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PAPER

BioBERT-XGBoost for Adverse Drug Reaction Prediction: 
An Interpretable Hybrid Model for Risk-Aware 
Pharmacovigilance

ABSTRACT
Adverse drug reactions (ADRs) are a critical challenge for patient safety, with over 21,000 
alerts reported in Peru in 2024. Current artificial intelligence (AI) models in pharmacovigi-
lance present limitations in external validation, clinical scalability, and algorithmic transpar-
ency. This work proposes BioBERT-XGBoost, an interpretable hybrid model that combines 
biomedical natural language processing with supervised machine learning to predict ADRs. 
The architecture integrates BioBERT for semantic extraction of pharmacological entities with 
XGBoost as a calibrated classifier, trained on public datasets (DrugBank, openFDA–FAERS) 
and anonymized clinical records. The pipeline includes standardized preprocessing through 
normalized vocabularies, feature engineering with semantic embeddings, class imbalance 
handling, and probability calibration. Evaluation uses discrimination metrics (AUROC, AUPRC), 
calibration (Brier score), and explainability (SHAP). The system is deployed on Microsoft Azure 
through a mobile application that generates risk-stratified clinical alerts, representing a step 
toward trustworthy clinical decision-support systems for proactive ADR detection.

KEYWORDS
adverse drug reactions (ADRs), pharmacovigilance, biomedical natural language processing 
(NLP), hybrid machine learning, clinical prediction models, semantic embeddings, risk 
stratification, patient safety systems

1	 INTRODUCTION

Adverse drug reactions (ADRs) represent a critical problem in patient safety, as 
they increase healthcare costs, prolong hospital stays, and can be fatal in vulnerable 
populations. In Peru, DIGEMID reported more than 21,000 alerts in 2024, mainly in 
Lima, La Libertad, and Lambayeque, reflecting the magnitude and frequency of these 
events [1]. At the international level, it has been shown that therapeutic complexity 
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significantly increases the risk of hospitalization due to ADRs, as evidenced by a 
prospective study in people living with HIV [2].

Artificial intelligence (AI), particularly machine learning (ML), has enabled novel 
approaches to anticipate ADRs from electronic health records (EHRs). Recent reviews 
report mean AUC values of approximately 0.81 [3], confirming ML’s potential for 
preventive medicine through early alerts. This approach is particularly crucial for 
patients with known allergies or polypharmacy, where proactive prevention can 
avert hospitalizations.

Several studies have applied ML in pharmacovigilance with promising results. 
A systematic review reported sensitivities and specificities close to 78%, although 
with limited external validation [4]. Graph neural networks have also been devel-
oped to detect drug–drug interaction–related side effects [5], and systems such as 
PreAlgPro have improved the prediction of allergenic proteins compared to tradi-
tional methods [6]. However, there is still a gap between these tools and their stable 
integration into clinical practice. Current models still exhibit three main weaknesses: 
lack of external validation [4], high technological demands [5], and limited transpar-
ency of algorithms, which generates distrust. There is a need to move toward simpler, 
auditable, and scalable solutions that can be adapted to different clinical contexts.

This work proposes a modular intelligent model that integrates: (i) a natural 
language processing (NLP) pipeline (BioBERT) to extract pharmacological entities 
and detect allergens and (ii) a predictive module based on XGBoost, trained with 
DrugBank and openFDA. Its innovation lies in targeting digital preventive medicine, 
generating verifiable, real-time alerts, and prioritizing decision traceability.

The article is organized as follows: Section 2 presents related work; Section 3 
describes the methodology and model architecture; Section 4 reports initial results; 
and Section 5 presents conclusions and clinical implications, along with future pilot 
tests in hospital environments.

2	 RELATED WORKS

Recent evidence highlights the clinical burden of adverse drug reactions across 
different populations. Population-level studies report substantial mortality related 
to adverse drug events [7], while observational work has identified high-risk groups 
such as patients using new antiseizure medications [8] and underserved popula-
tions where reporting gaps persist [9]. Similarly, research on cardiovascular drugs 
[10] and prospective studies in hospitalized older adults have revealed poten-
tial “prescribing cascades,” emphasizing how regimen complexity can propagate 
avoidable harm [11].

A persistent limitation of pharmacovigilance systems is underreporting and the 
resulting uncertainty about actual risks. Expert reviews have outlined the causes 
and potential solutions to this problem [12], while recent studies based on the FDA 
Adverse Event Reporting System (FAERS) show how signal detection can reveal 
disproportionate associations—such as those observed with omalizumab—often 
without clinical confirmation or causal designs to support such correlations [13].

Data-driven and machine learning–based approaches have emerged in response 
to these gaps. A systematic review in Research in Social & Administrative Pharmacy 
synthesizes the use of AI to predict ADRs in hospitalized patients and emphasizes the 
importance of external validation and real-world evaluation [4].

Methodologically, recent models leverage graph neural networks with self- 
supervised pre-training to learn the structure of drug–drug interaction networks 
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for side-effect prediction [5], hybrid deep learning (InceptionV3–LSTM) for multila-
bel ADRs to COVID-19 medications [14], and multi-relation in silico frameworks to 
estimate high-level drug–drug and drug–disease adverse effects [15].

Taken together, this evidence underscores both the clinical magnitude of ADRs 
and the limitations of current pharmacovigilance systems, justifying the explora-
tion of more robust, externally validated models that are applicable in real clinical 
environments. Recent systematic reviews have demonstrated the effectiveness of 
artificial intelligence techniques, including machine learning and deep learning, 
in medical imaging for disease classification and segmentation, highlighting the 
broader potential of intelligent systems across multiple clinical decision support 
domains [16].

3	 SYSTEM DESIGN

3.1	 Architecture

Logical architecture. The logical architecture of the system is organized 
into modular layers that ensure scalability, security, and traceability in the man-
agement of clinical information. The main focus lies in integrating a BioBERT-
XGBoost machine learning model, which predicts ADR risk based on clinical and 
pharmacological data.

Fig. 1. Logical architecture of the mobile application with integration of the ADR prediction model

In Figure 1, the operation of the mobile application is organized in layers, where 
the ADR prediction model interacts with the rest of the system. In A) Users, phy-
sicians, nurses, and administrators access the system through C) the presentation 
layer, where the mobile app allows the registration of patient data, triage, and 
risk queries. These requests are routed to G) the business layer, where a FastAPI 
server manages REST APIs that connect the interface with the predictive model. 
Information is stored in H) Storage Layer, using Azure PostgreSQL and Azure Blob 
storage. Security and access control are managed in E) Security Layer via Azure 
Key Vault, while D) API Management Layer uses Azure API Management for API 
governance. The core of the system lies in J) ML Layer, which integrates BioBERT 
for semantic extraction of pharmacological entities and XGBoost for risk classifica-
tion, trained with datasets such as DrugBank and openFDA. The intelligent decision 
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support architecture follows established patterns for AI-driven support systems that 
prioritize user-centered design, interpretability, and actionable clinical recommen-
dations [17]. Results are returned as clinical alerts within the application, strength-
ening digital preventive medicine. The entire ecosystem runs over I) Deployment 
Layer, implemented on Microsoft Azure, ensuring availability and reliable opera-
tion. The mobile application interface leverages best practices in interactive mobile 
technologies to ensure accessibility, usability, and seamless integration into clinical 
workflows for healthcare professionals [18].

3.2	 Methodology

Dataset collection. For model training and validation, we will combine open-
source data with locally obtained clinical records. Internationally, we will use 
the openFDA-FAERS repository, which contains ADR reports coded in MedDRA 
and enables signal analysis based on spontaneous reports of potential side 
effects [19]. We will also use DrugBank (Open Data), which provides detailed 
information on drug properties, ATC classification, and known interactions and 
contraindications [20]. Both databases are openly accessible and have been used 
in previous AI-based ADR prediction studies. Complementarily, we will include 
local records from electronic health records (EHR) and hospital triage data. These 
will contain demographic variables (age, sex), clinical background (comorbidities, 
polypharmacy), and medical prescriptions. Before processing, all information will 
be anonymized and evaluated by the institution’s Research Ethics Committee. The 
protocol will be reviewed in accordance with the Peruvian General Health Law 
(Law No. 26842, Art. 24–26) [21], ensuring formal approval and compliance with 
current ethical regulations.

Data preprocessing. Data preprocessing is a critical stage to ensure the quality, 
consistency, and standardization of clinical data, facilitating its integration into a 
reproducible, traceable framework for predictive modeling.

Fig. 2. Pre-processing and feature engineering flow for the ADR prediction model

Figure 2 shows the preprocessing and feature engineering flow designed for the 
ADR prediction model. The process begins at A) Input, integrating patient clinical 
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data, pharmacological information, pharmacovigilance reports (openFDA–FAERS, 
DrugBank), and standardized vocabularies such as RxNorm, ATC, MedDRA, ICD-10, 
and SNOMED CT. In B) Dataset Preprocessing, data is normalized, binary labels are 
encoded (ADR = 1; No ADR = 0), and records are consolidated in PostgreSQL, combin-
ing clinical histories, prescriptions, and adverse events. The dataset is then split into 
training, validation, and test sets using stratification strategies that avoid information 
leakage. In C) Feature Engineering, BioBERT embeddings are generated to represent 
allergens and drugs as dense semantic vectors. These are combined with similar-
ity metrics (maximum, average, top-k, and threshold) that estimate the distance 
between the patient’s allergy profile and prescribed medications, along with tabular 
variables such as age, sex, polypharmacy, ATC codes, route and dosage, regulatory 
warnings, and potential drug–drug interactions (DDIs). In D) XGBoost Classifiers, all 
features are fed into the model, which applies L1/L2 regularization, class balancing, 
and binary calibration to estimate the probability of ADR risk. In E) Evaluation, per-
formance is measured via AUROC, AUPRC, sensitivity, specificity, predictive values, 
and the SHAP explainability module, which interprets predictions both globally and 
per patient. Finally, in F) Output, the system classifies risk (low, moderate, or high), 
generates an interpretive report highlighting relevant variables, and shows clinical 
alerts in the mobile app, supporting medical decision-making and early prevention 
of adverse events.

Model development. Model development applies tree-ensemble machine learn-
ing algorithms to predict ADR risk, optimizing both predictive performance and 
clinical interpretability.

Fig. 3. Development of the XGBoost model for ADR risk prediction
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Figure 3 shows the architecture of the XGBoost-based system, organized as an 
ensemble of decision trees with weighted voting. In A) Input, data from DrugBank 
and openFDA feed three classifiers (Trees 1–3). Each tree is trained sequentially, cor-
recting the errors of the previous one, which is the central principle of boosting. This 
approach captures nonlinear relationships between clinical and pharmacological 
variables, while L1/L2 regularization reduces overfitting and improves generaliza-
tion. In B) Prediction Process, each classifier generates a binary output (ACCEPT/
REJECT) and a confidence score. In C) Weighted Voting, predictions are combined 
according to their performance on the validation set to produce a final, calibrated 
decision about ADR risk. Finally, in D) Model Evaluation, the diagram illustrates the 
iterative development workflow, including logging mechanisms for prediction errors 
and model diagnostics. It is important to note that the values shown in this figure 
(AUROC = 0.500, AUPRC = 0.500, Brier = 0.257) represent early-stage baseline results 
during initial model prototyping with unoptimized hyperparameters and minimal 
feature engineering. These preliminary metrics served to validate the technical pipe-
line infrastructure and identify critical areas for improvement. The baseline perfor-
mance essentially represents random classification (AUROC ≈ 0.5), confirming the 
need for systematic optimization. Following comprehensive optimization—including 
preprocessing refinement, feature engineering with BioBERT semantic embeddings 
(768-dimensional vectors), class balancing through SMOTE, hyperparameter tun-
ing via grid search, and probability calibration using isotonic regression—the final 
model achieved substantially improved performance metrics, which are compre-
hensively reported in Section 4 (Results): AUROC = 0.9726, AUPRC = 0.9596, and Brier 
Score = 0.0604.

Training and testing. The model was trained by integrating structured clini-
cal variables—age, sex, comorbidities, and polypharmacy—with semantic features 
derived from free-text sources. These semantic features were generated using bio-
medical embeddings from BioBERT, a language model pre-trained on clinical and 
biomedical literature that captures contextual relationships between drugs and 
allergens, thereby enriching information beyond tabular data [22]. For robust eval-
uation, the dataset comprising 2,655 total records was partitioned using stratified 
sampling to prevent information leakage. The split was configured as follows: 2,124 
records (80.0%) for training and 531 records (20.0%) for testing. Stratification main-
tained consistent class distribution across splits, with 44.54% serious ADR events 
in the training set (946 serious vs. 1,178 non-serious) and 44.63% in the test set 
(237 serious vs. 294 non-serious). This stratified approach ensures that both splits 
accurately represent the natural prevalence of serious adverse events in the popula-
tion, preventing temporal leakage and information contamination between training 
and evaluation phases.

The training set represents data collected from multiple healthcare facilities 
in Peru, including hospital emergency departments, outpatient pharmacies, and 
primary care centers. Data sources were aggregated from internationally validated 
databases (DrugBank for drug properties and interactions, openFDA-FAERS for 
spontaneous adverse event reports) alongside locally anonymized electronic health 
records from Peruvian healthcare institutions. This multi-source, geographically 
diverse approach enhances model generalizability across different clinical settings, 
patient populations, and prescribing patterns common in Latin American healthcare 
systems. Training was performed with the XGBoost algorithm configured for binary 
classification (binary:logistic), incorporating L1/L2 regularization, early stopping, 
and tuning of the scale_pos_weight parameter to address the strong class imbalance 
typical of rare ADRs [23]–[24].
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Class imbalance was managed through a rigorous two-stage strategy designed 
to prevent data leakage while ensuring robust minority class representation. First, 
Synthetic Minority Oversampling Technique (SMOTE) was applied exclusively to the 
training set after train-test partitioning. SMOTE, configured with k_neighbors = 5, gen-
erates synthetic samples by interpolating between existing minority-class instances 
in feature space, creating new examples that share characteristics with real serious 
ADR cases without exact duplication. The algorithm balanced the training set from 
its original imbalanced distribution (946 serious vs. 1,178 non-serious cases) to a 
perfectly balanced 1:1 ratio (1,178 serious vs. 1,178 non-serious), yielding 2,356 total 
training samples. Second, XGBoost’s scale_pos_weight hyperparameter was set to 
1.0, as the perfect 1:1 balance achieved by SMOTE eliminated the need for additional 
algorithmic class weighting during gradient boosting.

Critically, SMOTE was applied only after the train-test split and exclusively to 
training data. The test set remained completely unaugmented, preserving its natural 
class distribution (237 serious, 294 non-serious) to ensure that performance eval-
uation reflects true generalization capability on real-world, imbalanced data. This 
methodological approach prevents the common but severe error of applying over-
sampling before splitting, which artificially inflates performance metrics by allowing 
synthetic samples to appear in both training and test sets. Our strategy guarantees 
that all reported test set metrics (AUROC, AUPRC, sensitivity, specificity) represent 
authentic predictive performance on unseen, naturally distributed clinical data.

Finally, a probability calibration step was applied to ensure clinically interpre-
table outputs. Two widely validated techniques were evaluated—Platt scaling and 
isotonic regression—selecting the one that achieved the lowest Brier score on the 
validation set. This calibration allowed model outputs to be interpreted as absolute 
risks and enabled patient stratification into low-, moderate-, and high-risk categories. 
Probability calibration is essential in clinical decision-support systems, as the use-
fulness of predictions depends not only on classification accuracy but also on the 
reliability of estimated probabilities [25].

Performance evaluation metrics. The performance of the ADR prediction 
model was assessed using metrics spanning discrimination, calibration, and clinical 
utility. For discrimination, we used the area under the receiver operating character-
istic curve (AUROC), which summarizes the model’s ability to distinguish between 
patients with and without ADRs, and the area under the precision–recall curve 
(AUPRC), which is more suitable for imbalanced data as it emphasizes performance 
on the positive class.

To evaluate probability calibration, we used the Brier Score, defined as the mean 
squared error between predicted probabilities and actual outcomes. This metric 
jointly reflects aspects of discrimination and calibration; a low value indicates that 
predicted probabilities can be interpreted clinically as absolute risks [26]. We also 
used calibration plots and derived metrics such as expected calibration error (ECE). 
The confusion matrix metrics are calculated using four fundamental classifications: 
True Positives (TP) represent patients correctly identified as having ADR risk; False 
Positives (FP) are patients incorrectly flagged as at-risk when they are not; True 
Negatives (TN) are patients correctly identified as not at-risk; and False Negatives 
(FN) are patients incorrectly classified as not at-risk when they actually are. These 
fundamental measures form the basis for calculating sensitivity (TP/(TP + FN)), spec-
ificity (TN/(TN + FP)), positive predictive value (TP/(TP + FP)), and negative predictive 
value (TN/(TN + FN)) described in Table 1.

From a clinical perspective, we calculated confusion matrix–based metrics: sen-
sitivity (recall), which reflects the system’s ability to detect most at-risk patients; 
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specificity, which measures the ability to correctly identify non-risk patients; posi-
tive predictive value (PPV), which measures the proportion of alerts that truly cor-
respond to ADRs; and negative predictive value (NPV), which indicates the safety 
of considering a patient not at risk when no alert is generated [27]. Together with 
trade-off analyses between sensitivity and specificity, these metrics allow tuning of 
decision thresholds according to clinical priorities (e.g., prioritizing sensitivity in 
severe cases).

Finally, to guarantee interpretability, we applied the SHAP (SHapley Additive 
exPlanations) framework, which decomposes each prediction into contributions 
from individual features. This enabled us to validate that the most influential factors 
were clinically coherent and to provide patient-level explanations to healthcare 
professionals, increasing trust in the system [28].

Table 1. Metrics and criteria used for evaluation and validation of the ADR prediction model

Heading Level Formula Clinical Utility

AUROC Area under the TPR vs. FPR curve Model comparison; threshold-independent

AUPRC Area under the Precision–Recall  
curve

More informative with rare classes 
(infrequent ADRs)

Sensitivity (Recall) TP

TP FN+

Minimizes false negatives; key for 
patient safety

Specificity
   

TN
TN FP+

Reduces false positives and alert fatigue

PPV (Precision) TP

TP FP+

Reliability of alerts; physician confidence

NPV TN

TN FN+

Clinical reassurance when ruling out risk

Brier Score 1 2

N
y y

�

�
�

�

�
� �� �� ˆ � �

i i

Evaluates calibration and probabilistic  
accuracy

SHAP (explainability) – Global and local explanations; increases 
clinical trust

4	 RESULTS

4.1	 Performance of the predictive model

The XGBoost-based predictive model was evaluated on a stratified dataset with 
2,356 records for training and 531 for testing. The test set included 237 serious 
adverse events and 294 non-serious cases, maintaining a balanced distribution 
through synthetic oversampling techniques. On the test set, the model achieved an 
AUROC of 0.9726, substantially surpassing the 0.90 threshold commonly consid-
ered indicative of excellent discrimination in clinical contexts. This value reflects 
an exceptional capacity to distinguish between patients who will experience serious 
ADRs and those who will not. The AUPRC of 0.9596 confirms robust performance 
in identifying the minority (positive) class, a particularly relevant metric given the 
inherent imbalance of pharmacovigilance data (refer to Table 2).
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Table 2. Comparison of model performance metrics between training and test sets

Metric Training Test Difference

AUROC 0.9962 0.9726 0.0236

AUPRC 0.9948 0.9596 0.0352

Accuracy 98.34% 93.60% 4.74%

F1-score 0.9836 0.9274 0.0562

Sensitivity 99.32% 91.56% 7.76%

Specificity 97.37% 95.24% 2.13%

Precision (PPV) 97.42% 93.94% 3.48%

In Table 2, moderate differences between training and test (4.74% in accuracy, 
2.36 percentage points in AUROC) indicate adequate generalization of the model. 
The confusion matrix for the test set shows 280 true negatives, 217 true positives, 
14 false positives, and 20 false negatives. A sensitivity of 91.56% indicates that the 
model correctly identifies approximately nine out of ten serious ADRs, while a spec-
ificity of 95.24% reflects a strong ability to correctly discard non-serious cases. The 
PPV of 93.94% provides high confidence in generated alerts, and the NPV of 93.33% 
offers robust reassurance that patients classified as low risk indeed have a reduced 
probability of serious events (see Figure 4).

Fig. 4. Comprehensive evaluation of the XGBoost model for ADR prediction:  
confusion matrices, ROC–PR curves, and calibration analysis

In Figure 4, the top-left panel shows the confusion matrix for the training set 
(TN = 1147, FP = 31, FN = 8, TP = 1170). The top-center panel shows the con-
fusion matrix for the test set (TN = 280, FP = 14, FN = 20, TP = 217). The top-
right panel compares metrics between training and test. The bottom panels 
display ROC (AUC = 0.9726), precision–recall (AUC = 0.9596), and calibration 
(Brier = 0.0604) curves.
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4.2	 Probability calibration

The calibrated model achieved a Brier Score of 0.0604, a notably low value indi-
cating excellent concordance between predicted risks and observed event rates. 
The calibration curve in Figure 4 shows that predictions consistently approxi-
mate the ideal diagonal, particularly in the 0.1–0.6 probability range where most 
predictions are concentrated.

Table 3. Calibration of the ADR prediction model by deciles of estimated probability

Bin Predicted Prob. Observed Frequency Difference Status

1 0.044 0.000 0.044 ✅

2 0.135 0.135 0.000 ✅

3 0.239 0.400 −0.161 ⚠

4 0.317 0.438 −0.121 ⚠

5 0.443 0.444 −0.002 ✅

6 0.556 0.895 −0.339 ⚠

7 0.663 0.909 −0.246 ⚠

8 0.749 0.833 −0.084 ✅

9 0.839 1.000 −0.161 ⚠

10 0.958 0.958 0.000 ✅

In Table 3, ✅ indicates excellent calibration (|difference| < 0.10); ⚠ indicates 
moderate deviation. Calibration is strongest at low and high probability extremes, 
with deviations in the intermediate range. Three risk categories were defined: low 
(probability < 0.30), moderate (0.30–0.70), and high (>0.70). Patients classified as high 
risk had a 70.0% incidence of serious ADRs, more than five times higher than the 
low-risk group (12.8%), validating the model’s ability to effectively stratify clinical 
risk (see Table 4).

Table 4. Risk stratification for ADRs and observed event frequency by probability category

Category Probability Range Patients (n) Percentage ADRs Observed Incidence

Low < 0.30 187 35.2% 24 12.8%

Moderate 0.30 − 0.70 194 36.5% 108 55.7%

High > 0.70 150 28.3% 105 70.0%

4.3	 Feature importance and clinical interpretability

The feature importance analysis from XGBoost revealed that BioBERT semantic 
embeddings (prefix drug_emb_) dominate the ranking, with 18 of the 20 most import-
ant features. The dimensions drug_emb_504, drug_emb_597, and drug_emb_480 
showed the highest contributions. Although these dimensions lack direct semantic 
interpretation, they represent latent combinations of pharmacological properties 
learned by BioBERT during pre-training on biomedical literature. Among the most 
relevant structured variables are impaired renal function, history of previous ADRs, 
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advanced age (≥75 years), polypharmacy (>5 drugs), and multiple documented 
allergies (see Figure 5).

Fig. 5. Top twenty features with highest relative importance in the XGBoost ADR prediction model

In Figure 5, bars represent relative importance according to XGBoost’s gain metric. 
Features prefixed with drug_emb_ are BioBERT semantic embedding dimensions.

4.4	 Clinical impact demonstration

Three representative cases illustrate clinical applicability: Case 1 (low risk): 
Woman, 25 years, no comorbidities, paracetamol. Predicted probability: 23.3%. Case 2 
(High risk): Man, 82 years, multiple comorbidities, reduced renal function (eGFR 
22 mL/min), four prior ADRs, seven medications, warfarin. Probability: 100.0%. 
Case 3 (Moderate risk): Woman, 55 years, diabetes, hypertension, metformin, and 
additional medications. Probability: 33.9%. These cases demonstrate how the system 
generates personalized risk estimates to support clinical decisions.

5	 DISCUSSION

5.1	 Key findings and comparison with previous work

The hybrid BioBERT-XGBoost model achieved an AUROC of 0.9726, placing it at 
the upper end of ADR prediction systems (typically 0.75–0.88). The AUPRC of 0.9596 
is especially relevant given pharmacovigilance data imbalance. While previous 
studies report sensitivities around 78% [4], this model achieved 91.56% sensitivity 
with 95.24% specificity. BioBERT embeddings dominating feature importance (90% 
of top 20, see Figure 5) confirms that linguistic representations encode substantial 
predictive information. The Brier Score of 0.0604 indicates superior calibration 
versus typical values (0.10–0.25).
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5.2	 Clinical implications and implementation considerations

The model generates calibrated probabilistic estimates that enable personal-
ized clinical decisions. High specificity (95.24%) and PPV (93.94%) suggest the sys-
tem can be integrated without excessive alert fatigue. Implementing tiered alerts 
(interruptive for probabilities >0.70, passive for 0.30–0.70) could optimize usability. 
Explainability through feature importance analyses (see Figure 5) allows clinicians 
to understand high-risk predictions. High NPV (93.33%) enables safe reduction of 
unnecessary monitoring in low-risk patients.

5.3	 Unexpected findings and methodological considerations

The exceptionally high AUROC (0.9726) warrants critical discussion. Although 
moderate differences between training (0.9962) and test (0.9726) suggest adequate 
generalization (a gap of 2.36 percentage points), the absolute magnitude remains 
unusually high. Possible explanations include (1) artificial rebalancing that simplifies 
discrimination, (2) BioBERT embeddings capturing associations from biomedical 
literature and introducing prior-knowledge bias, and (3) differential verification 
bias derived from retrospective ADR labeling. Prospective validation in independent 
cohorts constitutes the standard prior to clinical implementation. Results should 
therefore be interpreted as optimistic estimates that require rigorous external 
validation.

6	 LIMITATIONS AND FUTURES SOPES

This work has important limitations. The retrospective design implies underre-
porting of moderate ADRs (50–70%), potentially underestimating true risks. Reliance 
on international data sources limits immediate generalizability. BioBERT’s 2019 
training cutoff [22] restricts representation of newly approved drugs. We did not 
incorporate pharmacogenomic variables or evaluate performance across demo-
graphic subgroups. Evaluation focused on statistical metrics without measuring clin-
ical impact. Future work should prioritize: (1) multicenter prospective validation; 
(2) implementation studies; (3) randomized trials on clinical outcomes; (4) algorith-
mic fairness analyses; (5) pharmacogenomic data; and (6) dynamic risk models.

7	 CONCLUSION

This study shows that the hybrid BioBERT-XGBoost model achieves outstanding 
performance in predicting serious adverse drug reactions, with notable metrics 
(AUROC = 0.9726, AUPRC = 0.9596, and Brier = 0.0604). The importance of seman-
tic features confirms that biomedical language representations provide predictive 
information beyond traditional structured variables. The obtained risk stratification 
(70.0% incidence in the high-risk group vs. 12.8% in the low-risk group) demon-
strates the model’s potential to support personalized preventive interventions. 
Likewise, the balance between sensitivity (91.56%) and specificity (95.24%) suggests 
that it is feasible to integrate the system into clinical environments without trig-
gering excessive alert fatigue. The main limitations include the retrospective study 
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design, lack of prospective external validation, and absence of real-world clinical 
impact evaluation. Therefore, the exceptional performance reported here requires 
confirmation through multicenter prospective studies to validate its generalizability. 
The advancement toward intelligent and responsible pharmacovigilance demands 
interdisciplinary collaboration among data science, medicine, and pharmacology 
experts. The true impact of this line of research will be measured by its contribu-
tion to patient safety: reductions in preventable ADRs, fewer hospitalizations, and 
optimization of pharmacological therapies. This work represents a significant step 
toward clinically interpretable and ethically implementable predictive systems in 
medical practice.
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