioeconomic status. It additionally
aimed to identify the most influential predictors. Using data from the Born in Bradford (BiB) study, we applied multiple linear regression (LR)
and machine learning techniques to predict ADHD symptoms as measured by the Hyperactivity/Inattention subscale of the Strengths and
Difficulties Questionnaire (SDQ). A 10-fold cross-validated LR model explained 6.97% of the variance in SDQ scores. In the random forest
model, infant male sex and maternal smoking during pregnancy emerged as the top predictors. These findings provide proof of principle for
early identification of children at risk of ADHD. Future models may benefit from incorporating additional perinatal data to improve predictive

accuracy.
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Introduction

Attention-deficit hyperactivity disorder (ADHD) symptoms are
defined by difficulties in the domains of attention and/or
hyperactivity/impulsivity (American Psychiatric Association,
2013). The estimated prevalence of ADHD in children is around
5% globally (Sayal et al., 2018), though figures vary, with Thomas
et al. (2015) suggesting a prevalence of 7%, while Polanczyk et al.
(2015) reporting a prevalence rate of 3.4%. In the UK, prevalence
rates have been estimated to range from 1.4% (Russell et al., 2014)
to 5% (NICE, 2008) in children. However, symptoms are
dimensional in nature, impacting individuals at both clinical
and sub-clinical levels (Coghill & Sonuga-Barke, 2012; Salum
et al., 2014).

While ADHD has been associated with certain strengths
(Sedgwick et al., 2019), it has also been linked to poorer outcomes
in a range of domains, such as peer, academic, occupational, and
addiction issues (Cherkasova et al., 2022; Sedgwick, 2018; Strine
etal., 2006). There is growing recognition that outcomes for young
people with ADHD can be improved with earlier identification and
intervention provision (Arnold et al., 2020; DuPaul et al., 2020;
Halperin & Marks, 2019; Shephard et al., 2022; Sonuga-Barke &
Halperin, 2010), benefitting young people, their families, and
healthcare systems.
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Unfortunately, despite advances in this area, it is estimated that
approximately 50% of children and adolescents who meet
validated diagnostic criteria for ADHD remain undiagnosed
(Cufte et al., 2005; Froehlich et al., 2007; Madsen et al., 2018;
Okumura et al., 2019), prompting continued efforts to improve the
early identification of ADHD. Accumulating evidence suggests
that ADHD symptoms may be predictable based on information
available very early in life, which could facilitate earlier
identification and intervention. For example, studies have linked
ADHD to a wide range of maternal, sociodemographic, and
perinatal variables about which information can be known at or
shortly after birth. For example, some evidence has suggested that
younger maternal age (Chang et al., 2014), lower socioeconomic
status (Russell et al., 2015), membership in some ethnic groups
(Bax et al., 2019; Coker et al., 2016; Zilanawala et al., 2018), and
birth parity (being first-born) (Marin et al., 2014; Reimelt et al.,
2021) may be linked to a greater risk of ADHD. Maternal health
and health behaviors during pregnancy, such as prenatal infection
(Hall et al., 2022; Walle et al., 2022), metabolic syndrome (Kwok
et al., 2023), instrumental delivery (e.g., forceps or ventouse use)
(Ben Amor et al., 2005; Romero et al., 2023), pre-eclampsia (Sun
et al., 2020), anemia (Wiegersma et al., 2019), stress (Ronald et al.,
2011), mental health (Clements et al., 2015; Speyer et al., 2022),
alcohol use and smoking (He et al., 2020; Langley et al., 2012) have
also been linked to a greater risk of ADHD. Finally, birth and early
infant outcomes such as prematurity, low birth weight (Franz et al.,
2018; Pettersson et al., 2015), and small head circumference (Lahti
et al,, 2006) have additionally been linked to ADHD. Male infants
are also at greater risk of developing ADHD than females
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(Ramtekkar et al., 2010; Willcutt, 2012). Building a prediction
model utilizing these and other candidate exploratory factors
related to ADHD could help identify those who could be
prioritized for monitoring and early intervention. These com-
monly recorded factors in healthcare datasets can provide a highly
practical means to gain early information on later ADHD risk.

It is important to note that when used as a means to promote
early identification, these factors need not be causal in ADHD (e.g.,
Sciberras et al., 2017; Thapar et al., 2013). Indeed, it is valuable to
distinguish causal and predictive modeling. In fields such as
ecology, healthcare, and machine learning, there is a growing
discussion about the differences between “causal” and “predictive”
modeling, even if these terms are not explicitly used (Arif &
Macneil, 2022; Prosperi et al, 2020; Young, 2019). Causal
modeling endeavors to explain “why,” that is, the mechanism
behind the relationship between the independent and outcome
variables, that is, to explain why the latter will change with the
alteration of the former (Arif & Macneil, 2022; Prosperi et al., 2020;
Young, 2019). This technique requires a thorough control and
analysis of all factors related to the variables of interest (Arif &
Macneil, 2022; Prosperi et al., 2020). In contrast, even “confound-
ers” can be considered valuable predictors in predictive modeling
contexts (Young, 2019). Rather than having an explanatory focus,
this approach aims to describe correlations and forecast outcomes
based on known inputs. A good generalization of predictive results
to new observations generally indicates robust predictions.
Predictive modeling is significant in identifying potential risk
factors in health research contexts (e.g., Ng et al., 2015), while
causal modeling is critical for decision-making in clinical settings,
such as interventions and validating medication effects (e.g.,
Almeda et al., 2019; Bica, 2022).

Nearly 90% of studies on ADHD prediction modeling included
in a recent review focus on diagnosis (Salazar de Pablo et al., 2024).
These studies often emphasize detecting whether an individual has
an ADHD diagnosis using longitudinal data or early devel-
opmental information (Salazar de Pablo et al., 2024). However,
increasing evidence suggests that ADHD symptoms are dimen-
sional (e.g., Marcus & Barry, 2011; Panagiotidi et al., 2024).
Additionally, diagnostic cut-offs can vary by context, affecting the
identification of preclinical risks (e.g., Harrison & Edwards, 2023;
Miyasaka et al., 2018). Research predicting continuous ADHD
symptom scores helps address these issues but is limited.

In one recent exception, Dooley et al. (2024) analyzed
secondary data from a cohort study to investigate whether 40
pre- or perinatal factors generally known at birth, including
pregnancy complications and maternal demographic information,
could predict continuous ADHD symptom scores in children aged
9-10. Elastic net regression identified 17 predictors, which
collectively explained 8% of ADHD symptom variance. The study
found that predictive accuracy varied by income and sex, but
suggested that continuous ADHD symptom prediction is possible
to an extent from birth. Nevertheless, the study was limited to the
US, and the regression model applied was restricted to linear
relationships.

Traditional regression assumes linearity, which may not be
suitable for examining prediction that involves complex inter-
actions. This is important in the context of ADHD symptom
prediction because many studies have suggested that the develop-
ment of ADHD is multifactorial, involving genetic and environ-
mental factors and their interactions. It is challenging to accurately
define the complex interplay between them (e.g., Faraone&
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Larsson, 2019; Thapar et al., 2013). Therefore, complexity,
nonlinearity, and interactive effects are more likely to exist in
the development of ADHD, and traditional linear regression (LR)
has limitations in capturing these. In enhancing a predictive model
for studying ADHD, it is better to incorporate a wide range of
predictors and apply a model that could automatically detect their
intricate interactions without a manual definition of their terms.

Given the potential complexity of relationships between
predictive factors and ADHD, machine learning techniques could
offer advantages, enhance predictive power relative to regression
models, and bypass their restrictive assumptions. Tree-based
methods, such as classification and regression trees (CART) and
random forest (RF), do not assume additivity and can detect
nonlinear relationships, the most salient interactions, and even
highly diverse structures without the manual specification required
in traditional LR (e.g., Banerjee et al., 2019; Uddin & Lu, 2024).
Importantly, they may improve on the predictive power of
regression models. Certain machine learning methods also provide
high interpretability, such that a straightforward understanding of
the model findings is not sacrificed (Dwyer et al., 2018). A recent
study by Garcia-Argibay et al. (2023) utilized registry data based on
Sweden’s population, supporting the application of machine
learning techniques to large-scale data that provides early-life
information. This approach can yield good predictions regarding
the diagnosis of ADHD and identify particular early-life risk
factors.

Aims

The aims of the current study were to use the UK-based Born in
Bradford (BiB) cohort study to examine the overall “predictability”
of ADHD from information typically available at birth, and to
examine which predictors were the most important.

Methods
Participants

Participants are from the BiB study. BiB was established in 2007 as
a longitudinal cohort study examining the multiple factors that
impact pregnant individuals’ physical and mental well-being and
their children. It is based in Bradford, a city in northern England
with an ethnically and socioeconomically diverse population.
Approximately half of the mothers in the region are of non-UK
origin, primarily South Asian. The cohort study has been found to
be approximately representative of the maternal population in
Bradford.

The BiB project linked the pregnant individual’s records,
obtained during their recruitment while receiving routine
procedures at the Bradford Royal Infirmary, with their children’s
educational and developmental outcomes through subsequent
research. Hence, researchers can use the data to study the
relationship between early factors and children’s developmental
outcomes (Raynor 2008; Wright et al., 2013). The current study
uses ADHD symptom data from children recruited in the “Starting
School,” which were originally from the BiB project cohorts and
thus have linked perinatal and ADHD symptom data (Pettinger
et al., 2020; Shire et al., 2020).

From 2007 to 2010, 12,453 women and 13,776 children were
involved in the complete BiB cohort study. For the current
analyses, 2063 cases were derived with complete outcome variable
data. We utilized only the first child of pregnant individuals with
multiple pregnancies.
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Table 1. Descriptive statistics of continuous variables
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Descriptive statistics of continuous variables

Mean SD Median IQR Range Sample size Missing rate (%)
Pregnant person’s age (year) 27.28 5.67 27.00 8.00 34.00 1560 24.38
Pregnant person’s BMI 26.05 5.85 25.09 7.53 40.39 1492 27.68
Pregnant person’s HDL (mmol/L) 1.96 0.43 1.90 0.50 2.90 1703 17.45
Pregnant person’s triglycerides (mmol/L) 1.98 0.73 1.80 0.80 6.90 1703 17.45
Pregnant person’s systolic BP (mmHg) 109.55 11.69 110.00 20.00 104.00 1866 9.55
Pregnant person’s diastolic BP (mmHg) 65.12 8.46 64.00 10.00 60.00 1866 9.55
Pregnant person’s fasting glucose (mmol/L) 4.51 0.58 4.40 0.50 7.90 1805 12.51
Pregnant person’s General Health Questionnaire scores (GHQ28) 51.50 10.81 50.00 15.00 68.00 1215 41.11
Infant’s gestational age (weeks and days) at birth 39.58 1.67 39.86 1.86 15.43 2042 1.02
Infant’s cord blood HDL (mmol/L) 0.66 0.23 0.61 0.28 1.57 611 70.38
Infant’s cord blood LDL (mmol/L) 0.78 0.26 0.75 0.32 1.64 611 70.38
Infant’s cord blood leptin (ng/ml) 10.15 10.46 7.10 9.51 154.91 1309 36.55
Infant’s cord blood triglycerides (mmol/L) 0.53 0.27 0.46 0.24 2.46 611 70.38
Infant’s cord blood adiponectin (ng/ml) 32.09 12.83 30.20 14.55 93.50 611 70.38
Infant’s abdominal circumference (cm) 31.26 2.44 31.10 3.40 21.00 1899 7.95
Infant’s head circumference (cm) 34.20 1.54 34.20 1.70 16.60 1969 4.56
Infant’s birth weight (g) 3216.34 544.23 3220.00 660.00 4350.00 2042 1.02
Offspring’s H/I SDQ 2.67 2.81 2.00 4.00 10.00 2063 0.00

Note. The missing rate for each variable is based on the initial analytical sample of 2063. Details of how the sample of 2063 was derived are described in the main text.

Mothers

During March 2007 and November 2010, 12,453 pregnant
individuals were recruited from the Bradford Royal Infirmary
between 26 to 28 weeks of gestation while receiving routine care.
Baseline measures were obtained through interviews and linked to
their and their children’s primary and secondary care records.
Information on biological, social, economic, educational and
general health was collected. In addition to data obtained through
interviews, further research was conducted to extract records from
maternal paper notes, providing details on antenatal care, delivery
notes, and the biological characteristics of newborns, such as
gestational age, maternal blood pressure, delivery complications,
and infant birth weight (Wright et al., 2013).

Children

A subset of BiB children aged 4-5 took part in the “Starting School”
study, which included 94 out of 142 primary schools in Bradford
during two consecutive academic years from 2012 to 2014. Overall,
3,444 BiB cohort children participated in “Starting School.”
“Starting School” aims to predict children’s physical, mental, and
educational development by examining their physical motor,
cognitive language, and socio-emotional development via various
in-school assessments. Assessments include the Strengths and
Difficulties Questionnaire (SDQ). It was completed once by
teachers during each child’s Reception year (the first year of
primary school), when children were between 4 and 5 years old.
Each child was assessed at a single time point within this age range
(Pettinger et al., 2020; Shire et al., 2020). A sample of 2063 children
from the Hyperactivity/Inattention (H/I) subscales of the SDQ
served as the initial analytic sample and outcome variable in our
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study. This was created by linking the pregnant individual’s data
with their first-born child’s biological characteristics at birth, based
on completed H/I SDQ subscale data.

Of the initial analytic sample, 51% of child participants were
female, and 48.7% were male (sample size = 2042; missing rate =
1.0%). The mean age of the pregnant individual was 27.3 years (SD
= 5.67) (sample size = 1560; missing rate = 24.4%). Among the
sample of pregnant individuals’ ethnicity (sample size = 1558;
missing rate = 24.5%), 51.9% were Pakistani, 36.3% were White
British, and 11.8% were from other ethnic groups. Missingness
occurred due to incomplete data across a list of predictors. The
overall missing rate was around 30%, and the range of missingness
varied from 1 to 84%, excluding the outcome variable, with zero
missingness. High missingness was found in maternal smoking
data, with 84%, and alcohol exposure, with 78%; and children’s
cord blood (except leptin), with 70.4%. Full descriptive statistics,
including the proportions of missing data for all variables included
in the analyses, are provided in Tables 1 and 2.

Measures

Predictor variables

A set of predictors was prioritized, guided by prior literature both
theoretically and empirically linking these factors to an increased
risk of ADHD and other neurodevelopmental difficulties (e.g.,
Chang et al., 2014; He et al., 2020; Speyer et al., 2022). Being used in
previous predictive modeling and machine learning studies (e.g.,
Dooley et al., 2024; Garcia-Argibay et al., 2023) was an additional
selection criterion. Availability from hospital routine, birth record,
and sub-studies in the BiB study was a constraint on predictor
inclusion.
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Distribution of categorical variables

Level Count Percentage (%) Missing rate (%)

Pregnant person country of birth Not in United Kingdom 610 39.10 24.38
United Kingdom 950 60.90

Pregnant person ethnicity Other 184 11.81 24.48
Pakistani 808 51.86
White British 566 36.33

Pregnant person educational level Equal to or higher than A’ levels 594 38.08 24.38
Lower than A’ levels 966 61.92

Pregnant person marital status Married 1115 71.47 24.38
Others (single, divorced, separated, widowed) 445 28.53

Pregnant person cohabitation status Living with a partner 1330 85.53 24.62
Not Living with a partner 225 14.47

Pregnant person socio economic status Employed but financially restricted 236 15.24 24.92
High dependency or financial difficulty 780 50.36
Low dependency and higher education or employment 533 34.41

Pregnant person index of deprivation Least deprived (quintiles 4 & 5) 246 15.81 24.58
Medium deprivation (quintiles 2 & 3) 740 47.56
Most deprived (quintiles 1) 570 36.63

Pregnant person exposed to alcohol during pregnancy No 235 51.54 77.9
Yes 221 48.46

Pregnant person has metabolic syndrome No 1627 96.50 18.27
Yes 59 3.50

Pregnant person has maternal infection conditions No 1613 96.36 18.86
Yes 61 3.64

Pregnant person has conditions associated with No 1245 74.55 19.05

adverse pregnancy outcomes S s s

Assistance required during Birth No 1857 90.94 1.02
Yes 185 9.06

Infant sex Female 1048 51.32 1.02
Male 994 48.68

Note. The distribution of each level of the categorical variable is provided. The missing rate for each variable is based on the initial analytical sample of 2063. Details of how the sample of 2063

was derived are described in the main text.

Our predictor selection was also guided by the aim of
developing a predictive model using early-life risk factors that
are commonly observable in routine perinatal data. For example,
although male sex and maternal smoking differ in clinical
modifiability, they are significant as well as prevalentpredictors
relevant to ADHD symptom development (e.g., Lawder et al., 2019;
Pietersma et al., 2022; Willcutt, 2012). Additionally, biological and
psychosocial variables, including socioeconomic status and
maternal and infant health indicators, can reflect the multidi-
mensional influences on ADHD and have proven valuable
predictors in the machine learning study by Garcia-Argibay
et al. (2023).

Based on the above considerations, predictor variables were the
pregnant individual’s age, ethnicity, country of birth, marital status,
cohabitation status, educational level, socioeconomic position,
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Index of Multiple Deprivation (IMD), exposure to alcohol and
smoking, mental health well-being (General Health Questionnaire;
GHQ), metabolic markers and syndrome (pregnant individual’s
BMI, HDL, triglycerides, systolic and diastolic blood pressure and
fasting glucose levels, existing diabetes and hypertension), maternal
infection and conditions related to adverse pregnant outcomes.
Assistance required during birth (obstetric intervention at birth) was
also considered a maternal predictor. Predictors related to the
infant were their sex, cord blood biomarkers, birth weight,
gestational age at birth and abdominal and head circumference.
Notably, some categorical variables, typically IMD, were recoded
into three levels due to the observation of zero variance in some
levels of the original five-level structure. Definitions and coding
methods of specific predictors are available in the Supplementary
Materials Tables S1 to S3 (pp. 1-7).
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Outcome variable

ADHD was measured using the Hyperactivity/Inattention (H/I)
subscales of the Strengths and Difficulties Questionnaire (SDQ).
(Descriptive information for H/I SDQ score is available in Table 1).
Scores ranged from 0 to 10, with an average of 2.67 (SD = 2.81). The
H/I subscale in SDQ is widely used internationally in a range of
contexts, including epidemiological and clinical studies, for assessing
children’s (3-16 years old) ADHD symptoms (e.g., Brandt et al.,
2021; Carballo et al, 2018). In BiB, the questionnaires were
completed by teachers, who were required to have known the child
for at least half a year (Shire et al., 2020). The H/I subscale contains
five items: “restless, overactive, cannot stay still for long,” “constantly
fidgeting or squirming,” “easily distracted, concentration wanders,”
“thinks things out before acting,” “sees tasks through to the end,
good attention span.” Each item was rated on a three-point (0: Not
True, 1: Somewhat True, 2: Certainly True; some are scored in
reverse order) Likert Scale. The H/I scale has shown good predictive
validity, test-retest reliability and internal consistency in previous
research (e.g., Algorta et al., 2016; Almeda et al., 2019; Brandt et al,,
2021; Carballo et al., 2018; Hall et al., 2019). However, there is debate
over the cut-off score for ADHD. For example, in based on a study in
Spain, the suggested score is 8 (Carballo et al., 2018), while in the UK,
the suggested score has varied. A lower score of > 4 or > 5 is
suggested for youth or younger adults, and a score of > 7 or > 8 for
children (Bryant et al., 2020; Riglin et al., 2021; Ullebg et al., 2011).
Recommendations are also provided by the test developers: http://
www.sdqinfo.org/. Given ongoing uncertainty regarding optimal cut
points and the fact that ADHD symptoms are dimensional, we did
not introduce a cut-off score and instead analyzed the scores on a
continuous scale.

The H/I SDQ total score used in the main analyses was fully
complete in the analytic sample, with a sample of 2063 and no
imputation was required. Internal consistency of the H/I SDQ
score was assessed using item-level data from the same analytic
sample (using the “psych” R package; Revelle, 2023). Some H/I
SDQ items had missing data; multiple imputation was thus
conducted to ensure complete data availability for assessing
internal consistency. Cronbach’s alpha was .89, indicating excellent
internal reliability.

Analysis

Statistical analyses included correlation, unadjusted LR models,
multiple LR models, CART, and RF models.

Correlation and unadjusted regressions were used for descrip-
tive purposes to show the “raw” associations between each
predictor and the outcome. Correlation analysis also allowed us to
identify potentially problematic levels of multicollinearity. For
predictive analyses, LR was included because of its interpretability.
Further, because it is widely used for prediction, it provides a useful
baseline against which machine learning methods can be
compared. Given the advantages discussed earlier, machine
learning methods were also employed. Both CART and RF were
used because of their complementary strengths and weaknesses.
CART provides higher interpretability because it involves fitting
only a single tree; however, RF is an ensemble method and has the
associated advantages of fitting and aggregating multiple trees.

Multiple imputation using chained equations (MICE) was used
to deal with missing data, with a single imputed dataset analyzed
due to the complexities (and computational intensity) of
combining multiple imputation with RF. Missingness diagnosis
and the application of MICE were performed in accordance with
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Newman’s (2014) guidelines. Little’s MCAR (Missing Completely
At Random) test was conducted using the “misty” R package
(Yanagida, 2024), which indicated that the data was not MCAR (2
=13,793.39, df = 10,431, p < .001). The use of multiple imputation
is based on an assumption of “missing at random” meaning that
the missingness can be predicted based on modeled data. Given
that we had relatively comprehensive baseline data and in the
absence of any strong reason to assume that the data were subject
to a missing not at random (MNAR) mechanism, we judged this
assumption to be reasonable. The data distribution before and after
imputations is provided in Supplementary Materials Tables S4 to
S5 (pp. 8-9).

All continuous predictor variables, including the pregnant
individual’s age, GHQ total score (mental health), the infant’s
gestational age at birth, cord blood biomarkers, and other
information, such as birth weight recorded after birth, were
standardized by z-standardization using the scale() function in R
prior to initial analysis (i.e., they were rescaled to have Mean = 0,
SD = 1).

Initial analysis: correlation and unadjusted regression model
Before analyzing the various predictors’ predictive capabilities,
initial analyses including correlation and unadjusted LR models
were conducted to evaluate the basic relationships between the
variables and to inform the selection of predictors for later analysis
by identifying highly collinear predictors that may present
issues later.

The “hetcor” function in the “polycor” R package was used to
calculate a mixed (Pearson, polyserial, and polychoric) correlation
matrix for 136 pairs of variables, excluding nominal variables.
An unadjusted LR model was run for each of the 25 predictor
variables using the Im() function in R, which handles missing
values by conducting a complete-case analysis.

Predictive analyses
The study employed three types of predictive analysis using a single
imputed dataset: multiple LR, a CART, and RF.

There are a few advantages in applying multiple LR in our
study. First, it is well recognized as an interpretable method in
explanatory and predictive research. Second, the LR model can still
be considered pragmatic even when the residuals are not normally
distributed in large samples. Third, it can be used to handle various
types of variables (Schmidt & Finan, 2018; Yang et al., 2019).
Nevertheless, linearity assumed by LR means that the effect of a
predictor on the outcome remains constant and additive without
being modified by other factors unless the interaction relationships
are specified explicitly (McClelland & Judd, 1993; West et al,
1991). Assuming linearity and equal variance in a model may limit
its predictive power in complex real-world contexts (Ernst &
Albers, 2017). Hence, it is beneficial to have multiple LR serve as a
baseline for demonstrating the direction and strength of the
associations, as well as for comparison with ML models.

The ML approaches, namely CART and RF, were applied to
complement multiple LR to capture more complex patterns. They
are flexible models that can accommodate potential nonlinear
relationships and real-world and mixed-type data (which include
various numeric, ordinal, and nominal variables) while examining
the importance of specific predictors. For a more detailed and
technical interpretation of ML and the tree-based methods, see
(Banerjee et al., 2019; Uddin & Lu, 2024).

CART takes on the form of a tree with “branches” representing
different paths. Each branch represents a decision based on
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features that split the data into distinct subsets. These decisions can
be based on either categorical (e.g., male or female) or continuous
variables (e.g., older or younger than 20). The tree continues to
create splits based on maximizing similarity for cases within the
splits until reaching the endpoints, known as “leaves,” where final
predictions are made based on the path followed by the data
(Breiman et al., 1984). CART identifies the optimal breakpoints in
continuous variable by examining all possible values of a predictor
and selecting the one that best separates the outcome variable into
groups with more similar values. In essence, it minimizes
differences within groups by reducing the average error, which
is measured as the mean squared error (MSE). A primary
advantage of CART is that it can easily visualize the structure of the
predictive relationships; however, it is prone to overfitting
(Breiman et al., 1984).

RF uses an ensemble of trees to improve upon CART and
overcome its limitations.

These trees are generated from a bootstrapped dataset, and
their splits are based on a random subset of features. Hence, each
tree in the RF model generates a different prediction, which is
then aggregated through averaging (for regression; continuous
variable) or majority voting (for classification; binary variable) to
produce a final prediction (Breiman, 2001; Cutler et al., 2012).
This approach results in a more stable and accurate estimation
than a single tree in CART. Compared to LR, it can allow for
relaxed assumptions of linearity and equal variance and more
accurate prediction (Ali et al., 2012; Marchese Robinson et al.,
2017; Prajwala, 2015; Schonlau & Zou, 2020). It is, however,
difficult to visualize the structure of the predictive relationships
from the RF models, for which is an ensemble of many single
classical and regression trees.

To facilitate more direct comparison of LR, CART, and RF all
were implemented using a common pipeline: the mikropml
pipeline (Topguoglu et al., 2021) using the package of the same
name in R. The dataset was pre-processed by scaling the
continuous variables and creating dummy variables for the
categorical variables (Topguoglu et al., 2021). The pipeline split
the dataset into training and testing sets with a typical proportion
of 70:30. Additionally, 10-fold cross-validation with 100
partitions was conducted on the three models. The best tuning
parameters for each model (a and 1 for LR; maxdepth for CART
and mtry for RF) were automatically selected based on the

Table 3. Multiple LR results
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performance statistics calculated by the pipeline (see Table 4 in
the below section).

Results
Initial analyses

Imputation allowed the use of a sample size of 2063 for these
analyses. Correlation and univariate regression analyses indicated
weak correlations between most predictors and H/I SDQ scores
(r < .24). An unadjusted LR using complete-case data explained
minimal variance (R?> = .50), and no individual predictors
exhibited statistically significant effects. However, strong inter-
correlations were noted between certain predictors, such as head
circumference and birth weight, as well as between maternal
education and socioeconomic status (r > .60). Additional
multicollinearity checks using variance inflation factors (VIF)
from a multiple LR revealed high collinearity (VIF>5) between
some predictors, indicating potential collinearity between pre-
dictors that may bias parameter estimates. As a result, two
predictors: country of birth and the IMD, were excluded due to
redundancy. After these exclusions, the final model included 23
predictors of the original 25 considered, all of which had acceptable
VIF values (VIF < 5). The results of the correlation and univariate
regression analyses are provided in the Supplementary Materials
(see Tables S6 and S7, pp. 12-14). Diagnostic information for the
multiple LR using complete-case data is provided in Figures S1 to
S2 (pp. 15-16), while that using imputed data is provided in
Figures S3 to S5 (pp. 17-27) Figures 1 to 3.

Predictive models

The multiple LR model (F (25, 2037) = 9.26, p < .001) explained
10% of the variance in the H/I SDQ score (R* = .10, adj R* = .09).
Significant associations were found for White British (B = .28, 95%
CI [.12,.43], p = .001; reference = “other ethnicity,” e.g., Asian) and
Pakistani ethnicity (B=.17, 95% CI[.02, .31], p = .022), being
married (B=.15, 95% CI[ < .001,.29], p = .045; reference =
“unmarried,” infant’s cord bold triglycerides level (B=.10, 95%
CI[.05, .15], p < .001), female infant (B=-.53, 95%
CI[-.62,—.44], p < .001; reference = “male”), infant’s head
circumference (B = —.08, 95% CI [-.15, —.02], p < .012), maternal
smoking (B =.23, 95% CI [.14, .33], p < .001; reference = “non-
smoker”), with offspring’s H/I SDQ score (Table 3).

Offspring’s H/I SDQ score

Predictors Estimates cl p

(Intercept) —0.19 —0.41 to —0.03 0.088
Age —0.04 —0.08 to —0.01 0.132
Ethnicity: White British 0.28 0.12-0.43 0.001
Ethnicity: Pakistani 0.17 0.02-0.31 0.022
Marital Status: Married 0.15 0.00-0.29 0.045
Cohabitation status: living with a partner —0.02 —0.16 to —0.12 0.809
Education: lower than A’ levels 0.08 —0.02 to 0.18 0.107
Socioeconomic status: employed but financially restricted —0.05 —0.18 to —0.08 0.450
Socioeconomic status: low dependency and higher education or employment —0.10 —0.21 to —0.01 0.084
GHQ28 score —0.01 —0.05 to —0.04 0.789

(Continued)
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Table 3. (Continued)

Yee-Lam Ho et al.

Offspring’s H/I SDQ score

Predictors Estimates cl p

Has metabolic syndrome 0.02 —0.20 to 0.25 0.838
Assistance required during Birth —-0.08 —0.23 to —0.08 0.337
Infant gestational age at birth —0.01 —0.06 to 0.05 0.810
Infant’s cord blood HDL 0.04 —0.02 to 0.09 0.168
Infant’s cord blood LDL —0.04 —0.09 to —0.01 0.112
Infant’s cord blood leptin —0.01 —0.05 to —0.04 0.798
Infant’s cord blood triglycerides 0.10 0.05-0.15 <0.001
Infant’s cord blood adiponectin 0.03 —0.01 to 0.07 0.167
Infant’s abdominal circumference —-0.01 —0.07 to —0.04 0.693
Infant: female —0.53 —0.62 to —0.44 <0.001
Infant’s birth weight —-0.01 —0.08 to 0.07 0.851
Infant’s Head Circumference —0.08 —0.15 to —0.02 0.012
Maternal smoking 0.23 0.14 to 0.33 <0.001
Maternal alcohol exposure 0.09 —0.00 to 0.19 0.056
Pregnant person with maternal infection condition —0.18 —0.40 to —0.04 0.109
Pregnant person’s conditions associated with adverse pregnancy outcomes 0.06 —0.04-0.16 0.244

Observations: 2063

R?/R? adjusted: 0.102/0.091

Note: Reference categories were as follows - ethnicity: other, for example, Asian; marital status: unmarried; cohabitation status: not living with a partner; education level: equal or higher than A’
levels; socioeconomic status: higher dependency or financially difficulty; metabolic syndrome: no; assistance required during birth: no; infant sex: male; maternal smoking: no; maternal alcohol:

no; maternal infection: no; conditions associated with adverse pregnancy outcomes: no.

Table 4. Accuracy metrics of the MR regression, CART, and RF models

Predictive Models  CV folds  Tuning parameters ~ Train RMSE  Train R-squared  Train MAE ~ Test RMSE  Test R-squared  Test MAE  CV RMSE
Linear 10 A=.1 2.67 10.32% 2.13 2.73 6.97% 2.23 2.67
CART 10 maxdepth = 2 2.70 8.45% 2.15 2.75 5.26% 2.23 2.70
RF 10 mtry =5 2.70 7.86% 2.18 2.74 5.81% 2.24 2.70

Note. CV = Cross-validation; Train = Training dataset; Test = Test dataset; RMSE = Root Mean of Squared Error; MAE = Mean Absolute Error.

Table 4 provides the model adequacy metrics for the multiple
LR, CART, and RF models. These metrics suggest that the
performance of the three models was similar, but the LR model
achieved the best prediction, with a slightly lower RMSE and the
highest R-squared. Using 23 predictors, 6.97% of the variation in
the offspring’s H/I SDQ score could be explained using a 10-fold
cross-validation with multiple LR in the test dataset. This was
higher than CART (5.26%) and RF (5.81%). While the multiple LR
model had the lowest RMSE values of 2.67 from cross-validation, it
was only slightly different from the 2.70 obtained from the CART
and RF models. These findings suggest that information available
by birth can help predict ADHD symptoms later; however, the
variation explained was modest.

The feature importance plot from the optimal model (the
multiple LR) showed that infant male sex and maternal smoking
were the top two most important predictors, followed by ethnicity
= “Others”, infant’s cord blood triglycerides, head circum-
ferences and other marital status (Figure 1). The pattern of
results, as well as the feature importance statistics (for the
multiple LR, provided in Table S8; p. 28), was similar for CART
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and RF (Figures 2, 3), which suggested that male sex and maternal
smoking as the most important predictors. Notably, the LR and
RF models produce importance scores for all predictors, whereas
the CART model assigns nonzero importance only to those used
in the final tree splits. As such, the CART feature importance plot
highlights only the most discriminative predictors, namely, male
sex and maternal smoking, and typically produces a more concise
set of variables compared to regression- or ensemble-based
approaches.

Discussion

Our study found that around 7% of the variation in ADHD
symptoms, measured by children’s H/I SDQ subscale score at the
age of five could be predicted based on perinatal and socio-
demographic predictors typically easy to gather around the time of
birth. Male sex, maternal smoking, and infant’s cord blood leptin
emerged as the most influential predictors. The results suggest that
prediction models based on data available around the time of birth
could be used to help identify those at risk of later ADHD symptoms.
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Figure 1. BarplotoftheFeaturelmportancefor the Multiple linear regression (LR) model.

The modest variance explained is consistent with the complex
nature of ADHD etiology, involving multiple factors, both genetic
and environmental while also involving complex gene-environ-
ment interplay (Balogh et al., 2022; Leffa et al., 2023). Numerous
studies suggest that ADHD is a highly heritable but complex
condition influenced by multiple factors (Faraone& Larsson, 2019;
Gizer et al.,, 2009; Thapar et al.,, 2013). Although genetics play a
crucial role in its development, with approximately 74% herit-
ability (Faraone& Larsson, 2019), common individual DNA risk
variants only contribute a tiny effect (Luo et al., 2019). Findings
from twin studies have highlighted that even combining the impact
of these DNA risk variants only explains around 22% of
heritability. Additionally, by estimating and combining the effects
of thousands of genetic variants, polygenic risk scores (PRS)
revealed only 5.5% of ADHD symptoms can be predicted
(Faraone & Larsson, 2019), similar to the ~ 7% of variance
explained here by factors feasible to collect around birth.

A similar amount of explained variance, at around 7 to 8%
variation, was found in a similar study by Dooley et al. (2024).
Unlike our focus on ML with 23 predictors related to perinatal and
sociodemographic characteristics, they used elastic net regression
and included 40 detailed pre- and perinatal variables, such as
maternal substance use, obstetric complications, child demo-
graphics, maternal drug use and vitamin intake. Furthermore,
Dooley et al., measured child ADHD with the parent-reported
Child Behaviour Checklist (CBCL) score at ages 9-10, while our
study analyzed the teacher-rated H/I subscale from the SDQ when
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children were 4 to 5 years old. Despite differences in our predictors’
choices and definitions, the similar variance explained arguably
highlights the inherent difficulty in predicting ADHD symptoms
from perinatal factors alone.

In terms of the predictors that emerged as highest in feature
importance, we found similar results to Dooley et al., Their study
identified infant male sex and pregnant individual’s smoking
during pregnancy as two of the three most significant predictors of
ADHD among the 40 variables; these predictors also emerged with
the highest feature importance in the current analysis. Garcia-
Argibay et al. (2023), who applied ML models’ to registry-based
data in Sweden, also found male sex to be one of the five top
predictors (the others were: criminal convictions of parents,
history of ADHD in the family, communication and learning
difficulties, and academic performance of the child). However,
results varied in their sex-stratified models. The next most
important features in the current analysis (based on the RF model
selected as the optimal model) were the infant’s cord blood leptin,
the pregnant individual’s age, the infant’s cord blood triglycerides,
head circumference, and the infant’scord blood adiponectin. These
predictors are rarely investigated in prior ADHD prediction
studies and represent a novel contribution of the present study.
Taken together, the results suggest that these eight variables might
be prioritized in future studies aiming to develop predictive
models.

The superiority of the LR model over CART and RF in the
present study is also consistent with some previous findings.
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Figure 2. Bar plot of the feature importance for the classification and regression trees (CART) model.

Garcia-Argibay et al., analyzed the predictive performance of a
range of ML models and found that the RF model, which yielded an
area under the curve (AUC) of .68 and showed overfitting signs
poorer predictive accuracy than the logistic regression model
(AUC = .74). This suggests that complex algorithms, particularly
nonlinear models, may not outperform traditional regression
models when analyzing perinatal predictors, which may indicate a
lack of nonlinearity and/or complex interactions.

The use of predictive modeling in ADHD research has been a
burgeoning area in recent years; however, the use cases have been
mostly in relation to the classification of ADHD presence, rather
than early prediction. A systematic review by Salazar de Pablo
et al. (2024) highlighted that nearly 90% of predictive modeling
studies in ADHD had high predictive accuracy, as defined by an
AUC ranging from 0.50 to 0.97. Nevertheless, these studies
focused on the binary classification of ADHD presence. Further
development of the literature of early ADHD symptom predictors
(especially treating symptoms as continuous reflecting contem-
porary understandings of ADHD symptoms) holds potential for
leveraging the advances in predictive modeling for clinically
meaningful applications. Future investigations could also
examine different subdimensions of ADHD symptoms, given
that previous research suggests that inattention and hyper-
activity/impulsivity may show different developmental trajecto-
ries and outcomes, and that profiles of symptoms may differ by
gender (e.g., Stibbe et al., 2020; Vergunst et al., 2019). They could
also address the prediction of different “developmental subtypes.”
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For example, Murray et al. (2022) suggest that distinct early-life
risks relate to different ADHD trajectories (e.g., earlier vs. later
onset and remitting vs. persistent). It will also be important of
assessing how predictive accuracy changes during development
given that those with later onsets of ADHD symptoms may not
have been captured in the present sample. Similarly, given that
additional influences on ADHD come into play at different stages
of development, it would be valuable to compare models at
different developmental stages that include measures of emerging
influences.

Limitations and future directions

A main limitation of the present study concerns the scope of
predictors included. It lacks measures of predictors previously
associated with children’s developmental outcomes including drug
and medication usage (Dooley et al., 2024), vitamin D deficiency
(Tahir et al.,, 2023), as well as postnatal factors such as parenting
styles (Hutchison et al., 2016), adverse childhood experience (Brown
etal, 2017) and the contribution of genetic factors quantified by the
PRS (Green et al, 2022; Ronald et al., 2021) that may improve
prediction. A key predictor that would also be likely to improve
prediction is parental ADHD symptoms. These were due to data
availability in the cohort study and the complex multifactorial
nature of ADHD. It is challenging to comprehensively measure all of
these without imposing a significant burden on the participants.
Importantly, this also explains why challenges exist in determining
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Figure 3. Bar plot of the feature importance for the random forest (RF) model.

what to measure and include in predictive models, as the etiology of
ADHD remains not fully understood to date. The measurement of
predictor variables and ADHD symptoms could also be enhanced
since measurement errors might exist.

These considerations imply two potential future directions:
gathering and analyzing more comprehensive data available around
birth and building dynamic prediction models that are updated as
more information becomes available over the course of the child’s
development. However, this must be balanced against feasibility and
any data collection used to predict later ADHD in clinical practice
needs to minimize clinician and patient time and burden.

A second limitation concerns the high proportion of missing-
ness across several perinatal predictors, particularly in maternal
smoking, alcohol use, and cord blood biomarkers. This reflects
real-world challenges in birth cohort data collection. These were
addressed through multiple imputations under the MAR
assumption. MAR assumption adopted by MICE models. If, for
example, parents declined their children’s participation in the
“Starting School” project due to variables that may be related to
ADHD symptoms, then this missing data could be considered
non-random. Applying MICE is appropriate after diagnostic tests
for missingness, following Newman (2014) for assessing item- and
construct-level missing data. Recommended by general psycho-
logical research, the observed missingness patterns support the
assumption of missing at random (MAR), justifying MICE use
(e.g., Enders, 2022). Potential biases due to missingness could be
mitigated using datasets with high population coverage; however,
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this is likely to involve a trade-off with the depth of information
available for each participant.

Conclusions

LR models provided the best prediction and explained a modest
amount (6.97%) of the variance in the H/I SDQ score, with 23
maternal and neonatal factors providing proof-of-principle for
predicting ADHD from non-genetic information available at birth.
Maternal smoking and the infant’s male sex were the top three
predictors of the RF models. Future research could build on the
present study to develop improved prediction models by the
inclusion of additional variables omitted from the present study.
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