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1. INTRODUCTION 

Adverse drug reactions constitute a major clinical and 

economic burden in cancer treatment, with 

chemotherapy-induced toxicities affecting up to 80% of 

patients undergoing systemic therapy.
[1,2]

 These reactions 

range from mild gastrointestinal disturbances to life-

threatening conditions such as severe myelosuppression, 

cardiotoxicity, and organ failure.
[3]

 Traditional 

approaches to ADR prediction rely predominantly on 

population-based pharmacokinetic models and clinical 

risk scores, which often fail to account for individual 

patient heterogeneity and complex drug-drug interactions 

inherent in modern oncology regimens.
[4]
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ABSTRACT 

Adverse drug reactions (ADRs) represent a significant challenge in oncology, contributing to treatment 

discontinuation, increased healthcare costs, and compromised patient outcomes. The integration of artificial 

intelligence (AI) and machine learning (ML) has revolutionized the prediction and management of chemotherapy-

induced toxicities. This review evaluates recent advances in AI-driven predictive models for ADR detection in 

oncology, focusing on supervised and deep learning algorithms, natural language processing techniques, and 

personalized treatment optimization platforms. Machine learning models, particularly ensemble methods such as 

XGBoost, Random Forest, and gradient boosting algorithms, have demonstrated high predictive accuracy (AUC 

0.80-0.97) across various toxicity endpoints including cardiotoxicity, nephrotoxicity, hepatotoxicity, and 

hematologic complications. Deep learning approaches utilizing convolutional and recurrent neural networks show 

promise in processing multi-modal data from electronic health records, imaging, and genomic profiles. Natural 

language processing enables extraction of ADR information from unstructured clinical notes, enhancing real-time 

pharmacovigilance. Despite these advances, challenges including data heterogeneity, model interpretability, 

clinical integration, and regulatory compliance remain. This review synthesizes current evidence on AI 

methodologies for ADR prediction, discusses clinical implementation strategies, and identifies future directions 

toward precision oncology and personalized chemotherapy dosing. 

 

KEYWORDS: Artificial intelligence;  Machine learning;  Adverse drug reactions;  Chemotherapy toxicity;  

Predictive models;  Deep learning;  Natural language processing;  Precision oncology 

 
 

 
 

 
 

 
 

 

*Corresponding Author: Micheal Abimbola Oladosu 

Department of Chemical Sciences, Faculty of Science, Anchor University, Lagos, Nigeria. 

DOI: https://doi.org/10.5281/zenodo.20470635  
 
How to cite this Article:  Stella Ehi Egege1, Micheal Abimbola Oladosu2*, Moses Adondua Abah3, Bukola Oluwaseyi 

Olufosoye4 and Chinwe Dolly Udeka5 (2026). Ai And Predictive Models For Adverse Drug Reactions In Oncology:  Recent 

Advances And Clinical Applications. European Journal of Pharmaceutical and Medical Research, 13(6), 383–391. 
This work is licensed under Creative Commons Attribution 4.0 International license.  

 

 
 

 

http://www.ejpmr.com/
https://doi.org/10.5281/zenodo.20470635


Micheal et al.                                                                  European Journal of Pharmaceutical and Medical Research 

 

 

www.ejpmr.com        │        Vol 13, Issue 6, 2026.         │        ISO 9001:2015 Certified Journal         │ 

 

 

 

384 

The advent of artificial intelligence and machine learning 

has created unprecedented opportunities for personalized 

prediction of treatment-related toxicities.
[5]

 AI algorithms 

can integrate vast amounts of clinical, genomic, and 

pharmacological data to identify complex patterns 

associated with ADR risk that would be impossible to 

discern through conventional statistical methods.
[6,7]

 

Recent systematic reviews have demonstrated that AI 

models achieve pooled sensitivity and specificity 

exceeding 0.82 for predicting various chemotherapy-

induced adverse events, with area under the curve (AUC) 

values ranging from 0.77 to 0.97 depending on the 

specific toxicity endpoint.
[8,9]

 

 

This review synthesizes current evidence on AI and 

predictive modelling for ADR detection in oncology, 

evaluating machine learning algorithms, deep learning 

architectures, natural language processing applications, 

and clinical implementation strategies. We focus 

specifically on advances from 2020-2025 and discuss 

implications for precision medicine and personalized 

chemotherapy dosing. 

 

2. Machine Learning Algorithms for ADR Prediction 

2.1 Supervised Learning Approaches 

Supervised machine learning algorithms have emerged 

as the most widely implemented approach for ADR 

prediction in oncology practice.
[10]

 A comprehensive 

meta-analysis of 59 studies demonstrated that ensemble 

methods, particularly Random Forest (RF), XGBoost, 

and Gradient Boosting Decision Trees (GBDT), 

consistently outperform traditional logistic regression 

models.
[11]

 These algorithms excel at handling high-

dimensional clinical data including demographic 

variables, laboratory values, genetic polymorphisms, and 

concurrent medications. 

 

Random Forest algorithms have shown particular utility 

in predicting chemotherapy-induced adverse events 

across multiple cancer types. In a study analysing 6,812 

chemotherapy cycles from 935 patients, machine 

learning models achieved AUC values of 0.62-0.83 for 

predicting various ADRs, with logistic regression 

demonstrating the most balanced performance.
[12]

 

Support Vector Machines (SVM) have proven effective 

for predicting organ-specific toxicities, particularly 

hepatotoxicity and nephrotoxicity, by identifying optimal 

classification hyperplanes in complex feature spaces. 
[13,14] 

 

2.2 Ensemble Methods and Gradient Boosting 

Gradient boosting algorithms, particularly XGBoost and 

LightGBM, have demonstrated superior performance in 

predicting chemotherapy-induced toxicities due to their 

ability to sequentially correct prediction errors and 

handle imbalanced datasets.
[15]

 A recent study on 

metastatic colorectal cancer patients showed that 

machine learning models could identify patients at high 

risk for chemotherapy-induced toxicity with accuracy 

exceeding 80%, incorporating 95 pre-treatment 

characteristics.
[16]

 These models identified critical 

predictors including lymphocyte count, liver enzymes, 

performance status scores, and renal function parameters. 

 

The integration of biomarkers into predictive models has 

been shown to significantly enhance ADR prediction 

accuracy. However, only 50% of reviewed studies 

incorporated molecular biomarkers, representing a 

missed opportunity for improved precision.
[8]

 

Pharmacogenomic data, particularly variants in drug-

metabolizing enzymes (CYP2D6, DPYD, TPMT) and 

drug transporters, when integrated with clinical features 

in ensemble models, can improve AUC values by 0.10-

0.15 compared to clinical variables alone.
[17] 

 

2.3 Toxicity Prediction Across Organ Systems 

Machine learning models have been developed for 

predicting organ-specific toxicities with varying degrees 

of success. For nephrotoxicity prediction, AI models 

combining physicochemical properties with predicted 

off-target interactions achieved significantly improved 

accuracy in identifying drug-induced kidney injury.
[18]

 

Cardiotoxicity prediction models, particularly for 

anthracycline and tyrosine kinase inhibitor-induced 

cardiac dysfunction, have demonstrated AUC values of 

0.85-0.92 by incorporating cardiac biomarkers (troponin, 

BNP), electrocardiographic features, and imaging 

parameters.
[19,20]

 Table 1 summarizes the performance 

characteristics of major machine learning algorithms for 

different ADR endpoints. 

 

Table 1: Performance Characteristics of Machine Learning Algorithms for ADR Prediction. 

Algorithm ADR Type Sensitivity Specificity AUC Reference 

XGBoost General ADRs 0.82 0.84 0.83 8 

Random Forest Hepatotoxicity 0.79 0.81 0.85 13 

Deep Neural Network Cardiotoxicity 0.88 0.91 0.97 19 

SVM Nephrotoxicity 0.76 0.83 0.82 18 

Logistic Regression Mixed ADRs 0.71 0.78 0.76 12 

 

3. Deep Learning and Neural Network Architectures 

3.1 Convolutional and Recurrent Neural Networks 

Deep learning architectures have revolutionized ADR 

prediction by enabling analysis of unstructured data 

including medical imaging, pathology slides, and 

temporal sequences of clinical measurements.
[21]

 

Convolutional Neural Networks (CNNs) excel at 

processing imaging data to predict cardiotoxicity from 

echocardiographic studies and tissue Doppler imaging.
[22]

 

A recent study demonstrated that multimodal deep 

learning models combining CNNs for image analysis 

with Long Short-Term Memory (LSTM) networks for 
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temporal clinical data achieved superior performance in 

early detection of chemotherapy-induced cardiotoxicity 

compared to traditional risk scores.
[23] 

 

Multi-task Deep Neural Networks (DNNs) have shown 

particular promise for predicting multiple toxicity 

endpoints simultaneously. The deep hERG model, 

utilizing multi-task DNN architecture, achieved an AUC 

of 0.967 for predicting hERG channel blockade and 

associated cardiotoxicity in oncology drugs.
[19]

 This 

model successfully identified 29.6% of FDA-approved 

drugs as potential hERG blockers, including several 

antineoplastic agents subsequently validated through 

clinical case reports. 

 

3.2 Multimodal Data Integration 

The integration of multimodal data represents a frontier 

in ADR prediction, combining clinical variables, 

genomic profiles, imaging features, and pharmacological 

data into unified predictive models.
[24]

 Transformer-

based architectures and attention mechanisms have 

proven particularly effective for this purpose, enabling 

the model to dynamically weight the importance of 

different data modalities based on their relevance to 

specific predictions.
[25]

 A comprehensive machine 

learning framework integrating toxicity prediction across 

10 different endpoints (hepatotoxicity, cardiotoxicity, 

nephrotoxicity, neurotoxicity, hematotoxicity, and 

others) demonstrated that molecular fingerprints 

combined with biological interaction data significantly 

outperformed models using either data type alone.
[14] 

 

Generative AI approaches, particularly Conditional 

Generative Adversarial Networks (cGANs), have been 

employed to address data scarcity issues in ADR 

prediction by generating synthetic but realistic patient 

data to augment training datasets.
[23]

 This approach has 

proven particularly valuable for rare toxicities where 

limited training examples would otherwise preclude 

model development. Figure 1 illustrates a conceptual 

framework for multimodal deep learning integration in 

ADR prediction. 

 

 
Figure 1: Multimodal Deep Learning Framework for ADR Prediction. 

 

A schematic representation showing the integration of 

clinical data (demographics, laboratory values, vital 

signs), genomic data (gene expression, mutations, 

pharmacogenomics), imaging data (echocardiography, 

CT scans), and pharmacological data (drug interactions, 

dosing history) through separate neural network 

pathways (CNN for imaging, LSTM for temporal 

sequences, fully connected networks for tabular data) 

converging into a fusion layer that generates ADR risk 

predictions. Colour-coded pathways distinguish different 

data modalities, with arrows showing information flow. 

Sources: Based on concepts from references.
[21-25]

 

 

4. Natural Language Processing for ADR Detection 

4.1 NLP Applications in Electronic Health Records 

Natural language processing has emerged as a critical 

tool for extracting ADR-related information from 

unstructured clinical narratives in electronic health 

records (EHRs).
[26,27]

 Advanced NLP techniques, 

including transformer-based models such as BERT and 

domain-specific language models like GatorTron, can 

automatically identify and classify adverse events from 

physician notes, nursing documentation, and patient-

reported outcomes with accuracy approaching human 

expert annotation.
[28,29]

 A systematic review of 79 studies 

demonstrated that NLP/ML techniques successfully 

extract patient-reported outcomes for predicting adverse 

events with sensitivities ranging from 0.75 to 0.92, 

depending on the specific ADR category.
[30] 

 

Implementation of NLP for real-time ADR surveillance 

represents a paradigm shift in pharmacovigilance. 

Studies utilizing Optum's proprietary NLP tools for 

mining unstructured EHR data have successfully 
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extracted biomarker status and toxicity incidence, 

enabling identification of predictors for immune-related 

adverse events including pneumonitis in lung cancer 

patients receiving immunotherapy.
[29]

 The ENACT 

network has developed standardized NLP algorithms 

capable of extracting medication side effects, adverse 

drug reactions, and off-label usage trends across multiple 

institutions, facilitating large-scale safety monitoring 

efforts.
[31] 

 

4.2 Large Language Models and Clinical Decision 

Support 

Large language models (LLMs) including GPT-4 and 

Claude have demonstrated remarkable capabilities in 

analysing clinical narratives for ADR detection and 

providing contextual interpretation of toxicity 

reports.
[32,33]

 A recent study employing LLMs for 

molecular toxicity prediction showed that GPT-4, 

combined with molecular docking technology, could 

predict cardiotoxicity across three specific targets with 

high accuracy, demonstrating the potential for LLMs in 

medicinal chemistry applications without requiring 

extensive computational expertise.
[14]

 However, 

challenges remain regarding the 'black box' nature of 

LLMs, raising concerns about interpretability in clinical 

applications where understanding the reasoning behind 

predictions is crucial for clinician trust and regulatory 

compliance.
[31]

 Table 2 summarizes key NLP 

applications and their performance in oncology ADR 

detection. 

 

Table 2: Natural Language Processing Applications for ADR Detection in Oncology 

NLP Technique Application Performance Reference 

BERT-based models ADR extraction from clinical notes F1: 0.87-0.91 26,28 

Rule-based NLP + ML Patient-reported outcome classification Accuracy: 0.83-0.88 30 

GatorTron (LLM) Real-time toxicity monitoring Sensitivity: 0.89 29 

Hybrid NLP systems Multi-institution pharmacovigilance PPV: 0.76-0.84 31 

 

5. Personalized Treatment Optimization and 

Precision Dosing 

5.1 AI-Driven Dose Optimization Platforms 

The paradigm of one-size-fits-all chemotherapy dosing 

based on body surface area is increasingly challenged by 

AI platforms capable of personalizing treatment 

regimens to individual patient characteristics.
[34,35]

 

CURATE.AI represents a pioneering AI platform that 

dynamically calibrates drug doses based on individual 

patient data rather than population averages, eliminating 

the need for large training datasets.
[36,37]

 In the PRECISE 

CURATE.AI feasibility trial, patients with advanced 

solid tumors treated with capecitabine-based regimens 

experienced a 20% reduction in average prescribed doses 

compared to standard-of-care while maintaining 

therapeutic efficacy, with high rates of physician 

adherence to AI-generated recommendations.
[36] 

 

These personalized dosing platforms integrate varied 

inputs including tumor markers from imaging and liquid 

biopsies, safety parameters such as organ function tests, 

and toxicity biomarkers to generate patient-specific 

'digital avatars' that guide optimal dose selection.
[37]

 The 

convergence of AI with precision oncology enables the 

integration of multi-omic data (genomics, 

transcriptomics, proteomics) with clinical and imaging 

features to identify critical molecular pathways and 

optimize treatment selection beyond traditional dose 

adjustments.
[38,39] 

 

5.2 Predictive Models for Treatment Response and 

Toxicity 

AI models predicting both treatment efficacy and toxicity 

simultaneously enable more nuanced clinical decision-

making by identifying optimal therapeutic windows.
[40]

 

Machine learning algorithms trained on electronic 

medical records have demonstrated accuracy exceeding 

80% in predicting treatment failure or discontinuation 

due to adverse events, with boosted forest classifiers 

achieving the best compromise between performance and 

interpretability.
[41]

 Integration of radiomics features with 

clinical data enables prediction of treatment response and 

toxicity from baseline imaging, with models showing 

AUC values of 0.82-0.91 for predicting severe adverse 

events requiring hospitalization.
[42]

 Figure 2 depicts the 

workflow for AI-driven personalized dose optimization. 
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Figure 2: AI-Driven Personalized Chemotherapy Dose Optimization Workflow. 

 

A flowchart showing the CURATE.AI process: (1) Input 

layer with patient baseline characteristics, tumor 

markers, and safety parameters; (2) AI processing layer 

creating a digital patient avatar through iterative 

learning; (3) Dose recommendation generation based on 

efficacy-toxicity balance; (4) Clinical implementation 

with real-time monitoring; (5) Feedback loop updating 

the digital avatar with new data. A decision points is 

included where clinicians approve or modify AI 

recommendations. Distinct colours are used for data 

inputs (blue), AI processing (green), clinical decisions 

(orange), and feedback mechanisms (purple). Source: 

Based on references.
[36,37] 

 

6. Clinical Implementation and Challenges 

6.1 Model Interpretability and Explainable AI 

The 'black box' nature of complex AI models represents 

a significant barrier to clinical adoption, as clinicians 

require transparent reasoning to trust and act upon model 

predictions.
[43,44]

 Explainable AI (XAI) techniques 

including SHAP (SHapley Additive exPlanations), LIME 

(Local Interpretable Model-agnostic Explanations), and 

attention visualization mechanisms have emerged as 

essential tools for interpreting model outputs.
[45,46]

 A 

systematic meta-analysis of 62 studies examining XAI 

methods in clinical decision support systems 

demonstrated that SHAP, Grad-CAM, and attention 

mechanisms were most frequently employed, with SHAP 

showing particular utility for EHR-based models and 

Grad-CAM for imaging applications.
[47] 

 

However, significant gaps persist in user-friendly 

evaluation, with few studies assessing explanation 

fidelity, clinician trust, or usability in real-world 

settings.
[47]

 Development of human-interpretable features 

(HIFs) from complex models, such as identifying 

specific cellular morphological patterns in histology 

images that correlate with toxicity predictions, represents 

an important direction for enhancing clinical 

acceptance.
[38]

 Classical interpretable models including 

decision trees and logistic regression remain important 

for scenarios requiring complete transparency, even if 

they sacrifice some predictive accuracy.
[38] 

 

6.2 Data Integration and Interoperability 

Integration of AI models into existing clinical workflows 

presents substantial technical and operational 

challenges.
[48]

 Data heterogeneity across institutions, 

inconsistent documentation practices, and lack of 

standardized terminologies complicate model 

development and validation.
[26,27]

 The implementation of 

common data models such as OMOP (Observational 

Medical Outcomes Partnership) and i2b2/ACT 

(Informatics for Integrating Biology and the 

Bedside/Accrual to Clinical Trials) facilitates multi-

institutional collaboration, though harmonization of 

clinical narratives remains challenging.
[31] 

 

Bias in training data represents a critical concern, as AI 

models trained on non-representative datasets may 

perpetuate or exacerbate healthcare disparities.
[38,49]

 

Ensuring diverse representation across racial, ethnic, and 

socioeconomic groups in training datasets is essential for 

equitable AI implementation. Additionally, the dynamic 

nature of oncology practice, with continuously evolving 

treatment regimens and new therapeutic agents, 

necessitates ongoing model updates and revalidation to 

maintain clinical relevance and accuracy.
[50] 

 

6.3 Regulatory and Ethical Considerations 

The FDA currently classifies AI models as medical 

devices requiring premarket review and risk 

assessment.
[38]

 As of 2024, nearly 1,000 FDA-approved 

AI products exist, though many lack published validation 

data and transparent performance metrics.
[38]

 

Streamlining regulatory frameworks to accommodate the 

iterative nature of AI model updates while maintaining 

appropriate safety standards remains an ongoing 
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challenge. Ethical considerations including patient 

consent for AI-assisted decision-making, data ownership, 

algorithmic transparency, and accountability for adverse 

outcomes require careful deliberation.
[31,49] 

Table 3 

summarizes major challenges and proposed solutions for 

clinical implementation of AI-based ADR prediction 

systems. 

 

Table 3: Challenges and Solutions for Clinical Implementation of AI in ADR Prediction. 

Challenge Impact Proposed Solutions 
Model 

Interpretability 

Clinician distrust, regulatory concerns, 

liability issues 

Implement XAI techniques (SHAP, LIME); develop 

HIFs; use interpretable models where appropriate 

Data 

Heterogeneity 

Poor model generalizability, reduced 

accuracy in diverse populations 

Adopt common data models (OMOP, i2b2); multi-

institutional validation; federated learning 

Algorithmic Bias 
Healthcare disparities, inequitable 

treatment recommendations 

Diverse training datasets; bias detection algorithms; 

fairness-aware model training 

Clinical 

Integration 

Workflow disruption, user resistance, 

technical complexity 

User-centered design; seamless EHR integration; 

clinician training programs; iterative feedback 

Regulatory 

Compliance 

Delayed deployment, uncertainty about 

approval pathways 

Adaptive regulatory frameworks; transparent 

validation reporting; FDA collaboration; real-world 

evidence 

Data Privacy 
Patient confidentiality concerns, 

regulatory violations (HIPAA, GDPR) 

Differential privacy; federated learning; secure multi-

party computation; de-identification protocols 

 

7. Future Directions and Emerging Technologies 

The future of AI in oncology ADR prediction lies in the 

convergence of multiple technological advances. Real-

time adaptive treatment systems utilizing continuous 

monitoring and AI-driven dose adjustments based on 

immediate patient feedback represent the next frontier.
[42]

 

Integration of multi-omic data with radiomics, often 

termed 'radiogenomics,' provides comprehensive views 

of tumor biology and treatment response that can 

enhance both efficacy and toxicity predictions.
[38,42] 

 

Digital twins, computational models that replicate 

individual patient characteristics and simulate treatment 

responses, show promise for prospective ADR prediction 

and treatment planning.
[49]

 These models can integrate 

mechanism-based pharmacological modelling with AI-

driven pattern recognition to generate highly 

personalized predictions. Federated learning approaches 

enable collaborative model development across 

institutions while preserving patient privacy, addressing 

both data scarcity and privacy concerns 

simultaneously.
[48] 

Single-cell profiling technologies combined with spatial 

transcriptomics provide unprecedented resolution of 

tumor microenvironments and treatment effects, though 

their integration into clinically deployable AI models 

remains challenging due to cost and standardization 

issues.
[38]

 The development of more sophisticated LLMs 

specifically trained on oncology literature and clinical 

data may enable automated literature synthesis, real-time 

clinical decision support, and even assistance in clinical 

trial design.
[32,33] 

 

Standardization efforts through organizations such as 

CONSORT-AI and SPIRIT-AI aim to improve reporting 

quality of AI studies, enhancing reproducibility and 

facilitating clinical translation. [48,50] Prospective 

validation in randomized controlled trials comparing AI-

guided versus standard-of-care treatment selection will 

be essential for demonstrating clinical utility and cost-

effectiveness. Figure 3 illustrates future directions and 

integration points for AI in precision oncology ADR 

management. 

 
Figure 3: Future Integration Framework for AI in Precision Oncology ADR Management. 
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A circular diagram showing the integration of: (center) 

Digital Patient Twin receiving inputs from: (1) Multi-

omics profiling (genomics, transcriptomics, proteomics, 

metabolomics), (2) Real-time monitoring (wearable 

devices, continuous biomarker tracking, mobile health 

apps), (3) Advanced imaging (radiomics, AI-analysed 

scans), (4) NLP-extracted clinical data, (5) Federated 

learning from multiple institutions, (6) Explainable AI 

decision support systems. Arrows showing bidirectional 

information flow. Outer ring depicting clinical outcomes: 

personalized dosing, early toxicity detection, treatment 

modification, and improved safety. Source: Based on 

references [38,42,48,49,50]. 

 

8. CONCLUSION 

Artificial intelligence and machine learning have 

fundamentally transformed the landscape of adverse drug 

reaction prediction in oncology. Supervised learning 

algorithms, particularly ensemble methods, consistently 

achieve high predictive accuracy across diverse toxicity 

endpoints. Deep learning architectures enable integration 

of multimodal data including imaging, genomics, and 

clinical variables, while natural language processing 

unlocks valuable information from unstructured clinical 

documentation. AI-driven personalized dosing platforms 

demonstrate feasibility of dynamic treatment 

optimization tailored to individual patient characteristics. 

 

Despite these advances, significant challenges remain in 

model interpretability, data standardization, algorithmic 

bias mitigation, and regulatory compliance. Successful 

clinical implementation requires collaboration among 

clinicians, data scientists, informaticians, and regulatory 

bodies to develop transparent, equitable, and clinically 

validated AI systems. The future convergence of digital 

twins, real-time adaptive treatment, multi-omic 

integration, and federated learning promises to further 

enhance precision oncology and minimize treatment-

related toxicities. Rigorous prospective validation 

through randomized controlled trials will be essential to 

establish the clinical utility and cost-effectiveness of AI-

guided ADR prediction and management strategies. 

 

As these technologies mature and become integrated into 

routine clinical practice, they hold immense potential to 

reduce the burden of chemotherapy-induced adverse 

events, improve patient quality of life, optimize 

treatment outcomes, and advance the broader goals of 

precision oncology. 
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