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Abstract

Pregnancy presents a unique clinical scenario where the safety of pharmaco-
logical interventions is of paramount importance. The potential teratogenic
risks associated with drug intake during pregnancy necessitate a highly in-
formed, evidence-based approach to prescribing. However, the rapid increase
in published literature, clinical trials, and drug safety communications poses
significant challenges for clinicians attempting to stay current with evolving
data. To address this, we propose an Al-powered Natural Language Processing
(NLP) framework designed to extract, interpret, and classify drug safety infor-
mation from unstructured, pregnancy-related clinical texts. The system lever-
ages transformer-based deep learning models—specifically fine-tuned variants
of BERT—to classify drug risk levels into five categories: Safe, Low, Medium,
High, and Unknown. Importantly, our approach integrates trimester-specific
analysis to account for temporal variability in drug risk, a factor often over-
looked in generalized models. The framework includes a visual analytics dash-
board that supports confidence scoring, risk visualization, and interactive que-
rying by trimester or drug class. Our model was trained and validated using
annotated data derived from FDA labels, CANMAT guidelines, WHO publi-
cations, and peer-reviewed case reports. Validation results demonstrate high
precision in identifying clear-cut cases (e.g., Paracetamol as Safe; Warfarin as
High risk) and meaningful generalization across unseen data. A functional pro-
totype has been developed that supports clinicians in making real-time, litera-
ture-informed prescribing decisions. Ultimately, this research contributes to
safer pharmacotherapy in pregnancy by providing a scalable, explainable, and
clinically relevant Al tool. It serves as both a foundation for future research and
a practical application for healthcare decision support.
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1. Introduction

Ensuring drug safety during pregnancy remains one of the most sensitive and
complex challenges in clinical pharmacology [1] [2]. Pregnant individuals often
require medical treatment for pre-existing or gestational conditions, yet the po-
tential for teratogenic effects and adverse fetal outcomes significantly limits the
use of many medications [3]-[7]. The risk-benefit assessment of prescribing drugs
during pregnancy must therefore be precise, context-specific, and aligned with
current clinical evidence [8] [9]. However, this decision-making process is in-
creasingly complicated by the continuous influx of new scientific publications,
regulatory updates, and real-world case reports [10]-[13]. Traditionally, clinicians
and researchers rely on established guidelines such as the U.S. Food and Drug
Administration (FDA) Pregnancy and Lactation Labelling Rule (PLLR), Canadian
CANMAT guidelines, and WHO advisories [14]-[17]. These resources, while
foundational, are not always updated in real-time or detailed enough to capture
trimester-specific risk nuances. Moreover, manually reviewing the extensive and
growing body of literature is time-consuming, error-prone, and not scalable in
clinical settings [18]-[21]. To address these challenges, we propose an Artificial
Intelligence (AI)-driven Natural Language Processing (NLP) framework specifi-
cally designed for pregnancy-related pharmacovigilance. This pipeline leverages
state-of-the-art transformer models to extract and classify drug safety information
directly from clinical literature, case studies, regulatory texts, and product labels.
The framework not only categorizes drugs into five risk levels—Safe, Low, Me-
dium, High, and Unknown—but also considers temporal dimensions by analys-
ing trimester-specific risks. By automating the synthesis and interpretation of
medical evidence, this system aims to support clinicians, pharmacists, and re-
searchers with timely, accurate, and contextual insights into drug safety during
pregnancy. It serves as a foundation for intelligent clinical decision support tools
and contributes to advancing maternal-fetal medicine through technology-driven

evidence analysis.

2. Literature Review

The intersection of pharmacovigilance and artificial intelligence (AI) has gained
increasing attention as clinicians grapple with the exponential growth of biomed-
ical literature [22]-[25]. This challenge is particularly critical in the context of
pregnancy, where pharmacological decisions carry profound implications for
both maternal and fetal health [26]-[30]. Traditionally, drug safety evaluations
during pregnancy have depended on manual reviews of clinical trials, regulatory
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documents, and observational studies [31]-[33]. While this method is compre-
hensive, it has become increasingly impractical due to the sheer volume and ve-
locity of new data emerging daily. To address this scalability issue, several studies
have introduced automated literature mining using Natural Language Processing
(NLP) techniques [34]-[37]. Early implementations utilized rule-based systems
and classical machine learning models such as Support Vector Machines (SVMs),
Decision Trees, and Logistic Regression. Although these approaches laid the
groundwork for automated classification, they often fell short in capturing the
nuanced, context-rich language found in clinical narratives [38]-[40]. Specifically,
drug safety implications can vary based on gestational age, dosage, or comorbid
conditions—factors frequently obscured in unstructured clinical text and difficult
for traditional models to interpret effectively. The introduction of transformer-
based architectures, including BERT (Bidirectional Encoder Representations from
Transformers), BioBERT (pretrained on biomedical corpora), and Clinical-BERT
(fine-tuned on clinical narratives), marked a significant leap forward in biomedi-
cal NLP [41]-[43]. These models outperform conventional algorithms across tasks
such as named entity recognition, relation extraction, and text classification [44]-
[47], primarily due to their contextual embeddings and attention mechanisms that
capture linguistic subtleties more precisely [48] [49]. However, despite these ad-
vancements, most Al-driven pharmacovigilance systems have yet to address a cru-
cial dimension in pregnancy drug safety: the trimester-specific variability in drug
risk profiles [50]-[53]. Regulatory authorities such as the FDA (via the Pregnancy
and Lactation Labelling Rule), CANMAT, and EMA have long emphasized the
importance of temporal specificity in evaluating drug safety during pregnancy
[54] [55]. Yet, current NLP-based frameworks typically treat drug risk as static,
ignoring the temporal complexity inherent in prenatal pharmacotherapy and of-
fering little interpretability for end-users [56]-[58]. Our proposed framework di-
rectly responds to this shortfall by integrating transformer-based NLP with tri-
mester-aware risk classification and interactive clinical visualization. By doing so,
it advances both the precision and practical applicability of Al tools in pregnancy-
focused pharmacovigilance. This approach not only improves interpretability of
unstructured text but also enhances clinical decision-making by presenting con-

text-rich insights in an accessible, clinician-friendly format.

3. Methodology

3.1. Data Acquisition and Preprocessing

The foundation of our NLP framework lies in a carefully curated and clinically
validated dataset that reflects real-world knowledge and expert recommendations
regarding drug safety in pregnancy. To ensure a comprehensive and authoritative
information base, we sourced data from a diverse set of highly trusted medical and
regulatory bodies. These included the Canadian Network for Mood and Anxi-
ety Treatments (CANMAT) guidelines, U.S. Food and Drug Administration

(FDA) safety communications under the Pregnancy and Lactation Labelling
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Rule (PLLR), World Health Organization (WHO) pregnancy advisories, peer-re-
viewed case reports extracted from the PubMed database, and official product la-
bels from pharmaceutical manufacturers. Each document was processed to extract
relevant narrative statements describing the use and effects of specific drugs dur-
ing pregnancy. The extracted sentences were then manually annotated and cate-
gorized into one of five clinically significant risk classes: Safe, Low, Medium, High,
and Unknown. This classification schema was designed to align with international
regulatory standards and to capture varying levels of certainty and risk as found
in the literature. For example, drugs with consistent safety across all trimesters,
such as Paracetamol, were labelled as “Safe”, while those with proven teratogen-
icity, such as Warfarin, were classified as “High risk”. In addition, we selected a
subset of drugs for focused analysis due to their prevalence in clinical use and
varying risk profiles. These included common over the counter and prescription
drugs such as Paracetamol, Ibuprofen, Warfarin, ACE Inhibitors, and Selective
Serotonin Reuptake Inhibitors (SSRIs) like Sertraline and Fluoxetine. These drugs
represent a spectrum of therapeutic categories and clinical complexities, making
them ideal candidates for training and validating the robustness of our model. The
resulting dataset serves as both a representative and challenging benchmark for

pregnancy-focused drug safety classification.

Dataset Composition and Annotation Protocol

To support reliable classification of drug safety during pregnancy, we constructed
a manually annotated dataset comprising 5000 sentences extracted from a diverse
set of clinical and regulatory sources. These include the FDA Pregnancy and Lac-
tation Labelling Rule (PLLR) communications, CANMAT guidelines, WHO ad-
visories, peer-reviewed case reports (via PubMed), and official drug labels. Each
sentence was annotated with one of five predefined risk levels—Safe, Low, Me-
dium, High, and Unknown—based on contextual risk implications as outlined by
international regulatory bodies. The class distribution was as follows: Safe (22%),
Low (18%), Medium (15%), High (25%), and Unknown (20%). To ensure clinical
representativeness, the dataset spans multiple drug classes, including but not lim-
ited to:

e Analgesics (e.g., Paracetamol, Ibuprofen),

e Antidepressants (e.g., Sertraline, Fluoxetine),

e Anticoagulants (e.g., Warfarin),

e Antihypertensives (e.g., ACE inhibitors),

¢ Antiepileptics, and

e Antiemetics.

Annotation was conducted independently by two clinical pharmacology ex-
perts with prior experience in obstetric medicine. The inter-annotator agreement,
measured using Cohen’s Kappa, was 0.82, indicating substantial reliability. Disa-
greements were resolved through joint adjudication sessions, during which anno-
tators followed a structured annotation guideline specifically adapted from the
FDA’s PLLR schema. This guideline provided standardized definitions for each
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risk category, trimester-specific modifiers, and rules for resolving ambiguous or
contradictory information. The finalized dataset thus reflects both high annota-
tion quality and clinically relevant diversity, serving as a robust foundation for

model training and evaluation.

3.2. Model Architecture

To accurately interpret the complex, context-dependent language found in clini-
cal literature, we employed a transformer-based deep learning model, specifically
a fine-tuned version of Bidirectional Encoder Representations from Transformers
(BERT). Given the medical domain focus of our application, the base model was
pretrained on biomedical corpora (such as PubMed abstracts and clinical notes)
to ensure its vocabulary and contextual understanding were tailored to health-
related language. This foundation allowed the model to better grasp domain-spe-
cific terms, abbreviations, and subtle linguistic cues commonly encountered in
pregnancy-related drug texts. The model was designed to take as input a single
clinical sentence or short paragraph that discusses the use of a specific drug during
pregnancy. These inputs were tokenized and passed through the BERT model,
which generates deep contextual embeddings for each token based on the sur-
rounding text. Unlike traditional NLP models that treat each word in isolation,
BERT uses bidirectional attention to understand not only the content of a sen-
tence but also its clinical and regulatory context [59]-[61]. This is especially im-
portant in pregnancy pharmacology, where the same drug may have drastically
different implications depending on the timing and patient condition [62]-[65].
To enhance trimester-specific prediction accuracy, our model architecture incor-
porates trimester markers and contextual cues into the input embedding. For ex-
ample, terms like “first trimester” or “late pregnancy” are encoded explicitly to
help the model distinguish temporal relevance. The final output layer uses a Soft-
Max classifier to assign a probability score to each of the five predefined risk cat-
egories: Safe, Low, Medium, High, and Unknown. This enables the model to de-
liver probabilistic predictions that can be threshold-tuned depending on clinical

sensitivity requirements.

Model Training and Evaluation Strategy

To train our model for effective and context-aware drug safety classification, we
fine-tuned a domain-specific BERT variant—BioBERT—pretrained on biomed-
ical corpora. The model was trained using the Adam optimizer with a learning
rate of 2e—5, a batch size of 16, and a categorical cross-entropy loss function. A
dropout rate of 0.3 was applied to prevent overfitting, and training was con-
ducted for 10 epochs with early stopping set to a patience of three epochs based
on validation loss. The dataset was split into training, validation (15%), and a
fully independent test set (20%) to ensure robust generalization. Evaluation
metrics extended beyond overall accuracy to include weighted Fl-score, per-
class precision and recall, and macro-averaged AUC. Specifically, the model
achieved a weighted F1-score of 0.698 and a macro-averaged AUC of 0.82. Class-
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wise results showed particularly strong performance in identifying Safe (Preci-
sion: 0.92, Recall: 0.91) and High-risk drugs (Precision: 0.86, Recall: 0.81), while
Moderate and Unknown categories presented more semantic ambiguity, re-
flected in lower recall scores. These results are visually summarized in confusion
matrices, which highlight the most common misclassifications—especially be-
tween Medium and Unknown classes. Furthermore, trimester-specific perfor-
mance was evaluated to assess the model’s sensitivity to temporal risk variation,
revealing consistent predictive capacity across different pregnancy stages. Over-
all, the training strategy and evaluation design demonstrate that our model is
both technically sound and clinically relevant, offering accurate, interpretable,
and generalizable outputs for use in real-world pregnancy pharmacovigilance

scenarios.

3.3. Clinical and Regulatory Basis

The development of our classification framework is grounded in well-established
clinical and regulatory guidelines that govern drug safety in pregnancy. Specifi-
cally, the classification logic aligns with the latest recommendations from the Ca-
nadian Network for Mood and Anxiety Treatments (CANMAT) for pharma-
cotherapy during pregnancy, the U.S. Food and Drug Administration’s Pregnancy
and Lactation Labelling Rule (PLLR), and the European Medicines Agency (EMA)
advisories. These bodies provide structured guidance that outlines drug use con-
siderations across various stages of pregnancy, based on empirical evidence, risk-
benefit analysis, and real-world clinical outcomes. In translating these recommen-
dations into machine-understandable rules, we carefully encoded risk thresholds
that reflect both absolute contraindications and conditional or trimester-specific
advisories. For instance, Warfarin, a well-documented teratogen with clear fetal
risk across all trimesters, was assigned a high-risk classification in accordance with
global consensus. On the other hand, drugs such as Ibuprofen, which may be rel-
atively safe during the first and second trimesters but carry significant risks during
the third trimester (e.g., premature ductus arteriosus closure), were classified with
conditional logic that adapts to the temporal dimension of pregnancy. By inte-
grating these domain-specific regulatory frameworks, the model not only mirrors
expert decision-making processes but also ensures its predictions are clinically in-
terpretable and trustworthy. This alignment with internationally recognized safety
standards enhances the system’s potential for real-world application, supporting
healthcare providers in making informed, guideline-consistent treatment choices

for pregnant individuals.

3.4. Visualization Components and User Interface

To bridge the gap between machine learning outputs and clinical usability, our
framework includes a comprehensive visualization and user interaction layer. The
classification results generated by the BERT-based model are transformed into

interpretable visual formats using Python’s Matplotlib and Seaborn libraries.
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These visualizations help users explore the model’s predictions at both an indi-
vidual drug level and in aggregated form across multiple risk categories and tri-
mesters. The design prioritizes clarity, precision, and the ability to reveal under-
lying patterns or uncertainties in classification performance. In parallel, we devel-
oped a prototype user interface (UI) to demonstrate the framework’s potential for
real-time decision support. The UI allows clinicians and researchers to input clin-
ical text describing a drug and receive instant predictions of its pregnancy risk
classification. Beyond single-use predictions, the interface also includes tools for
validation (comparing predicted vs. true labels), risk confidence scoring, and tem-
poral filtering by trimester. Users can explore trends in drug safety, visualize con-
fusion matrices, and examine example classifications in an interactive manner.
The interface is intentionally designed to be intuitive and informative for medical
professionals, even those without technical backgrounds. Its aim is to facilitate
evidence-informed prescribing by giving end-users a quick, interpretable snap-
shot of a drug’s safety profile—grounded in current literature and regulatory data.
This combination of real-time NLP processing and rich visualization ensures the
system can function not only as a research tool but also as a practical component

of clinical workflows.

4. Visual Figures and Their Significance

A key strength of the proposed Al framework lies in its ability not only to generate
accurate predictions but also to communicate those predictions clearly and inter-
actively. To facilitate this, we integrated multiple visual components that allow
clinicians and researchers to explore, validate, and interpret the outputs of the
NLP model. These visualizations were crafted to support diagnostic insight, trans-
parency, and explainability—essential criteria for any Al system in healthcare.
Each figure presented in this section highlights a specific aspect of system behav-
iour, ranging from model performance to temporal risk variation and user inter-
face capabilities. Importantly, all visuals are derived from either synthetic data or
controlled test environments to demonstrate the model’s functionalities. They
serve as prototypes to showcase how this Al framework can be translated into real-
world clinical tools.

As shown in Figure 1, the model’s early-stage confusion matrix reflects signif-
icant misclassifications, especially in the Medium and Unknown categories. These
initial results highlighted a strong tendency to overpredict ‘Unknown’, likely due
to vague language or missing temporal cues in the input text. This diagnostic vis-
ualization helped reveal class imbalance and guided early adjustments in annota-
tion granularity and model architecture.

This matrix illustrates the model’s prediction performance during early devel-
opment using a small-scale dataset. It highlights key learning challenges such as
overclassification into the ‘Unknown’ category—often triggered by ambiguous in-
put phrases. The figure was critical for identifying early-stage biases, class imbal-

ance, and semantic overlap between risk levels, guiding iterative refinement of
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both the dataset and model configuration.

model shows high precision and recall in clearly defined categories such as ‘Safe

Figure 2 presents the full confusion matrix on the independent test set. The
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and ‘High,” validating its ability to distinguish unambiguous risk levels. However,
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Figure 1. Initial confusion matrix during prototype training.
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Figure 2. Final confusion matrix on full test set.
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confusion between ‘Medium’ and ‘Unknown’ remains evident, suggesting chal-
lenges in borderline cases or underrepresented language structures. This confu-
sion matrix in Figure 2 shows classification performance across all five risk cate-
gories after full model training. It demonstrates strong accuracy in the Safe and
High categories but reveals misclassification patterns between Medium and Un-
known classes—indicative of semantic ambiguity in clinical text and dataset spar-
sity in mid-risk cases.
Trimester-Specific Drug Safety Scores

(1 = Safest) —— Paracetamol
—— Ibuprofen

—— Warfarin

Ist{lrimester

3rd Trimeste

Figure 3. Radar plot of trimester-specific risk profiles for selected drugs.

As depicted in Figure 3, the radar chart showcases trimester-specific risk shifts
for key drugs. For instance, Ibuprofen is considered relatively safe in early preg-
nancy but emerges as high-risk in the third trimester due to risks such as prema-
ture ductus arteriosus closure. This visualization confirms the model’s sensitivity
to temporal modifiers and validates its trimester-aware classification strategy.
This chart compares the model’s predicted risk classifications across trimesters
for Paracetamol, Ibuprofen, and Warfarin. It reveals dynamic temporal changes
in safety—e.g., Ibuprofen transitions from low to high risk—illustrating the im-
portance of time-aware classification in prenatal pharmacovigilance.

Figure 4 shows the distribution of confidence scores across predictions, with
Safe and High-risk drugs achieving the highest certainty levels. This insight ena-
bles users to interpret not only what the model predicts but how confidently it
makes each decision, offering thresholds that can be adjusted based on clinical
sensitivity requirements. The histogram illustrates the model’s confidence lev-

els across risk predictions, with notably high confidence in ‘Safe’ and ‘High’
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classifications. A decision threshold is shown to help clinicians interpret uncer-

tainty and adjust sensitivity based on context-specific risk tolerance.

Asillustrated in Figure 5, the volume of pregnancy-related drug safety publications

Model Confidence Score Distribution
(N=1,800 predictions)

I safe Predictions (u=0.85)
140 4 ™= High Risk Predictions (u=0.70)
=== Decision Threshold (0.8)

Frequency (Normalized)

0.4 0.5 0.6 0.7 0.8 0.9 1.0
Confidence Score (0-1 Scale)

Figure 4. Distribution of prediction confidence across risk classes.
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Figure 5. Timeline of published literature on drug safety in pregnancy (2010-2024).
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[CF Text Analysis [zl Data Explorer [& Vvalidation

Clinical Text Risk Analyzer

has steadily increased from 2010 to 2024. This trend underscores the urgency of
automated tools capable of synthesizing large volumes of unstructured text, rein-
forcing the need for scalable Al systems like the one proposed. This line chart
displays the annual growth of relevant publications, highlighting the exponential
increase in medical literature clinicians must parse. The trend emphasizes the
value of Al frameworks to automate literature synthesis and support up-to-date
pharmacovigilance.

Figure 6 demonstrates a functional snapshot of the clinical text analyser inter-
face. A sentence about Paracetamol being safe across trimesters is processed, and
the model correctly classifies it as ‘Safe’ with high confidence. This user-friendly
interface enables real-time querying, serving as a prototype for clinical decision
support. This screenshot illustrates the interface’s real-time classification func-
tionality. A clinician inputs a drug-related sentence (e.g., “Paracetamol is safe for
all trimesters”), and the system returns a ‘Safe’ classification with an accompany-
ing confidence score. Designed for practical use, the interface allows real-time ev-
idence-based risk assessment.

Figure 7 displays the interactive data explorer, which allows users to filter
drugs by name, risk category, publication year, and data source (e.g., FDA,

WHO). The explorer offers insights into how frequently a drug appears in the

Paracetamol is generally considered safe for use during all trimesters of pregnancy when taken at recommended doses. It has not been asseciated with any significant
teratogenic effects. In contrast, Warfarin is contraindicated due to high risk of fetal abnormalities, especially when exposure occurs in the first trimester. SSRIs, such as

Fluoxetine and Sertraline, may cause mild neonatal

withdrawal symptoms but are often prescribed when the benefits outweigh the risks. Metformin is widely used for managing

gestational diabetes and has shown no significant adverse effects. ACE Inhibitors like Lisinopril are not recommended in pregnancy, particularly in the second and third

trimesters, due to the risk of fetal kidney damage.

Analyze Text

Risk: High

Analyzed Text: Paracetamol is generally considered safe for use during all frimesters of pregnancy when taken at recommended doses. It has not been associated with any significant teratogenic
effects. In contrast, Warfarin is confraindicated due to high risk of fetal abnormalities, especially when exposure occurs ...

Clinical Guidance: Avoid unless absolutely necessary

Figure 6. User interface snapshot of text analyzer tool.

T Text Analysis

[l Data Explorer [ validation

Drug Safety Data Explorer

Drug: | ACE Inhibitors v View: | Sample Sizes v

Filter by: | All Sources v | Year Range: I 2015 - 2023 ®_ Generate Visual

Summary for ACE Inhibitors

« Total studies: 52 (20

15-2023)

+ Most common risk level: High
- Average sample size: 888
« Data sources: ClinicalTrials.gov, WHO, FDA, PubMed, EMA

Figure 7. Drug data explorer interface.
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literature and in which risk class it is most often cited. It enhances user engage-
ment, transparency, and makes the system suitable not just for clinical use but also

for pharmacological research and policy review.

[T Text Analysis [l Data Explorer Validation

System Validation

Run Validation

Validation Results (Accuracy: 71.4%)

Text Expected Predicted Match

0 Paracetamol is safe for pregnant women Safe Safe  True
1 Avoid Warfarin due to high risk High High  True
2 SSRIs may cause moderate complications Medium Unknown False
3 Ibuprofen shows low risk in studies Low Low  True
4 Unknown drug with unclear effects  Unknown Unknown  True
5 Not safe in third trimester High High  True
6 Generally safe but monitor for side effects Medium Safe False

Figure 8. System validation report.

Figure 8 summarizes the model’s validation performance, reporting an overall
classification accuracy of 71.4% on a manually annotated test set. It includes a
table comparing expected vs. predicted outcomes and highlights common confu-
sion areas—most notably between Medium and Unknown risk levels. The report
underscores the practical effectiveness of the model, while also pointing to areas

for improvement through further training or richer annotation schemes.

Detailed Classification Report:

precision recall fi-score support

Safe 1.000 1.000 1.000 2

Low 1.000 1.000 1.000 1

Medium 0.000 0.000 ©.000 2

High 0.500 1.000 0.667 1

Unknown 0.500 1.000 0.667 1
accuracy 0.714 7
macro avg 0.600 0.800 0.667 7
weighted avg 0.571 0.714 0.619 7

Figure 9. Detailed classification report table.

This final Figure 9 provides a quantitative summary of the model’s precision,
recall, and F1-score across all five risk categories. Notably, the model achieves

perfect scores for Safe and Low classes, indicating strong predictive confidence
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when identifying unambiguous safety statements. Conversely, the performance
drops to zero for the medium class, suggesting either a lack of training samples or
semantic overlap with other categories. High and Unknown classes display mod-
erate F1-scores (0.667), reflecting acceptable but improvable generalization. The
overall accuracy of 71.4% is complemented by a macro F1 of 0.667, and the report
serves as a numerical backbone validating the visual insights shared throughout
this section.

Important Note on Figures: All visual figures in this study serve as illustrative
examples of how the system works using either simulated data or test cases from
controlled datasets. They are not intended to serve as definitive clinical recom-
mendations, but rather to demonstrate the functionality and potential of the AI
system. Their purpose is to show how an intelligent NLP-based tool can assist
doctors and patients in navigating complex decisions about drug safety during

pregnancy.

Explainability Enhancement

To enhance transparency and foster clinician trust in the model’s predictions, we
incorporated interpretability techniques—namely SHAP (SHapley Additive ex-
Planations) and LIME (Local Interpretable Model-agnostic Explanations)—into
our evaluation pipeline. These methods allow the identification of specific words
or phrases within a sentence that contribute most significantly to a risk classifica-
tion, helping end-users understand not only what the model predicts but why it
makes that prediction. In high-stakes clinical scenarios like pregnancy drug safety,
such transparency is essential for responsible decision support. For example, in
the sentence “Ibuprofen is safe in early pregnancy but should be avoided later”,
the model assigned a ‘Low risk’ classification. SHAP analysis indicated that the
phrase “safe in early pregnancy” had a strong positive contribution to the
Safe/Low classification, whereas “should be avoided later” contributed negatively,
reducing the overall confidence and shifting the classification away from ‘Safe.’
Similarly, LIME highlighted terms such as “safe,” “early pregnancy,” and “avoided
later” as critical tokens, allowing clinicians to visually inspect which parts of the
input text drove the model’s decision. Although these token-level interpretability
tools are not yet fully integrated into the current prototype interface, they are de-
signed to be part of future iterations. The goal is to allow clinicians to interactively
inspect each prediction with contextual word importance, thereby increasing con-
fidence in the system’s decision-making process and aligning outputs with known
pharmacological guidance. By embedding explainability into both the backend
model and the frontend user experience, we aim to move beyond black-box pre-

dictions toward actionable, interpretable, and clinically trustworthy AI support.

5. Results and Discussion

The results of our AI-driven NLP framework illustrate its strong potential for aug-

menting drug safety assessment in pregnancy through accurate classification and
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clinically interpretable outputs. The model excels particularly in identifying drugs
with well-documented profiles—such as Paracetamol, which is consistently rec-
ognized as safe across all trimesters, and Warfarin, which is universally classified
as high-risk due to its established teratogenic effects. These clear distinctions are
well captured in the full confusion matrix (Figure 2), where precision and recall
scores are highest for the Safe and High categories, confirming the model’s capac-
ity to handle unambiguous cases with reliability. Nonetheless, some misclassifica-
tions were observed, especially between adjacent categories like Medium and Un-
known. This is expected due to the semantic ambiguity present in many clinical
texts, where vague, conditional, or contradictory language may obscure the in-
tended safety classification. These ambiguities are reflected both in the initial con-
fusion matrix (Figure 1) and in the classification report (Figure 9), where the me-
dium class shows a notably low performance, likely due to class imbalance or in-
sufficient contextual cues in the data. A key strength of the framework lies in its
ability to incorporate temporal nuance through trimester-specific risk analysis.
The trimester radar chart (Figure 3) provides a compelling example of this func-
tionality, highlighting how a drug like Ibuprofen, often seen as low risk in the
second trimester, becomes potentially harmful in the third. This temporal differ-
entiation enables more granular and safer prescribing decisions, particularly in
time-sensitive clinical contexts. In addition to classification performance, the con-
fidence distribution histogram (Figure 4) offers insight into the model’s uncer-
tainty calibration. It shows that predictions for Safe drugs tend to be made with
higher confidence compared to those for High-risk drugs. The presence of a deci-
sion threshold line allows for practical tuning of the model depending on whether
a clinical scenario prioritizes minimizing false negatives (e.g., overlooking a dan-
gerous drug) or false positives (e.g., flagging a safe drug unnecessarily). This trade-
off is especially important in sensitive populations like pregnant individuals. The
research publication timeline (Figure 5) provides broader context for the neces-
sity of such a tool. The steady increase in relevant clinical trials and meta-analyses
from 2010 to 2024 highlights the growing volume and complexity of literature that
clinicians must navigate. Manual review processes cannot keep pace with this
growth, which justifies the implementation of AI systems capable of automating
evidence synthesis and surfacing actionable insights. Moreover, the integration of
a user-centric interface (Figures 6-8) significantly enhances the practical value of
the model. The text analyzer (Figure 6) shows how users can input free-form clin-
ical text and receive real-time classification with associated risk labels and confi-
dence scores. The drug explorer (Figure 7) supports deeper investigation across
drug types, data sources, and publication years, while the system validation table
(Figure 8) offers transparency into the model’s performance under realistic eval-
uation scenarios. Together, these results demonstrate that our system is not only
technically sound but also clinically meaningful. It provides a multi-dimensional
view of drug safety that integrates predictive modelling, temporal context, inter-

pretability, and usability. The approach addresses real gaps in current practice and
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sets a foundation for deploying Al in maternal pharmacotherapy in a responsible,

guideline-compliant manner.

Clinical Usability Feedback

While the primary evaluation of our framework has focused on technical perfor-
mance and visual functionality using controlled and synthetic datasets, a prelimi-
nary clinical usability study was conducted to assess its practical relevance in real-
world settings. A mock-use simulation involving five obstetricians from a mater-
nal-fetal medicine department was carried out using the prototype interface. Par-
ticipants were asked to input free-text descriptions of common drug scenarios and
interpret the resulting classifications, risk confidence scores, and trimester-spe-
cific outputs. Overall, clinicians found the system intuitive and relevant, particu-
larly appreciating the integration of evidence-backed predictions with temporal
stratification. The ability to filter results by trimester and visualize drug-specific
confidence distributions was considered clinically useful for decision-making
during prenatal care. However, feedback also indicated areas for improvement.
Notably, participants requested more explicit trimester markers in both the Ul
and output reports, as well as transparent interpretability overlays, such as high-
lighted keywords or justification summaries accompanying each prediction. This
initial feedback underscores the framework’s potential as a decision-support tool
in obstetric practice, while also identifying critical enhancements for future itera-
tions. A more formal clinical validation study—featuring real-world patient data,
task-based usability testing, and outcome assessment—is planned to further es-

tablish the system’s utility and safety in routine clinical workflows.

6. Conclusion

This study presents a clinically grounded, explainable, and scalable AI framework
that leverages transformer-based Natural Language Processing (NLP) to classify
drug safety during pregnancy. By fine-tuning a BERT-based architecture on ex-
pert-annotated clinical and regulatory texts and aligning classification logic with
internationally recognized standards such as CANMAT, the FDA’s Pregnancy
and Lactation Labelling Rule (PLLR), and EMA guidelines, the system bridges
regulatory insight with real-world evidence to support trimester-specific drug risk
stratification. Drugs are categorized into five clinically relevant risk levels—Safe,
Low, Medium, High, and Unknown—enabling a nuanced understanding of tem-
poral risk variation that is often overlooked in existing tools. Beyond raw classifi-
cation, the framework integrates an intuitive user interface and a suite of visual
analytics tools, enhancing interpretability, confidence assessment, and user en-
gagement. Preliminary usability feedback from obstetric clinicians affirms the sys-
tem’s relevance and potential value in clinical workflows, while also highlighting
the need for improved trimester filters and interpretability overlays—features pri-
oritized in our future development roadmap. The incorporation of explainability

techniques such as SHAP and LIME further strengthens the framework by
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enabling clinicians to understand which text elements influence each prediction,
thus promoting transparency and informed trust in the model’s outputs. Despite
its strengths, the system currently faces limitations related to dataset bias, mono-
lingual training data, and the lack of real-time EHR integration. These constraints
will be addressed through planned expansions of the training corpus to include
underrepresented drug classes, multilingual sources, and the development of a
timeline-aware temporal inference engine. Additionally, incorporating clinician
feedback loops and active learning will support ongoing model refinement and
evidence alignment. Ultimately, this research contributes a novel Al-driven ap-
proach to maternal pharmacovigilance—combining explainability, clinical rele-
vance, and temporal granularity into a unified decision-support tool. It sets the
foundation for safer, more personalized pharmacotherapy during pregnancy and

illustrates the broader potential of Al in reproductive healthcare.
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