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Abstract

Pregnancy introduces a unique clinical dilemma in the management of psychi-
atric and neurological disorders, where ensuring maternal mental health must
be carefully balanced against the potential risks to fetal development. Pharma-
cological treatments, while often necessary, carry varying degrees of terato-
genic risk, particularly when administered during sensitive stages of gestation.
In this study, we present an Al-based risk stratification framework that inte-
grates machine learning (ML) and explainable artificial intelligence (XAI) tech-
niques to quantify and interpret the likelihood of congenital malformations re-
sulting from the use of psychiatric and neurological medications during preg-
nancy. We developed a synthetic yet clinically representative cohort of 1200
pregnant patients, incorporating a wide range of maternal, fetal, and pharma-
cologic features such as age, body mass index, gestational age, medication class,
dosage, and trimester of exposure. Using a calibrated XGBoost classifier com-
bined with isotonic regression and SMOTE oversampling, we achieved strong
predictive performance with an area under the precision-recall curve (AUPRC)
of 0.872 and an area under the receiver operating characteristic curve (AU-
ROC) of 0.945. To ensure transparency and usability in clinical settings, we
applied SHAP (SHapley Additive exPlanations) to elucidate feature contribu-
tions and developed five high-resolution visualizations, including a SHAP
summary plot, risk histogram, stratified donut chart, boxplot of dosage by risk
group, and a correlation heatmap. These figures provide a clear understanding
of how individual risk factors contribute to outcome predictions. This study
demonstrates that combining ML with XAI can produce an interpretable, scal-
able tool for risk stratification in perinatal psychiatry, enabling personalized
decision-making and promoting safer pharmacological management during

pregnancy.
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1. Introduction

Psychiatric and neurological disorders represent a significant burden during preg-
nancy, affecting up to 15% - 20% of expectant mothers [1]-[3]. Left untreated,
conditions such as depression, bipolar disorder, anxiety, and epilepsy can result
in adverse maternal outcomes including poor prenatal care adherence, increased
risk of obstetric complications, and long-term developmental consequences for
the child [4]-[7]. Pharmacotherapy remains a cornerstone of management; how-
ever, its use during pregnancy presents a complex clinical challenge [8] [9]. Many
psychotropic and neurological medications are associated with potential terato-
genic risks, especially when exposure occurs during the first trimester—a critical
period of organogenesis [10]-[12]. Existing clinical guidelines attempt to balance
maternal and fetal outcomes by classifying medications into risk categories [13]-
[15]. However, these frameworks are often limited in granularity and fail to in-
corporate individualized patient data such as comorbidities, dosage, polyphar-
macy, or gestational timing [16]-[19]. Consequently, clinical decisions frequently
rely on subjective judgment, which can lead to over- or under-treatment and in-
crease stress for both patients and providers [20]-[22]. Recent advances in artifi-
cial intelligence (AI) and machine learning (ML) offer a promising avenue to ad-
dress this gap. By analysing large datasets, these models can uncover subtle pat-
terns and interactions among risk factors that are not evident through traditional
approaches [23]-[25]. Yet, a key barrier to clinical adoption remains interpreta-
bility. Clinicians require transparent, explainable systems that not only predict
outcomes but also provide insight into the underlying decision-making process
[26]-[30]. In this study, we introduce a robust, interpretable AI model designed
to stratify the risk of fetal malformations associated with neurological and psychi-
atric drug exposure during pregnancy. Using a combination of calibrated gradi-
ent-boosted algorithms and explainable Al techniques like SHAP (SHapley Addi-
tive explanations), the model not only delivers strong predictive performance but
also generates intuitive visualizations to support clinician understanding and pa-
tient communication. This work aims to bridge the gap between Al innovation

and clinically actionable decision support in perinatal psychiatry.

2. Literature Review

The management of psychiatric and neurological conditions during pregnancy
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presents a clinical dilemma, where maternal mental health must be weighed
against potential fetal harm from pharmacologic interventions [31]-[34]. Multiple
studies have documented the teratogenic risks associated with certain drug clas-
ses, including antiepileptics and antidepressants, particularly during the first tri-
mester [35]-[37]. For example, valproic acid has been linked with neural tube de-
fects, while selective serotonin reuptake inhibitors (SSRIs) have shown mixed ev-
idence regarding congenital heart defects and persistent pulmonary hypertension
of the newborn [38]-[40]. Traditional pharmacovigilance relies heavily on post-
marketing surveillance and registry data, which are often underpowered due to
limited sample sizes and potential reporting bias [41]-[43]. Consequently, clinical
decisions are frequently guided by aggregated risk estimates that may not capture
individual patient characteristics or comorbidities [44]-[47]. This has led to in-
creased interest in leveraging artificial intelligence (AI) and machine learning (ML)
approaches to model personalized risk. Recent advances in Al-enabled healthcare
have demonstrated that data-driven models can outperform conventional scoring
systems in various domains, including obstetric risk prediction, drug safety profil-
ing, and perinatal monitoring [48]-[51]. Studies utilizing electronic health records
(EHRs) have shown that integrating demographic, biochemical, and medication ex-
posure data can improve predictive accuracy for adverse pregnancy outcomes [52]-
[54]. Explainable AI (XAI) methods such as SHAP (Shapley Additive Explanations)
and LIME (Local Interpretable Model-Agnostic Explanations) have further en-
hanced the interpretability of complex models [55]-[57]. Recent advancements in
explainability extend beyond SHAP and LIME, including counterfactual explana-
tions and concept-based attribution methods, which allow clinicians to explore
“what-if” scenarios and align model reasoning with clinically recognizable concepts.
These approaches, as emphasized by Muntaha & Dewanjee (2024), show promise in
perinatal settings where decision accountability and transparency are paramount.
These techniques are particularly relevant in maternal-fetal medicine, where clini-
cians require transparency to justify treatment plans [58] [59]. Despite these devel-
opments, few applications of ML have specifically addressed drug-related fetal mal-
formations with high-resolution modelling [60] [61]. This research aims to fill that
gap by offering an interpretable and stratified approach, combining synthetic cohort
modelling, calibrated tree-based classifiers, and visual explanation methods to sup-

port clinical decision-making in perinatal psychiatry and neurology.

3. Methodology

This study implements a comprehensive Al-based pipeline for risk stratification of
fetal malformations associated with neurological and psychiatric medications in
pregnancy. The approach integrates realistic data simulation, feature engineering,

advanced machine learning models, and explainability tools tailored for clinical use.

3.1. Dataset Simulation

Given the limitations and ethical concerns around accessing large-scale real-world
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data involving pregnant patients, a synthetic cohort of 1,200 pregnancy records

was generated. The cohort reflects clinically observed distributions across de-

mographics, comorbidities, and pharmacologic exposures. Variables included:

e Demographics: Age, Race;

¢ Biometrics: Body Mass Index (BMI), HbAlc;

¢ Clinical: Gestational Age, Prior Obstetric Complications, Comorbidities;

¢ Pharmacological: Medication Class (SSRI, SNRI, TCA, AED), Dose, Concom-
itant Medications [62] [63].

Each medication class was associated with baseline malformation risks in-
formed by published perinatal safety data. Additional risk was compounded for
specific patient subgroups using known clinical multipliers. Baseline malfor-
mation risks for each medication class were derived from meta-analyses and ob-
servational cohort studies (e.g., Gao et al, 2018; Alwan et al, 2016). Clinical mul-
tipliers used to simulate risk amplification (e.g., for obesity, advanced maternal
age, and first trimester exposure) were based on adjusted odds ratios reported in
prior pharmacovigilance literature. Table 1 below provides a categorized overview
of the dataset features. It reflects the multidimensional clinical context necessary
for modelling individual-level fetal risk and enables explainability through well-

defined feature engineering.

Table 1. Feature overview.

Feature Type Variables

Demographic Age, Race

Biometric BMI, HbAlc

Clinical Gestational Age, Prior Complications, Comorbidities
Pharmacological Medication Class, Dose, Concomitant Medications
Engineered First Trimester Exposure, Obesity, Advanced Maternal Age,

Polypharmacy (n > 3)

This Table 1, summarizes the core and engineered variables used in the syn-
thetic pregnancy cohort. Features span demographic, biometric, clinical, and
pharmacological categories, enriched by clinically informed engineered variables

to improve model interpretability.

3.2. Feature Engineering

To enhance model transparency and mirror clinical heuristics, derived binary
flags were introduced:

e Polypharmacy. >3 concurrent medications;

e First Trimester Exposure: Gestational age < 12 weeks;

e Advanced Maternal Age. Age > 35 years;

o Obesity: BMI > 30 kg/m>.

These engineered features facilitate clinician-aligned interpretations of Al
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outputs.

3.3. Preprocessing and Modelling Workflow

A robust pipeline was constructed as follows:

¢ Missing Data Imputation: Numeric fields were imputed using Iterative Im-
puter, a multivariate imputation algorithm leveraging chained regression mod-
els. Categorical fields used SimpleImputer with the mode strategy.

e Transformation: Numeric values were scaled using RobustScaler to reduce the
influence of outliers. Categorical values were transformed with OneHotEn-
coder, preserving information granularity.

e Model Selection: The predictive model utilized XGBoostClassifier with hy-
perparameters tuned using GridSearchCV over 5-fold Stratified Cross-Valida-
tion (CV). Parameters included max_depth, learning rate, and n_estimators. Fi-
nal hyperparameter values used for the XGBoost classifier included: max_depth
= 5, learning rate = 0.1, n_estimators = 100, subsample = 0.8, and colsam-
ple_bytree = 0.75. These were selected based on grid search performance across
five folds, optimizing for both AUPRC and calibration score.

e (Calibration: Post-training, models were calibrated using CalibratedClassi-
tierCV with isotonic regression, producing reliable probability estimates suit-
able for clinical interpretation.

e Imbalance Correction: To address the typically low incidence of malfor-
mations, SMOTE (Synthetic Minority Over-sampling Technique) was used to
oversample the minority class within each training fold. To prevent data leak-
age, SMOTE was strictly applied within each training fold during cross-vali-
dation. Test data remained untouched during oversampling to ensure unbi-

ased performance evaluation.

3.4. Explainability Framework

Model transparency is critical for clinical AI deployment. SHAP (SHapley Addi-

tive exPlanations) was employed to dissect model behaviour:

o Global Interpretability: SHAP bar plots highlighted the top contributors to
overall risk stratification.

e Local Interpretability: Individual-level SHAP plots visualized feature contri-
butions to a single patient’s predicted risk.

o Complementary Visuals. A histogram of predicted risk, a stratified donut
chart, and a feature correlation heatmap enriched analytical insight.

Visual Artifacts Produced:

e SHAP Summary Bar Plot: Ranks the top features by their mean absolute
SHAP values, offering a global interpretability perspective. It clearly identifies
variables such as first trimester exposure, AED use, and elevated BMI as ma-
jor contributors to malformation risk predictions.

¢ Risk Probability Histogram: Illustrates the model’s calibrated predicted prob-

abilities of fetal malformation across the cohort. Vertical threshold lines at 5%
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and 15% partition the population into low, moderate, and high-risk groups,
making the distribution easy to interpret in clinical decision-making contexts.

¢ Risk Stratification Donut Chart: Visually segments the patient population
into risk categories: Low (68%), Moderate (19%), and High (13%). Its circu-
lar format makes it ideal for summarizing population-level risk and communi-
cating outcomes with both clinicians and patients.

o Correlation Heatmap: Depicts the linear relationships between continuous
input features. The mostly low pairwise correlations suggest minimal multi-
collinearity, validating the independence of key predictive variables used in the
model.

¢ Dose-by-Risk Group Boxplot: Shows how prescribed medication doses vary
across different risk categories. Patterns suggest potential dose-response rela-
tionships, with higher doses more frequently observed in moderate and high-
risk groups—a useful indicator for exploring safe prescribing thresholds.

These outputs ensure interpretability and foster trust in Al-assisted decision

support, aligning with the standards of clinical risk communication.

4. Results

4.1. Model Performance

The trained XGBoost classifier, enhanced with isotonic calibration and validated
via 5-fold stratified cross-validation with SMOTE oversampling, demonstrated
strong predictive capability. Specifically, the model achieved an Area Under the
Precision-Recall Curve (AUPRC) of 0.872 and an Area Under the Receiver Op-
erating Characteristic (AUROC) of 0.945, indicating excellent sensitivity-speci-
ficity balance and a robust ability to distinguish between high- and low-risk preg-
nancies. These metrics underscore the model’s reliability in prioritizing pregnan-
cies with elevated risk of drug-associated malformations, a critical need in perina-

tal psychiatry.

4.2. Visual Interpretability and Feature Impact

To enhance transparency and support clinical interpretability, five visualizations
were generated from the trained model and its outputs:

This plot Figure 1 ranks the top 15 features based on their average contribution
(mean absolute SHAP value) to the predicted risk of malformation. Medication
dose, first trimester exposure, BMI, and HbA1lc emerged as the most influential
predictors, aligning with known teratogenic mechanisms and maternal metabolic
indicators. The bar plot confirms these features consistently shaped predictions
across the population, serving as a global interpretability tool.

A histogram in Figure 2 of calibrated risk probabilities shows the distribution
of model-predicted malformation risk across all 1200 patients. Most predictions
cluster under the 5% threshold, designating low risk. Vertical reference lines at
0.05 and 0.15 delineate moderate (5% - 15%) and high (>15%) risk groups. This

figure reveals that while high-risk cases are a minority, the model maintains a
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Top 15 SHAP Feature Importances
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Figure 1. SHAP feature importance bar plot.
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Figure 2. Predicted risk histogram.

balanced prediction spread, crucial for triage applications. The 5% and 15%
thresholds for stratifying fetal risk were selected based on clinical heuristics from
perinatal risk literature, where a > 15% probability of major malformation often
warrants pharmacologic reconsideration [13] [14]. These thresholds also align

with risk categorization frameworks used in FDA pregnancy risk guidelines.
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This chart in Figure 3 summarizes population distribution by risk category:
o Low Risk (<5%): 68.8%;
e Moderate Risk (5% - 15%): 18.4%;
e High Risk (>15%): 12.8%.

The donut format facilitates visual communication of risk distribution, useful
for public health reporting and patient education. Notably, over 30% of cases fall
into clinically actionable moderate or high-risk tiers, supporting the model’s

utility in real-world stratification.

Risk Stratification

High

Moderate

Figure 3. Risk stratification donut chart.

To evaluate inter-variable relationships, a Pearson correlation heatmap in
Figure 4 was generated. Most features exhibited weak or negligible correla-
tions, suggesting minimal multicollinearity. Notable exceptions include engi-
neered features such as advanced age vs. age (r = 0.74) and obesity vs. BMI (r
= 0.76). The absence of strong linear dependencies supports the selection of
tree-based modeling approaches, which excel in capturing non-linear interac-
tions.

This boxplot in Figure 5 visualizes dosage distributions across low, moderate,
and high-risk groups. Although median dosages are broadly similar, the high-risk
group displays compressed variability, suggesting tighter risk margins at elevated
exposure levels. The trend suggests a potential dose-response relationship, war-
ranting further investigation using larger real-world datasets.

Together, these results validate the model’s predictive power, reinforce its clin-
ical interpretability via SHAP and stratified visuals, and highlight risk patterns
consistent with pharmacological literature. The integration of explainability and
statistical rigor makes this system a promising candidate for deployment in risk-
informed perinatal psychiatric care.
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Feature Correlation Heatmap 0
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5. Discussion

This study demonstrates the feasibility and effectiveness of using a calibrated, inter-
pretable machine learning framework to assess fetal malformation risk associated
with psychiatric and neurological drug exposure during pregnancy. By incorporat-
ing clinically meaningful features—such as medication class, dosage, trimester of
exposure, and patient comorbidities—the model successfully stratifies patients into
risk categories with high predictive performance (AUPRC = 0.872; AUROC =
0.945). These results highlight the potential of Al-enhanced systems in advancing
perinatal pharmacovigilance, where traditional risk stratification methods are often
limited by categorical assumptions and subjective judgment [64] [65].

A notable strength of the proposed framework lies in its emphasis on model
explainability. The use of SHAP (SHapley Additive exPlanations) enhances clini-
cal transparency by quantifying how each feature contributes to a patient’s pre-
dicted risk [66]. This not only fosters clinician trust but also supports more in-
formed, individualized patient counseling. The SHAP summary bar plot revealed
that first trimester exposure, antiepileptic drug (AED) use, and elevated BMI were
among the most influential features driving higher malformation risk predictions.
By aligning model outputs with well-known clinical risk factors, the system
bridges the gap between algorithmic insight and domain knowledge, reinforcing
its potential for real-world adoption. These findings align well with established
obstetric literature, providing face validity to the model’s internal logic. Further-
more, risk distribution histograms and stratified donut charts offer intuitive visu-
als for patient communication and risk triage. Despite these promising outcomes,
several limitations must be acknowledged. To ensure generalizability, future im-
plementation will involve adapting the model to electronic health records (EHRs)
by aligning input variables with standard clinical terminologies (e.g., ICD-10,
RxNorm). Validation on retrospective EHR datasets will test robustness against
real-world variability, including missingness and noise. Additionally, incorporat-
ing prospective data from pregnancy registries can further assess temporal con-
sistency and reliability of predictions. First, the current model is trained on syn-
thetically generated data, which—while based on clinically grounded priors—
lacks the full spectrum of noise, heterogeneity, and missingness seen in real-world
electronic health records (EHRs). Second, although the model performed well in
this controlled setup, external validation using retrospective or prospective patient
data is essential before clinical deployment. Finally, SHAP assumes that the un-
derlying model structure faithfully represents causality, which may not always
hold. Exploring complementary XAI techniques such as LIME, counterfactual ex-
planations, or concept-based attribution could further enrich interpretability and
robustness [67] [68]. This work lays a solid foundation for integrating machine
learning and explainable AI into perinatal psychiatry, offering a novel tool for
personalized, risk-informed clinical decision support. Model outputs could guide
clinicians toward safer prescribing by prompting dose reductions, switching drug

classes, or delaying initiation to post-organogenesis periods for high-risk patients.
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For example, a predicted risk > 15% for AED exposure in the first trimester might
prompt a shift to alternative monotherapy or enhanced fetal monitoring. Integrat-
ing these outputs into shared decision-making tools can help balance therapeutic
benefit and fetal safety. Future studies should focus on validating this framework
using large-scale EHRs and adapting it for longitudinal monitoring across tri-

mesters.

6. Conclusion

This study introduces a robust and interpretable AI-driven framework for strati-
fying fetal malformation risks associated with the use of psychiatric and neuro-
logical medications during pregnancy. By combining clinically relevant synthetic
data, advanced machine learning techniques, and transparent explainability
mechanisms, the system offers a powerful alternative to traditional risk assess-
ment models [69] [70]. The calibrated predictions, coupled with SHAP-based fea-
ture attribution and intuitive visual analytics, provide clinicians with both diag-
nostic insight and communicative tools, enhancing trust and usability at the point
of care. With excellent predictive performance (AUPRC = 0.872, AUROC = 0.945)
and strong alignment with clinical heuristics, the tool is well-positioned for future
integration into maternal digital health platforms and electronic risk monitoring
systems [71]. Looking forward, several key areas of development are envisioned
to strengthen the translational impact of this framework. First, applying the model
to anonymized electronic health records (EHRs) and large-scale insurance claims
data will be critical for validating its generalizability in real-world clinical popula-
tions. Second, expanding the model’s scope to include neonatal outcomes (e.g.,
NICU admission, Apgar scores) and maternal mental health trajectories (e.g., re-
lapse risk, postpartum mood disturbances) will create a more holistic risk evalua-
tion system. Finally, the deployment of real-time clinical decision support mod-
ules, embedded within obstetric and psychiatric workflows, has the potential to
provide personalized, data-driven guidance during critical decision-making win-
dows. Such advancements could ultimately shift perinatal pharmacovigilance

from static categorization to dynamic, explainable, and patient-centred care.
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