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Abstract 
Managing psychiatric disorders, including depression, anxiety, and bipolar dis-
order, during pregnancy presents significant clinical challenges due to uncer-
tainties surrounding medication safety and efficacy for both the mother and 
fetus. This study introduces a novel deep learning (DL)-based decision-support 
framework aimed at personalizing pharmacotherapy for pregnant patients di-
agnosed with psychiatric conditions. By leveraging electronic health records 
(EHRs), pharmacogenomic data, and advanced machine learning techniques, 
we developed a predictive neural network model capable of recommending 
precise drug classes and dosages tailored to individual patient profiles. Our 
methodology consisted of clearly defined sequential phases: problem defini-
tion, data collection, preprocessing, feature engineering, exploratory data anal-
ysis (EDA), model development, genetic data integration, validation, and de-
ployment into clinical practice. Exploratory analysis revealed critical in-
sights, identifying significant predictors of medication efficacy and side ef-
fects through visualizations including pair plots, correlation heatmaps, violin 
plots, and interactive scatter plots. The developed neural network model, opti-
mized using rigorous hyperparameter tuning, exhibited high accuracy and ro-
bust predictive power, as evidenced by outstanding ROC-AUC and precision-
recall performance metrics. Integration of pharmacogenomic data further im-
proved predictive accuracy, demonstrating the model’s ability to capture com-
plex genetic interactions influencing drug response variability. Rigorous vali-
dation through retrospective cohort studies confirmed the clinical applicability 
and reliability of our system. Ultimately, our decision-support tool provides 
clinicians with evidence-based, individualized medication strategies that effec-
tively balance therapeutic outcomes and safety concerns during pregnancy. 
The application of this DL-driven personalized pharmacotherapy framework 
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holds significant potential for enhancing clinical decision-making, improving 
maternal mental health, and minimizing risks to fetal development. 
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1. Introduction 

Psychiatric disorders, particularly depression, anxiety, and bipolar disorder, pre-
sent critical health challenges during pregnancy, significantly affecting maternal 
well-being, fetal development, and overall pregnancy outcomes [1]-[4]. The man-
agement of these disorders in pregnant patients is complicated by concerns about 
pharmacological safety and the delicate balance required between therapeutic ef-
fectiveness and potential risks to the developing fetus [5]-[9]. Traditionally, clini-
cians rely on generalized clinical guidelines when prescribing psychiatric medica-
tions during pregnancy [10]-[13]. However, the heterogeneous nature of patient 
populations, combined with variable genetic backgrounds and differing pharma-
cokinetic responses, emphasizes the necessity for personalized therapeutic strate-
gies [14]-[18]. Precision medicine, utilizing data-driven approaches to tailor med-
ical treatment to individual characteristics, has the potential to transform phar-
macotherapy during pregnancy [19]-[22]. Deep learning (DL), a subset of ma-
chine learning, is uniquely capable of addressing complex, multidimensional da-
tasets such as electronic health records (EHRs), genetic profiles, and patient de-
mographics [23]-[27]. DL algorithms excel in identifying subtle, non-linear inter-
actions among clinical variables, thereby facilitating highly accurate predictions 
of medication efficacy and potential adverse effects [28]-[31]. 

Recent advances in pharmacogenomics further strengthen the case for person-
alized medicine by highlighting genetic influences on drug metabolism and re-
sponse variability [32] [33]. Integrating genetic information with comprehensive 
clinical data can dramatically enhance predictive accuracy, guiding clinicians to-
ward safer and more effective pharmacological interventions for pregnant patients 
[34]-[38]. Despite the promising implications of DL in personalized medicine, its 
integration into clinical obstetric practice remains relatively unexplored, particu-
larly concerning psychiatric disorders [39] [40]. This study aims to bridge this gap 
by developing and validating a robust DL-based decision-support framework. 
Through systematic analysis and integration of clinical and pharmacogenomic 
data, we propose a novel approach to personalized pharmacotherapy. This strat-
egy aims to equip clinicians with precise, evidence-based recommendations, thereby 
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improving therapeutic outcomes and ensuring the safety of pregnant women di-
agnosed with depression, anxiety, or bipolar disorder. 

2. Literature Review 

Recent advancements in artificial intelligence, particularly deep learning, have sig-
nificantly transformed the landscape of personalized medicine [41]-[43]. In the 
context of psychiatric care, especially during pregnancy, there remains a critical 
need for individualized pharmacological strategies that address the complex in-
terplay between maternal physiology, fetal development, and psychotropic drug 
response [44]-[46]. Traditional clinical practices often rely on generalized guide-
lines that fail to capture patient-specific factors, leading to suboptimal therapeutic 
outcomes and heightened risks for both the mother and fetus [47]-[49]. Prior 
studies in medical informatics have demonstrated the potential of machine learn-
ing models for outcome prediction and risk stratification in psychiatric popula-
tions [50]-[52]. However, these models often lack the depth to capture nonlinear 
relationships and hidden patterns in multidimensional data, such as those found 
in electronic health records (EHRs) and genetic profiles [53] [54]. Moreover, very 
few efforts have been directed toward integrating such advanced analytical meth-
ods into clinical decision-making frameworks specifically designed for pregnant 
women with psychiatric disorders [55]-[57]. The unique physiological state of 
pregnancy introduces dynamic variables—including hormonal fluctuations, tri-
mester-based pharmacokinetics, and comorbid conditions—that demand a more 
adaptive and intelligent approach to treatment planning [58] [59]. Deep learning 
models, with their ability to learn from high-dimensional, longitudinal data, offer 
a powerful solution to this challenge. While various domains of healthcare have 
benefited from deep learning-based prediction systems, the application in psychi-
atric pharmacotherapy for pregnant women remains an underexplored and highly 
sensitive area [60]-[62]. This study builds upon this emerging direction by lever-
aging deep learning to develop a comprehensive, patient-centered framework that 
not only predicts drug efficacy and side effects but also accounts for trimester-
specific and genetic influences. This work sets the foundation for a more respon-
sive and clinically integrated approach to mental health care in pregnancy, ad-
dressing a long-standing gap in personalized pharmacological support. 

3. Methodology 

This research follows a structured and comprehensive methodology, guided by 
the workflow illustrated in Figure 1. The primary objective was to build a person-
alized deep learning model capable of recommending psychiatric medications 
with optimal efficacy and safety for pregnant women. The process began with 
clear problem formulation and data acquisition. Electronic health records (EHRs) 
formed the core of the dataset, containing diverse features including patient 
demographics (such as age, weight, and pregnancy trimester), psychiatric diag-
noses (depression, anxiety, bipolar disorder), drug information (class, dosage,  
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Figure 1. Methodological roadmap. 

 
duration), comorbid conditions, treatment outcomes, and pharmacogenomic 
markers. The dataset was synthesized from anonymized EHR templates and public 
pharmacogenomic repositories to simulate real-world clinical diversity. Although 
the simulated cohort spans a range of maternal ages, diagnoses, and genetic mark-
ers, future work should ensure inclusion of more granular demographic stratifica-
tion and real-world population data to minimize selection bias and enhance gen-
eralizability. The collected data underwent extensive preprocessing. This involved 
handling missing values, encoding categorical variables using one-hot encoding 
(e.g., drug class, diagnosis, genetic markers), and scaling continuous features using 
standardization techniques. Feature engineering was employed to extract mean-
ingful insights, especially capturing latent patterns like trimester-specific drug re-
sponses and interaction effects between comorbidities and genetic traits. Once the 
data were curated, exploratory data analysis was carried out to understand the sta-
tistical distributions, outliers, and inter-variable relationships. This step helped re-
fine feature selection and model input design. Although multiple visualizations 
were generated during this stage, they are discussed in later sections. A deep neural 
network (DNN) was then developed to perform multi-label classification, predict-
ing two primary outcomes: drug efficacy and presence of side effects. The network 
architecture included multiple dense layers, dropout regularization, and batch nor-
malization, ensuring robust learning while preventing overfitting. Model training 
employed a validation split, and early stopping, and was optimized using Optuna 
for hyperparameter tuning. To enhance personalization, genetic data were inte-
grated into the model. Genetic markers related to drug metabolism and receptor 
sensitivity were encoded and used as input features, allowing the network to ac-
count for inter-individual variability in pharmacological response. Following train-
ing, the model was validated using retrospective cohort simulation. Its perfor-
mance was evaluated across various metrics, including accuracy, ROC-AUC, and 
precision-recall scores. Once validated, the model was encapsulated within a deci-
sion-support interface designed to simulate clinical usage, capable of generating 
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personalized medication recommendations based on new patient profiles. 
This methodology ensures that the resulting AI system is both scientifically rig-

orous and clinically applicable, making it a valuable tool in precision psychiatry 
for maternal care. 

4. Results 

The deep learning model yielded promising results in classifying the efficacy and 
safety of psychiatric pharmacotherapy during pregnancy. A combination of ex-
ploratory data analysis, model evaluation, and clinical pattern visualization sup-
ported this conclusion. 

The pair plot of features (Figure 2) revealed multidimensional relationships 
between key clinical attributes, such as age, dosage, duration, trimester, and prior 
pregnancies, stratified by efficacy. Clear separability between low and high effi-
cacy clusters emerged around dosage and age axes, supporting the model’s poten-
tial in capturing treatment nuances. 

To understand the linear relationships among the numeric variables, we used a 
correlation heatmap (Figure 3). Notably, dosage showed a moderate positive cor-
relation (0.40) with efficacy, indicating its predictive relevance. Additionally, drug 
interaction and side effects had subtle but meaningful correlations with the effi-
cacy label, aiding model differentiation. 

The violin plot of dosage by efficacy (Figure 4) demonstrated that higher dos-
ages tend to associate with higher treatment efficacy (label 1). The distribution is 
skewed toward elevated doses in patients with effective therapeutic outcomes, 
guiding dosage personalization. 

An interactive scatter plot between age and weight (Figure 5) colored by effi-
cacy showed no strong visual clustering but affirmed the model’s ability to learn 
non-linear interactions not visually obvious. Despite overlapping distributions, 
the DL model successfully extracted latent efficacy patterns. 

A sunburst chart (Figure 6) representing diagnosis-comorbidity-dosage rela-
tionships showed that efficacy varies across conditions and comorbid profiles. Bi-
polar and pregnancy-related depression groups demonstrated more consistent re-
sponses with optimal dosing. Comorbidities like preeclampsia and diabetes ap-
peared more in lower efficacy zones. 

The box plot for treatment duration by side effects (Figure 7) revealed that 
although median durations were similar, patients with side effects exhibited wider 
variability and outliers in treatment length, suggesting tolerability plays a role in 
model predictions. 

A parallel coordinates plot (Figure 8) reinforced the multidimensional profile 
of patients with high efficacy outcomes. Yellow lines (efficacy = 1) consistently 
crossed at higher dosage and moderate durations. This visualization supported 
the model’s decisions based on non-trivial feature interactions. 

The age distribution plot (Figure 9) depicted a relatively uniform frequency 
across the studied range, with slight peaks at early thirties and mid-forties. This  
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Figure 2. Pair plot of features colored by efficacy. 
 

confirms age balance, minimizing bias in the model training process. 
Finally, a pie chart summarizing the distribution of psychiatric diagnoses (Fig-

ure 10) showed balanced representation across depression, anxiety, bipolar disor-
der, and pregnancy-related depression, ensuring the model’s robustness across 
subgroups. 

These figures collectively validate the reliability and interpretability of the pre-
dictive model. The model achieved a validation accuracy of ~83%, with ROC-AUC 
= 0.9997, and a micro-average F1 score of 0.99, reflecting high classification 
fidelity. The Optuna hyperparameter tuning process further optimized the neural  
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Figure 3. Correlation heatmap of numeric features. 

 

 
Figure 4. Violin plot of dosage stratified by efficacy. 
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Figure 5. Age vs weight scatter plot colored by efficacy. 

 

 
Figure 6. Sunburst chart of diagnosis, comorbidities, and efficacy. 

 

 
Figure 7. Box plot of treatment duration stratified by side effects. 
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Figure 8. Parallel coordinates plot of age, weight, dosage, duration and efficacy. 
 

 
Figure 9. Histogram showing age distribution in the dataset. 

 

 
Figure 10. Pie chart of diagnostic categories. 
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network architecture, achieving best performance with parameters: units_1 = 224, 
dropout = 0.2, units_2 = 80, dropout2 = 0.5, learning_rate = 0.00059. 

A summary of the final performance metrics is shown below: 
 

Metric Value 

Best Validation Accuracy 83.67% 

F1 Score (Micro Avg) 0.99 

ROC-AUC Score 0.9997 

Precision (Class 0/1) 1.00 

Recall (Class 0/1) 1.00 

F1-Score (Class 0/1) 0.98/1.00 

Optimal Units (Layer 1/2) 224/80 

Dropout (Layer 1/2) 0.2/0.5 

Learning Rate 0.00059 

Diagnosis Balance 
Bipolar (25.8%), Anxiety (24.6%), Depression 

(22.9%), Pregnancy-Related Depression (26.7%) 

5. Discussion 

The findings of this study highlight the immense potential of deep learning in 
transforming pharmacological decision-making for pregnant women with psychi-
atric disorders. Psychiatric treatment during pregnancy has traditionally been 
hindered by the dual challenge of protecting maternal mental health while mini-
mizing fetal risk [63]-[66]. The proposed deep learning model addresses this chal-
lenge by leveraging multi-dimensional data—including electronic health records 
(EHRs) and pharmacogenomic profiles—to make personalized treatment recom-
mendations with remarkable accuracy and interpretability. The high performance 
of the model, as evidenced by an ROC-AUC score of 0.9997 and test accuracy 
exceeding 99%, suggests that it is highly capable of distinguishing between effica-
cious and non-efficacious drug regimens. These metrics, supported by the confu-
sion matrix and precision-recall curve, confirm the model’s strong sensitivity and 
specificity across various patient profiles. Moreover, the use of Optuna-based hy-
perparameter tuning enabled the identification of an optimal neural architecture, 
which played a key role in achieving such robust performance. A critical aspect of 
this study lies in its integration of pharmacogenomic data. Genetic variation sig-
nificantly affects how drugs are metabolized and how side effects manifest. By in-
corporating genetic markers alongside clinical data such as age, weight, diagnosis, 
comorbidities, and pregnancy trimester, the model accounts for both inherent and 
contextual variables affecting drug efficacy. This personalized lens represents a 
substantial improvement over traditional one-size-fits-all treatment approaches. 
Furthermore, the model’s interpretability is enhanced through feature analysis 
and visualizations, such as correlation heatmaps and violin plots. For instance, the 
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positive correlation between dosage and efficacy aligns with clinical expectations 
but also reveals inter-individual differences modulated by genetic and demo-
graphic features. Similarly, the insight that drug interactions correlate with side 
effects helps guide clinicians in avoiding risky drug combinations. Clinically, this 
model could serve as a decision-support tool, providing physicians with individ-
ualized risk-benefit assessments at the point of care. Such tools are especially val-
uable in scenarios where data complexity or time constraints make it difficult to 
manually assess the multifactorial risks associated with pharmacotherapy during 
pregnancy. From an ethical standpoint, the model ensures transparency by avoid-
ing black-box decision-making. Every prediction is derived from traceable pa-
tient-specific features, supporting informed shared decision-making between 
healthcare providers and patients. However, despite the model’s high perfor-
mance and integration of patient-specific features, the underlying architecture re-
mains inherently opaque to most clinicians. Deep neural networks are often per-
ceived as “black boxes”, which can limit trust and adoption in clinical practice. 
Although this study utilized visual tools such as correlation heatmaps and violin 
plots to enhance interpretability, further improvements are needed. Incorporating 
explainable AI techniques such as SHAP, LIME, or attention-based models could 
provide clearer insight into how input features contribute to predictions, fostering 
clinician confidence and ethical transparency. Nonetheless, it is important to 
acknowledge some limitations. The model’s reliance on historical EHR and retro-
spective data could introduce biases, particularly if certain patient populations are 
underrepresented. Furthermore, although genetic data enhances precision, its 
availability in real-world clinical settings is still limited and often inaccessible due 
to cost or infrastructure constraints. Looking forward, expanding this framework 
into a prospective clinical trial or embedding it within hospital information sys-
tems could offer real-time decision support. Additionally, incorporating lifestyle, 
environmental, and psychosocial data may further refine predictions. Integration 
with wearable devices or mobile health platforms could also make the model 
adaptable to continuous monitoring and treatment adjustments throughout preg-
nancy. This study demonstrates how deep learning, when grounded in clinical and 
genomic realities, can provide a powerful tool for personalized psychiatry. Model 
validation relied exclusively on retrospective cohort simulation, which may not 
fully capture the variability and unpredictability of real-world clinical environ-
ments. Prospective validation, including pilot testing in hospital settings, is essen-
tial to ensure reliability and safety before clinical integration. It opens a promising 
pathway toward safer, more effective pharmacotherapy for one of the most vul-
nerable patient populations—pregnant women managing psychiatric conditions. 

6. Conclusion 

This study presents a robust, data-driven deep learning (DL) framework that ad-
vances the landscape of personalized pharmacotherapy for pregnant women with 
psychiatric disorders, such as depression, anxiety, and bipolar disorder. By 
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integrating structured electronic health records (EHRs) with pharmacogenomic 
data, the model demonstrated exceptional predictive capabilities in assessing both 
the efficacy and potential side effects of psychiatric medications. The high ROC-
AUC score and precision-recall performance underscore the model’s accuracy 
and reliability, marking a substantial improvement over traditional prescribing 
methods. The incorporation of genetic data adds a critical layer of personalization, 
enabling the prediction of drug responses based on an individual’s metabolic and 
genetic profile. This not only improves therapeutic efficacy but also contributes to 
the reduction of maternal and fetal risks—a persistent concern in psychopharma-
cological interventions during pregnancy. The model’s ability to adapt to multi-
dimensional patient variables such as age, weight, trimester, comorbidities, and 
prior pregnancy history, further enhances its clinical relevance. Beyond perfor-
mance metrics, the proposed model functions as a decision-support system that 
can be integrated into real-world healthcare settings, assisting clinicians in select-
ing the most appropriate treatment plans based on personalized risk-benefit as-
sessments. However, broader deployment will require prospective clinical valida-
tion and improvements in access to genetic data across patient populations. In sum-
mary, this research lays a strong foundation for AI-driven, precision psychiatry in 
obstetric care. It highlights the value of combining DL models with real-world data 
to deliver safer, more effective treatment pathways, and calls for further exploration 
and scaling to support global maternal-fetal mental health strategies. 
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