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Abstract 

Maternal exposure to environmental risk factors (e.g., heavy metal exposure) or 

mental health problems during the peripartum phase has been shown to lead to 

negative and lasting impacts on child development and life in adulthood. Given the 

importance of identifying early markers within highly complex and heterogeneous 

perinatal factors, machine learning techniques emerge as a promising tool. The main 

goal of the current scoping review was to summarize the evidence on the application 

of machine learning techniques in predicting or identifying risk factors during peripar-

tum for child development. A critical appraisal was also conducted to evaluate various 

aspects, including representativeness, data leakage, validation, performance metrics, 

and interpretability. A systematic search was conducted in PubMed, Web of Science, 

Scopus, and Google Scholar to identify studies published prior to the 14th of Janu-

ary 2025. Review selection and data extraction were performed by three indepen-

dent reviewers. After removing duplicates, the searches yielded 10,336 studies, of 

which 60 studies were included in the final report. Among these 60 machine learning 

studies, a majority were pattern-focused, using machine learning primarily as a tool 

to more accurately describe associations between variables, while 16 studies were 

prediction-focused (26.7%), exploring the predictive performance of their models. For 

prediction-focused machine learning studies, a diverse range of methodologies was 

observed. The quality assessment showed that all studies had some important cri-

teria that were not fully met, with deviations ranging from minor to major, limiting the 

interpretability and generalizability of the reported findings. Future research should 

aim at addressing these limitations to enhance the robustness and applicability of 

machine learning models in this field.
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Introduction

The peripartum phase, broadly defined as the period during pregnancy and up to 12 
months after delivery [1], is a critical phase in children’s development [2,3]. Previous 
evidence shows that exposure to risk factors during this critical period (e.g., depres-
sion, alcohol, heavy metals) may result in structural and functional changes in the 
brain of neonates [4,5], and cognitive and neuropsychological development delays in 
infancy and early childhood [6,7]. The identification of early markers and predictors in 
the developmental pathway can help to improve personalized prevention programs 
and timely intervention. However, the influence of perinatal factors on child develop-
ment is complex and often arises from the interplay of sociodemographic, psychoso-
cial, biological, and environmental factors [7–10], making it challenging to identify clear 
risk factors and reliable predictors. Recent advancements in interdisciplinary research 
have enabled modern machine learning (ML) algorithms to effectively process large-
scale, high-dimensional, and unstructured data [11]. In this review, we define ML as a 
set of algorithms that leverage heuristic, iterative optimization processes, thus adapt-
ing to data patterns without the constraints of requiring a predefined functional form 
or determining a closed-form solution. To capture the breadth of ML definitions in the 
literature, we distinguish between two categories of ML-based studies in this scoping 
review. Pattern-focused ML studies use machine learning methods to build models 
and gain insights into relationships among variables, but do not explicitly evaluate 
these models for predictive performance. In contrast, prediction-focused ML studies 
develop and assess models specifically for forecasting new data points. ML has been 
widely utilized by healthcare-related experts [12,13], epidemiologists [14], and devel-
opmental scientists [15] for predicting child outcomes. However, although research 
is increasingly focused on big data in recent years, challenges such as the lack of 
high-quality data and the transparency (often referred to as the “black box problem”) 
of ML approaches might reduce the quality of results and limit their interpretability [16]. 
Furthermore, critical appraisal of ML-related research, particularly in the form of review 
studies, is still uncommon. In this scoping review, we synthesized existing evidence 
from studies that employed ML approaches to examine maternal risk factors during 
the peripartum phase as predictors of child development. Moreover, we employed 
a novel assessment tool developed for evaluating the quality of ML research [17] to 
detect methodological challenges and limitations specifically in prediction studies.

Potential maternal risk factors during the peripartum phase for developmental 
problems in offspring

It has been hypothesized that exposure to risk factors during pregnancy might shape 
the in-utero environment and change the developmental trajectories during the critical 
period of neurogenesis [18]. Additionally, the postpartum period, extending up to 12 
months after delivery, is important as several maternal and family psychosocial risk 
factors (e.g., persistent depression, disharmony) [19,20], postnatal exposure to pollut-
ants [21], and traumatic experiences [22], can elevate the risk for behavioral problems, 
depression, or academic challenges in children. Specifically, extensive research has 
shown that internal risk factors during the perinatal phase, such as perinatal mental 
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health problems and adverse traumatic childhood experiences, are related to offspring’s internalizing and externalizing 
problems [23], social-emotional, cognitive, and motor development [6,7,24,25]. Moreover, studies have reported that 
perinatal mental distress and the use of selective serotonin reuptake inhibitors (a type of antidepressant drug) might cause 
disturbances in fetal brain development and increase the risk of neurodevelopmental disorders [4,26–28]. For external risk 
factors, it has been shown that toxin exposure [29,30], even prior to pregnancy, may alter a child’s developmental trajecto-
ries, and may affect brain structure in early childhood [31]. Research focused on environmental factors has demonstrated 
the long-term adverse effects of prenatal exposure to various metals on offspring’s cognition, intelligence quotient (IQ) [32], 
self-regulatory function, learning difficulties [33], and more. Moreover, emerging evidence indicates that prenatal exposure 
to alcohol [34], chemical substances [35], air pollution [32], nutritional problems [36], and smoke [37] might elevate the 
risk of neurodevelopmental disorders (e.g., attention deficit/hyperactivity disorder and autism spectrum disorder) in chil-
dren. Though the etiologies of attention deficit/hyperactivity disorder (ADHD) and autism spectrum disorder (ASD) are still 
unclear, several epigenetic studies have provided evidence that perinatal exposure to these internal and external risk fac-
tors is associated with an increased risk for ADHD or ASD [38,39]. In recent years, the increasing prevalence of ADHD [40] 
and ASD [41] has brought more attention to early detection and intervention. Furthermore, besides risk factors during the 
peripartum period, research focusing on cross-generational transmission has reported that fetal brain and child outcomes 
may be vulnerable to a mother’s adverse experiences (e.g., maternal childhood maltreatment, experience of stressful legal 
problems) or substance exposure prior to pregnancy [42–45]. Together, these findings underscore the complex interplay 
between various risk factors, making it a major challenge to achieve early identification of developmental problems and 
identify early predictors. This complexity also hinders efforts to support diagnosis, prevention, and timely intervention.

Applications of machine learning techniques in identifying maternal risk factors during the peripartum phase for 
adverse child development

ML provides insights into large amounts of data using robust probabilistic techniques. One of the main advantages of ML is 
its ability to incorporate interactive predictors and account for variables with non-linear relationships. To address the chal-
lenges posed by complex and heterogeneous data in predictive modeling, ML techniques have emerged as a promising tool 
for supporting the diagnosis of psychiatric disorders [46,47], cancers [48], and ASD [49]. Furthermore, extensive research 
has shown that ML can utilize perinatal data to assist in predicting fetal health, neonatal outcomes (e.g., birth weight), 
preterm birth, stillbirth, length of intensive care, and mortality [17,50–54]. In the context of perinatal risk factors and clinical 
outcomes of the child, several previous studies have focused on prenatal exposure to alcohol [55,56], cytokines [57], tox-
ins and metals [58], or chemical compositions [59], and have investigated the various prediction models of developmental 
disorders, such as ASD or ADHD. While the application of ML for prediction is considered as a promising tool in many fields, 
potential pitfalls related to biases in the data, data quality, and the lack of standardized evaluation of prediction performance, 
as well as generalizability and its transfer into practice, have been discussed [15,16]. With the increasing adoption of ML 
applications in the field, several systematic reviews have examined their use in prediction models for pregnancy outcomes 
[60], preterm birth [61], neurodevelopmental outcomes after preterm birth [17], and children’s cognitive outcomes [15]. How-
ever, there is a notable gap in synthesizing the evidence on the application of ML to predict later child development based on 
maternal risk factors in non-preterm or extremely low birth weight infants. This gap exists partly because full-term infants are 
often considered at lower risk compared to preterm or extremely low-birth-weight infants, who are more closely monitored 
and frequently included in predictive studies. Furthermore, although guidelines for ML applications exist [62], an encompass-
ing evaluation of the quality of evidence required to overcome methodological challenges is often lacking [17].

This scoping review

This scoping review summarizes studies focusing on the application of ML techniques for describing or predicting child 
development based on maternal risk factors during the peripartum phase, covering full-term and healthy-born children. 
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While preterm and low-birth-weight infants often receive early interventions due to known risks, identifying risk fac-
tors or predictors of developmental delay in full-term healthy infants is challenging. Additionally, a critical appraisal was 
performed, evaluating several aspects, including representativeness, data leakage, internal and external validation, 
performance metrics, and interpretability. This review provides an overview of the current research on predicting child 
development outcomes, highlights gaps in the literature, and suggests directions for future studies to enhance the applica-
bility of ML techniques in this context.

Methods

The current review was not pre-registered publicly in a repository. For an overview of search results and information 
extracted from the studies, please see the following link on the Open Science Framework (https://osf.io/n5gyd/).

Search strategy

Systematic searches were conducted using PubMed, Web of Science, Scopus, and Google Scholar to identify pub-
lished studies. The literature search process was carried out with the assistance of two senior librarians, one of whom 
is a co-author. The searches were restricted to articles published up to January 14, 2025. Keywords related to mater-
nal factors included perinatal, antenatal, prenatal, postnatal factors, postpartum, and pregnancy. Keywords related to 
child development included infant outcome, motor development, cognitive development, regulation, social-emotional 
development, and neurodevelopment. Other keywords included terms such as ML, artificial intelligence, artificial neural 
networks, Bayesian kernel machine regression (BKMR), decision tree, deep learning, k-means, neural network, ran-
dom forest, regression tree, supervised learning, semi-supervised learning, and unsupervised learning. These keyword 
groups were used in a Boolean search across all four databases. Additionally, a MeSH search was conducted in PubMed 
and a topic search was performed in Web of Science and Scopus to ensure broader coverage of potentially related 
content (see S1 Table). After the search, we used Rayyan [63] to support the removal of duplicates before initiating the 
screening process.

Inclusion criteria for study eligibility

This review follows the PRISMA guidelines (Preferred Reporting Items for Systematic Reviews and Meta-Analyses, S2 
Table). The relevance of the identified articles was evaluated through a three-step process. In the first step, authors 
assessed the articles’ titles, then reviewed the abstracts in the second step, and finally, examined the full articles in 
the third step. Each step was independently completed by two authors. To maximize the number of articles included, 
when evaluating the articles, the inclusion criteria were applied conservatively, meaning that the articles were retained 
as long as one author chose them. All articles at each step were evaluated based on the following inclusion criteria: 
(1) journal article in English, (2) original study (not review or commentary), (3) use of artificial intelligence or ML in 
their methodology (as defined in the Introduction), (4) use of maternal risk factors during the peripartum phase (e.g., 
psychosocial problems, or environmental exposure) as independent variables, and (5) use of children’s developmental 
outcomes (e.g., cognitive, social-emotional, motor development, or the presence of neurodevelopmental disorders) as 
dependent variables. Case studies and book chapters without empirical study results were excluded. Studies focused 
on fetal development, birth outcome (e.g., preterm, very low weight, still birth, mortality), or physiological health 
related outcomes (e.g., allergy, thyroid function, and congenital heart disease) were also excluded. Additionally, chil-
dren born through in vitro fertilization, which is not in the scope of the current review, were excluded. Neural imaging 
studies, such as those using electroencephalogram or magnetic resonance imaging, were also excluded due to their 
complexity and challenges in data interpretation compared to more accessible and interpretable methods, such as 
questionnaire-based data and electronic health records. An overview of the inclusion and exclusion criteria is provided 
in Table 1.

https://osf.io/n5gyd/
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Screening and data extraction

We performed three steps to screen titles, abstracts, and full texts based on the inclusion and exclusion criteria. After 
screening full texts, information such as publishing details, study population, data source, perinatal risk factors, timing of 
exposure to risk factors, child outcome assessments and timing, ML techniques, other statistical approaches for valida-
tion, and main findings was systematically extracted. All procedures were executed by at least two authors, and conflicting 
assessments were resolved through consensus-based discussions.

Quality assessment

The current scoping review used the framework developed by Boven et al. [64]. Zierow, Tu, and Schweitzer extracted 
information related to six different criteria, including participants (sample size), data leakage, validation, performance met-
rics, interpretability, and open science. Note that these criteria depend on each other sequentially. First, only a sufficient 
number of observations allows for an appropriate split of the dataset for validation purposes. Second, a clean splitting 
strategy and caution in the tuning of model parameters ensures that the validation is meaningful. Third, only if the previous 
criteria are fulfilled do performance metrics become meaningful. In a similar vein, transparency and proper documentation 
are prerequisites for fully assessing the studies. Specifically, this is captured by the criterion of interpretability and open 
science in the quality assessment.

For sample size and participants, several hundred or more participants are considered appropriate. For data leak-
age, it is evaluated whether inflated performance due to overfitting has been introduced. For validation, the use of a 
completely independent sample for external validation is considered indicative of high quality. For the performance 
metrics, it is evaluated whether metrics such as the area under the receiver operating characteristics curve (AUC) 
and base rate-sensitive metrics are reported. For interpretability, it is evaluated whether authors provide additional 
insights into the models, for example, by conducting a comparison with previously developed models. Finally, for open 
science, high quality is indicated by a study’s support of transparency of data, codes, and models, which would allow 
for the future reproduction of the methodology. Each parameter was rated as appropriate (score = 2), minor deviation 
(score = 1), or major deviation (score = 0). The total score ranges from 0 to 12 with a higher total score indicating a 
higher quality study. In addition to calculating the total score for each study, the scores were also aggregated for each 
of the six criteria across all included predictive studies, providing a more detailed overview of performance in specific 
areas.

Table 1.  Overview of Inclusion and Exclusion Criteria.

Inclusion Exclusion

•	 Journal article in English
•	 Original study
•	 Human subject
•	 Use of ML in methodology
•	 Use of maternal exposure to risk factors during peripartum phase 

as independent variables
•	 Use of infants’ outcomes (cognitive, social-emotional, motor 

development, regulation, and neurodevelopmental outcome, such 
as ADHD or ASD)

•	 Review, protocol, or case report
•	 Outcome measures during the fetal phase (before birth, such as fetal size)
•	 Preterm and very low-weight infants
•	 Infants born with congenital issues, genetic neurological disorders (e.g., Down 

Syndrome), or brain malformations
•	 Stillbirth or mortality rate as outcomes
•	 Physiological health-related outcomes (e.g., allergy, thyroid function, congeni-

tal heart disease)
•	 Assisted pregnancy (IVF or ICSI)
•	 Imaging outcome at the neural level or cellular level, such as fMRI or DNA 

data
•	 Outcome measured in the late adolescent phase (or young adulthood)

Abbreviations: ADHD: Attention-Deficit/Hyperactivity Disorder; ASD: Autism Spectrum Disorder; DNA: Deoxyribonucleic Acid; fMRI: Functional Magnetic 
Resonance Imaging; ICSI: Intracytoplasmic Sperm Injection; IVF: In Vitro Fertilization; ML: Machine Learning.

https://doi.org/10.1371/journal.pone.0321268.t001

https://doi.org/10.1371/journal.pone.0321268.t001
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Results

The search resulted in 10,336 identified studies, of which 3,365 were duplicates. After screening and removing ineligible 
studies, 60 studies were retained in the current review. The PRISMA flow diagram [65] depicting the selection of studies is 
presented in Fig 1. Tables 2 and 3 summarize the study characteristics and main findings. For those studies with pre-
diction models (prediction-focused ML studies), results of the quality assessment are reported in Table 2. Among the 16 
studies included in this subgroup, the populations were from Ukraine, Australia, Sweden, France, Italy, Iran, Turkey, Brazil, 
Korea, and China (each with one study), while Israel, Ireland, and the USA each had two studies. These studies examined 

Fig 1.  PRISMA flowchart illustrating the study selection process for the scoping review. A total of 10,336 articles were identified through data-
base searches. Duplicate records were removed using Rayyan, resulting in a unique set of articles. The screening was conducted in three steps (title, 
abstract, and full-text review), each independently performed by 2–3 authors. Following this rigorous selection process, 60 studies were included in the 
final review.

https://doi.org/10.1371/journal.pone.0321268.g001

https://doi.org/10.1371/journal.pone.0321268.g001
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various outcomes, with neurodevelopmental diagnoses accounting for the largest proportion (40%), while cognitive and 
motor development each comprised 30% (S1 Fig). The detailed rating for the quality assessment of each of the quality 
criteria in each study is reported in the S3 Table.

For studies employing ML techniques to study only the association between variables without an objective to predict 
outcomes (pattern-focused ML studies), the quality assessment tool used in the current review is not applicable. Among 
the 44 studies in this subgroup, listed in Table 3, the majority examined populations from China (17 studies) and the USA 
(10 studies), followed by South Korea (3 studies), and the Seychelles (2 studies). The remaining studies were conducted 
in the Faroe Islands, Costa Rica, Spain, Mexico, Bangladesh, Japan, Canada, and South Africa, each represented by 
one study. These studies examined a range of developmental outcomes, with neurodevelopment, including motor devel-
opment, accounting for the largest proportion at 36%, followed by cognitive development at 31%. Behavior and social-
emotional development accounted for 19%, while neurodevelopmental disorders represent the smallest share at 14%. 
This distribution highlights the varying emphasis on different aspects of child development (S2 Fig).

Two main objectives of machine learning techniques in studying maternal exposure to risk factors and child 
outcomes

From the analysis of the 60 studies in this review, two distinct subgroups were identified based on their objectives for 
employing ML techniques in constructing statistical models for child development outcome variables including ADHD, 
ASD, fetal alcohol spectrum disorders (FASD), and developmental problems. The first subgroup, comprising 16 studies, 
prioritizes predictive diagnostic applications. These prediction-focused ML studies are characterized by a diversity of risk 
factors and methodological approaches. The second subgroup, which comprises the majority (44 studies, 73.3%), aims to 
infer relationships between risk factors and child development outcome variables. A predominant focus of this subgroup 
of pattern-focused ML studies is on external risk factors, such as exposure to air pollutants [69–71], organic pollutants 
[72,73], chemical mixtures [58,74–80], metals [74,76,81–89], pesticides [74,83,90,91], methylmercury [82,92,93], neu-
rotoxicants [74], or alcohol [55,56,94–96]. Additionally, some studies emphasized internal risk factors (or covariates), 
such as mental and nervous system disorders during pregnancy [97], birth conditions [98], psychological symptoms 
[96,66,67,99,100], psychosocial stressors, gestational diabetes, or other perinatal complications [58,59,70,73,77,87,91].

In the subgroup of prediction-focused ML studies (Table 2), six studies focused on predictors mainly during the prena-
tal period, six included both the pregnancy and postnatal periods, and four considered only the postnatal period. A wide 
range of risk factors were included across these studies, with alcohol exposure highlighted in five studies [55,56,94–96] 
and smoking during pregnancy in two [55,94]. Maternal depression or psychopathological symptoms were assessed in six 
studies [94,96,66,67,99,100], while one study focused on perinatal factors such as diseases during pregnancy, mental and 
nervous system disorders, and complications like intrapartum hemorrhage [97]. Exposure to cytokines was investigated in 
one study [57], and bio-physiological predictors, including maternal data and milk chemical composition, were included in 
two [75,98]. Toxic exposures, such as paints, solvents, and heavy metals, were reported in one study [58], while biological 
hazards spanning pre-, peri-, and post-natal periods were covered in another [59]. The authors reported moderate to good 
accuracy for prediction models for ADHD [56], and FASD (1st year postpartum) [55], and diagnosis of ASD [57,58,97,98]. 
In two studies aiming to predict ASD in children aged 4 years or older, one study based on register data yielded low 
accuracy and no improvement after adding data from maternal inflammatory markers from early pregnancy [57]. In two 
large cohort studies focusing on early ASD symptoms and ASD diagnosis in children aged 2 years or older, depressive 
symptoms were not included in the final feature importance results [66,67]. The other study, based on several biomarkers 
such as maternal familial history of auto-immune diseases, reported moderate accuracy [98]. In the context of predicting 
developmental problems, Li et al. [75] and Soleimani et al. [59] reported results with moderate accuracy based on milk 
samples and biological problems (e.g., high-risk pregnancy, respiratory distress syndrome, etc.), respectively. Bowe et 
al. [95] reported that prenatal exposure to an air pollution mixture was linked to lower general memory and attention/
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concentration scores in children aged 5 years, suggesting poorer memory function. Furthermore, based on maternal 
psychological symptoms, Usta & Karabekiroğlu [99] reported moderate accuracy in predicting children’s social-emotional 
problems between 12 and 42 months of age. Finally, alcohol consumption, along with various maternal socioeconomic 
factors, was found to predict the likelihood of a child having an IQ score below 90 at 5 years old [94].

In the subgroup of pattern-focused ML studies (Table 3), five studies investigated risk factors from multiple ambient 
air pollutants or fine particulate matter (PM

2.5
) [69–71,101,102], while other 39 studies focused on various chemical or 

metal exposures. Regarding the timing of exposure, only four studies included both prenatal and postnatal phases. The 
other 40 studies investigated exposure only during the prenatal phase. Among these 40 studies, six reported that there 
is little to no evidence to support the impact of exposure to external risk factors (e.g., phenols), during pregnancy on 
neurodevelopment or psychomotor development [77,78,82,93,103,104]. The other 33 studies reported significant asso-
ciations, showing a negative impact on cognitive development [74,76,84,86,90,92,101,105–111], neurodevelopment 
[69,74,79,83,88,89,91,102,112–115], behavior problems [70,102,116], motor development [71,117,118], word retrieval, 
language development [72,117,119], and reading skills [73]. Interestingly, one study reported that second-trimester copper 
exposure was positively associated with cognitive development at 24 months and cognitive trajectories from 6–24 months, 
with an interaction effect between copper and lead exposures [81]. In addition, Qiu et al. reported prenatal exposure to 
manganese was linked to a lower risk of non-optimal cognition development, suggesting a protective effect [118]. Another 
study reported that higher levels of a flame-retardant chemical were linked to more social difficulties, while higher levels 
of a pesticide were associated with fewer social challenges. Two industrial chemicals were connected to better cognitive 
skills, and several pollutants were linked to improved adaptive functioning [120]. The timing of exposure, targeted predic-
tors, outcome assessment tools, and age range of the children all differed from one study to another.

Type of machine learning techniques used

In the subgroup of prediction-focused ML studies, the procedure of splitting into train, test, and validation data as well as 
corresponding performance metrics were typically reported. By contrast, in the subgroup of pattern-focused ML studies, 
ML techniques were employed to describe relationships in complex data that can be challenging to analyze with traditional 
methods. Given the studies in this subgroup did not provide predictions, validation techniques for prediction performance 
were typically not employed and issues such as overfitting were not investigated.

An overview of the methodological characteristics of the prediction-focused ML studies is provided in Table 2 and Fig 2. 
In these studies, the most frequently used techniques were Decision Tree Models, Logistic Regressions, and Artificial 
Neural Networks (ANNs). Eleven of the fourteen decision tree models were tree-based ensemble algorithms such as Ran-
dom Forest Models (RFMs) [55,57,75,80,94,95,100] and Gradient Boosting Decision Trees [66,67,97,98]. The remaining 
three models were simple single decision trees [56,96,99]. The three ANNs were all relatively small fully connected feed 
forward ANNs. In the first study by Grossi et al., the ANN had an input layer of 16 nodes, one hidden layer of 12 nodes 
and an output layer of two nodes [58]. In the second study by Soleimani et al., the ANN had an input layer of 14 nodes, 
one hidden layer with also 14 nodes, and an output layer with one node [59]. In the third study by Zhou et al, the final 
ANNs had an input layer of five nodes, one hidden layer of four nodes, and a single output node [80]. Consistent with typi-
cally small sample sizes, model size and complexity were relatively small in all of these studies. To put this into the context 
of general recommendations around sample size of ANNs, for instance, Alwosheel et al. [121] recommended, a sample 
size of 50–1,000 times the number of model weights. Thus, even for the relatively small networks in the ANN studies 
reported between 1,000 and 20,000 independent observations would have seemed appropriate.

In the subgroup of pattern-focused ML studies, the most frequently used technique is Bayesian Kernel Machine 
Regression (BKMR). This statistical approach was originally introduced to the estimation of health effects of pollutant 
mixtures by Bobb et al. [122]. It combines Bayesian inference and kernel-based ML to model complex, non-linear rela-
tionships in high-dimensional data, yielding interpretable outcomes. BKMRs were employed by 36 out of 44 studies in 
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this subgroup. Of the other eight studies, two further studies employed methods related to BKMR such as Bayesian 
Varying Coefficient Kernel Machine Regression (BVCKMR) [81] Mean Field Variational Bayes for Lagged Kernel Machine 
Regression (MFVB-LKMR) [115]. Two studies employed clustering algorithms in combination with traditional regression 
methods [74,76]. In this context, clustering served the purpose of handling the complexity and high dimensionality of the 
data before applying simpler methods that are easier to interpret. One study employed Distributed Lag Non-linear Models 
(DLMNs) for the main part of the analysis, while in a pre-step to this analysis, an RFM was used to estimate the input vari-
able chemical exposure level [69]. Another study employed a Multivariable Poisson Regression (MPR) with Generalized 
Linear Mixed Models (GLMMs), while again, in a pre-step to the analysis, chemical exposure levels were estimated by an 
RFM [71].

The level of methodological maturity appears to differ substantially between the two types of studies. In the prediction-
focused ML studies, a high degree of heterogeneity of algorithms and procedures indicates that predictive applications 
of ML are still in a phase of methodological experimentation. Among these studies, it is therefore difficult to identify a 
clear best-practice example. Soleimani et al. [59], for instance, provide a well-documented example of how to construct, 
document, and evaluate a simple ANN. However, this method has yet to gain traction and is constrained by limitations in 
transparency and ability to predict outcomes with small datasets. By contrast, a commendable example of accomplishing 
transparency and using a method appropriate for their sample size was provided by Goh et al. [56]. They utilized a simple 
decision tree that was presented in its entirety within their article and validated its performance with an independent sam-
ple. Despite its strengths, such as transparency and scalability to smaller datasets, this approach would struggle to handle 

Fig 2.  Overview of the frequency of machine learning and statistical techniques used in the included studies. This figure displays the various 
techniques employed across the included studies. On the left, the specific techniques are listed, while the bars represent their frequency of use. The 
following techniques were each employed in only one of the included studies: Bayesian additive regression trees, Bayesian multiple outcomes model, 
Bayesian profile regression, distributed lag non-linear models, generalized linear mixed models, latent profile analysis, least absolute shrinkage and 
selection operator, principal component analysis, Super Learner (ensemble machine learning). *Includes variants of the technique such as Bayesian 
varying coefficient kernel machine regression. ** For prediction-focused ML studies, only the machine learning/statistical technique in the main part of 
the analysis but not those used for robustness checks were included in the count.

https://doi.org/10.1371/journal.pone.0321268.g002

https://doi.org/10.1371/journal.pone.0321268.g002
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larger, more complex datasets due to its limited expressiveness and vulnerability to overfitting. In these scenarios, more 
sophisticated methods such as RFMs, as employed in other studies [55,57,75], could offer a solution. However, these 
studies fell short in terms of interpretability and failed to consistently apply rigorous performance validation.

In contrast to the prediction-focused ML studies, the pattern-focused ML studies showed a certain convergence to 
a standard methodology. In this context, ML techniques coalesced into a pre-defined template or recipe to address the 
dimensionality and complexity of data. As an example, Valeri et al. [88] provided a BKMR template for handling com-
plex and multi-dimensional data that was used successfully by several later studies. As mentioned earlier, BKMR works 
by combining Bayesian hierarchical modeling with kernel methods. This method is particularly well-suited for situations 
where the relationships between variables are nonlinear and interactive, such as when modelling environmental exposure 
mixtures.

Overall quality assessment

In Table 2, we report the quality of each prediction-focused ML study according to the criteria described in the Methods 
Section. Across the 16 prediction-focuses ML studies, the total study quality ranges from a low score of 5 to a high 
score of 10 (full score = 12, mean score = 7.2, standard deviation = 1.8), suggesting typical study qualities are moder-
ate. In Fig 3, we present the total scores for each of the six different quality-criteria across 16 studies. If all ten studies 
had completely met the criteria, the corresponding total score for the criteria would have resulted in a full score of 
32. Across the six criteria, total scores range from 6 (open science) to 27 (performance metrics). The remaining four 
criteria show moderate quality. All observed studies suffered from some limitations in either the procedures to prop-
erly validate results or avoid data leakage. The specific issues were different in each case, ranging from missing or 
incomplete splitting strategies to issues of data leakage. At the same time, all studies reported at least some common 
performance metrics. Most studies, however, indicated metrics only for a fixed classification threshold value, implying a 
specific choice of the trade-off between precision and recall that was not discussed or motivated explicitly. Four studies 
addressed this issue by providing AUC values, underscoring the value of considering the full range of trade-offs repre-
sented in the ROC curve. These findings highlight a need for future prediction-focused ML studies to adopt more robust 
validation practices.

Most studies in the criterion of open science show major deviations, with only one study providing most of the related 
code and data. In fact, the majority of studies provide no disclosure on the availability of data and code. The apparent res-
ervation to making more technical details available might be a further indication of the experimental state of the methodol-
ogy. Overall, the results indicate that the existing studies may not yet provide a clear template or best-practice example to 
inform future research. Interestingly, for each criterion, there is at least one example that appropriately fulfills the criteria. 
As these positive examples occur across very different basic approaches, it would not be obvious though, how they could 
be combined into a single study design in the future.

Discussion

This review offers an overview of how ML is applied in studies that employ statistical models to analyze maternal expo-
sure to risk factors and child development. The majority of the included studies have a descriptive focus on the associa-
tions between perinatal factors and child development outcomes. Additionally, 26.7% of the prediction-focused ML studies 
employed predictive ML models for supporting differential diagnoses. Among the ML techniques reported, Decision Tree 
Models and Artificial Neural Networks were the most prevalent.

While the pattern-focused ML studies discussed in this review have provided valuable insights into potential rela-
tionships within complex biological, psychosocial, and environmental systems, their limitations in establishing causality 
must be acknowledged, particularly in their capacity to influence medical routines and interventions. The inherent nature 
of association studies to identify correlations does not equate to causation. This restricts their direct applicability in 
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Fig 3.  Summary of the quality assessment of ten prediction-focused ML studies. This figure provides an overview of the quality assessment of 16 
prediction-focused ML studies focused on child development. The first author and publication year are listed on the left. Six domains of the evaluation 
criteria are displayed from left to right: participants, data leakage, validation, performance metrics, interpretability, and open science. The sum scores for 
each study are detailed in Table 2. The aggregated scores for each domain across all studies are shown in light gray boxes at the bottom of the figure. 
Color coding indicates the level of quality: green represents appropriate, blue indicates minor deviations, and yellow highlights major deviations.

https://doi.org/10.1371/journal.pone.0321268.g003

developing preventive and therapeutic strategies [123]. In the pursuit of precise identification of early markers or predic-
tors in developmental pathways, as stated in our introduction, the reliance solely on association studies can risk overlook-
ing critical causal factors. Association studies are prone to various biases, such as selection bias and confounding, which 
can lead to spurious conclusions [124]. Therefore, a shift towards more prediction-oriented research, and ideally, studies 
that establish causality, is paramount. Causal studies, supported by predictive analytics, would provide a more robust 
framework for discerning the complex interplay of factors at work.

The evaluation of prediction-focused ML studies reveals several quality indicators, including sample sizes, interpret-
ability, data leakage, and open science, showing minor to major deviations. Across ten studies, several quality indicators, 
including sample sizes, interpretability, data leakage, and open science, show minor to major deviations. In other words, 
most of the results need to be interpreted with caution due to several methodological limitations. First, studies based on 
large-scale populations and longitudinal datasets in healthcare are still limited [125]. Studies with sample sizes of less 
than 100 mother-child dyads and a large number of predictors might suffer from overfitting, which might not be detected 
in the absence of external validation metrics [55,75]. Second, potential limitations of the representativeness of the sam-
ples should be also noted. Third, in prediction models, standardized internal validation and model evaluation are lacking. 

https://doi.org/10.1371/journal.pone.0321268.g003
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Fourth, perinatal factors and child outcomes are subject to changes over time. Most studies focused on a particular time 
period and the results might not be replicable due to the dynamic nature of data. Fifth, there is a general lack of transpar-
ency. Possibly due to privacy concerns or sensitive data, most studies do not provide information and materials accord-
ing to open science guidelines [126]. Overall, ML models are suitable in identifying correlations and statistical inferences 
based on complex and large datasets. For prediction modelling observed in the current review, however, the method-
ology remains immature, with limitations in sample size, validation, transparency, and adaptability. On a positive note, 
over the past two years, there has been a notable increase in publications on ML, encompassing both pattern-based 
and prediction-based approaches. Among prediction-based ML studies published after 2023, a positive trend was that all 
reported appropriate performance metrics and offered meaningful model interpretations. However, we did not observe 
any substantial improvements in other quality criteria and the ML techniques used in prediction-based studies continued 
to vary widely.

The challenges for ML applications we describe are consistent with several recent reviews. For instance, in the 
fields predicting population health and developmental outcomes, the methods of hyperparameter selection, num-
ber of feature selection, and methods of feature selection, are often under-reported [127,128]. Moreover, similar to 
our observations, small samples are frequently used [17,128]. Another common issue is the difficulty to assess data 
quality, data leakage, and the handling of missing data. In the healthcare sector, these challenges are particularly 
pronounced due to the sensitive nature of patient information and the complexity of medical data. ML techniques are 
increasingly being used to address these issues. Ensuring data quality involves using advanced algorithms to validate 
and clean data, maintaining accuracy, completeness, and consistency, which are crucial for reliable clinical outcomes 
[129]. Data leakage in ML occurs when information that should not be available to the training dataset inadvertently 
influences model creation, leading to overly optimistic performance estimates that fail to generalize to new data [130]. 
This issue often arises when practitioners use ML tools without fully understanding the underlying algorithms and 
nature of their datasets, relying instead on automated processes [131]. Understanding and mitigating data leakage is 
crucial for developing robust and reliable ML models that can generalize effectively to real-world scenarios [130,131]. 
Additionally, handling missing data effectively is vital to avoid biases in research findings. ML methods like Multiple 
Imputation by Chained Equations (MICE), K-Nearest Neighbors (KNN), and Denoising Autoencoders (MIDAS) have 
shown promise in accurately imputing missing data, ensuring that healthcare datasets remain robust and useful for 
improving patient care and advancing medical research [129]. Furthermore, nontransparent reporting of how data 
are handled might contribute to low validity and prediction accuracy of the reported prediction models [132]. Future 
studies therefore should report more details of the selection and data processing procedure. With clear and transpar-
ent information, though sample sizes for training are small, the results are more likely to further increase the predictive 
performance of larger future datasets.

Besides increasing transparency, several areas of improvement could be explored in future research. For the 
pattern-focused ML studies using the BKMR approach, the analysis could be extended for the purpose of prediction. 
For this purpose, a validation scheme based on a corresponding split of the dataset would be necessary. However, 
potential hurdles for adopting BKMRs for research projects beyond the specific domain of modeling of multi-pollutant 
mixtures might be their limitation to continuous variables, the sensitivity of posterior inclusion probabilities to the choice 
of tuning parameters, and the lack of procedures for assessing the statistical significance of pollutants mixture interac-
tions [133,134].

For prediction-focused ML studies, beyond well-defined special cases, future research will still face a challeng-
ing landscape of competing ML techniques with distinct advantages and disadvantages. In ML research, it is well-
established that RFMs and other decision-tree based models demonstrate high performance, even when the amount 
of available data is limited [135]. However, recent advances in transfer learning could make the use of more expres-
sive ANNs feasible even for small datasets [136]. For this approach, a neural network is trained on a large, often 
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domain-general dataset and then fine-tuned on a specific smaller dataset. Whether transfer learning can be effectively 
applied to prediction-focused ML studies such as those discussed in this review remains an open question that could 
be addressed by future research.

Finally, across both prediction- and pattern-focused ML studies, a range of maternal external and internal risk factors 
for child development have been identified. This review specifically examines maternal risk factors throughout pregnancy 
and the first 12 months postpartum. Capturing the dynamics and changes over time in the mother is inherently complex 
due to the multifaceted nature of maternal health, behavior, and environment. Similarly, child development is a highly 
dynamic and intricate process, influenced by a myriad of factors that evolve over time. Future research challenges will 
involve not only capturing these parallel complexities but also understanding the interplay between maternal and child 
development. This will require sophisticated longitudinal studies and advanced analytical methods, such as ML tech-
niques, to unravel the intricate web of influences that shape early childhood development.

Conclusions

This scoping review shows that a majority of the observed studies have employed ML techniques for statistical associa-
tions between perinatal factors and their impact on child outcomes. Among prediction-focused ML studies, (Decision Tree-
based) Ensemble Algorithms and Artificial Neural Networks were the most frequently utilized ML techniques. In contrast 
to inferential findings, the interpretability and generalizability of prediction studies are more limited. While several perfor-
mance metrics were reported, to fully meet the evaluation criteria used in the quality assessment, it will be necessary to 
develop a more systematic methodology and enhance the transparency of future research.

Limitations

There are some limitations in the current scoping review. First, the literature search was limited to PubMed, Scopus, and 
Web of Science, with Google Scholar used as a supportive tool. Studies from unpublished data, thesis work, or grey liter-
ature were not included, potentially limiting the comprehensiveness of the findings. Second, while some included studies 
had relatively small sample sizes, the review does not aim to determine the optimal sample size for studies in this field. 
However, the variability in sample sizes across studies could influence the robustness and generalizability of the findings. 
Third, the quality assessment of the studies was limited to prediction-focused ML studies. Finally, the studies included 
were highly heterogenous, with considerable variation in ML techniques, timing of exposure, outcome measures, and 
child development assessment tools. This heterogeneity makes it difficult to draw conclusive results regarding the overall 
impact of perinatal factors on child developmental problems.
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