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Abstract: 

Artificial intelligence (AI) is revolutionizing pharmacovigilance (PV) by enabling faster, more accurate detection 
and management of adverse drug reactions (ADRs). Advanced AI systems, including machine learning 
algorithms, large language models, and deep-signal detection tools, are being integrated into regulatory 
frameworks and industry workflows to enhance drug safety monitoring. Platforms such as WHO-UMC VigiLyze 
and the FDA Sentinel Initiative demonstrate the practical application of AI in improving signal detection, risk 
prediction, and proactive safety interventions. Despite its promise, AI adoption in PV presents challenges, 
including algorithmic bias, explainability, data privacy concerns, and integration with legacy systems. Future 
trends point toward autonomous AI-driven PV, federated learning for global safety analysis, hybrid human-AI 
decision-making, and predictive digital twins for individualized ADR risk assessment. Collectively, these 
innovations are poised to transform pharmacovigilance into a more intelligent, efficient, and proactive discipline. 
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1. Introduction

Pharmacovigilance has come a long way from its early dependence on spontaneous adverse drug 
reaction (ADR) reporting systems, evolving into a multidisciplinary domain driven by large datasets, 
real-time monitoring, and advanced analytical methods. Today’s drug safety ecosystem is increasingly 
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complex, with data pouring in from electronic health records, social media, patient registries, wearable 
devices, and global reporting networks. This explosion of heterogeneous data has exposed significant 
gaps in traditional pharmacovigilance workflows, which often rely on manual review, delayed 
reporting, and limited analytical depth 1-2. 

Conventional PV systems struggle with underreporting, time-consuming case processing, and 
difficulties in detecting subtle or emerging safety signals. These limitations have pushed the field toward 
next-generation solutions capable of handling scale, speed, and unpredictability. Artificial intelligence 
(AI) has emerged as a transformative force by enabling automated case triage, predictive modelling, 
and continuous benefit–risk assessment. Machine learning, natural language processing (NLP), and 
deep learning offer the ability to identify patterns invisible to human reviewers and support proactive, 
real-time surveillance of drug safety risks 3-4. 

This review provides an in-depth exploration of how AI is reshaping pharmacovigilance—from 
foundational methods to cutting-edge predictive analytics. It highlights the technological 
advancements, regulatory perspectives, implementation challenges, and future directions that will 
define the next era of data-driven drug safety 5. 

2. Fundamentals of Pharmacovigilance 

Pharmacovigilance (PV) is fundamentally concerned with the detection, assessment, understanding, and 
prevention of adverse effects or any drug-related problems. Its core functions include signal detection, 
risk assessment, and continuous benefit–risk evaluation to safeguard patient health throughout the 
product lifecycle. Signal detection involves identifying potential safety issues from diverse datasets, 
while risk assessment evaluates their clinical and public health significance. Benefit–risk evaluation 
ensures that therapeutic advantages outweigh potential harms 6-7. 

The global PV landscape is supported by strong regulatory frameworks established by bodies such as 
the World Health Organization (WHO), the U.S. Food and Drug Administration (FDA), and the 
European Medicines Agency (EMA). These agencies set standards for reporting, data quality, periodic 
safety updates, and post-marketing commitments. Despite these guidelines, real-world PV operations 
still face barriers: manual case processing is slow and resource-intensive, spontaneous reporting 
systems suffer from significant underreporting, and semi-automated tools often fail to integrate 
unstructured or high-volume data efficiently 8-9. 

These limitations underline the urgent need for advanced, intelligent systems—setting the stage for AI-
driven pharmacovigilance capable of handling modern drug safety challenges with greater precision, 
speed, and reliability. Figure 1 

Figure 1: AI-Enabled Pharmacovigilance Workflow 
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3. Data Landscape in Modern Pharmacovigilance 

Modern pharmacovigilance operates within a sprawling, multi-layered data ecosystem that extends far 
beyond traditional spontaneous reporting systems. Foundational global databases such as VigiBase, 
FAERS, and EudraVigilance remain central to post-marketing surveillance, providing structured reports 
submitted by healthcare professionals, pharmaceutical companies, and patients. However, their inherent 
limitations—lag in reporting, underreporting bias, and inconsistencies in case narratives—necessitate 
the inclusion of richer and more diverse data streams 11-12. 

Electronic health records (EHRs) and clinical datasets contribute longitudinal, real-world clinical 
information that captures medication histories, laboratory parameters, diagnoses, and physician notes. 
These data enable detailed insights into drug–disease interactions, comorbidities, and patient-level risk 
factors. Beyond clinical settings, the rise of social media platforms, patient forums, and wearable 
sensors has opened entirely new avenues for pharmacovigilance. These sources offer real-time, patient-
generated data that reflect early signals of side effects, medication non-adherence, or rare adverse events 
not easily captured by conventional systems. 

Additionally, the push toward real-world evidence (RWE) integrates information from insurance claims, 
registries, large-scale cohort studies, and even multi-omics layers (genomics, proteomics, 
metabolomics), supporting precision-driven safety analytics. However, this expanding landscape comes 
with formidable challenges, including inconsistent data quality, missing values, noise, unstructured text, 
and lack of interoperability across sources 13-14. Robust preprocessing pipelines and advanced 
computational tools are therefore essential to transform raw, heterogeneous datasets into reliable inputs 
for AI-driven drug safety models. 

4. AI and Machine Learning Techniques in Drug Safety 

4.1 Supervised Learning Approaches 

Supervised machine learning has become one of the most widely adopted analytical approaches in 
pharmacovigilance. These models excel in ADR classification, severity prediction, and safety signal 
identification, leveraging labeled datasets to learn associations between drug exposure and clinical 
outcomes. Algorithms such as Random Forests, XGBoost, Support Vector Machines (SVMs), and deep 
neural networks have demonstrated strong performance in predicting potential adverse events, 
prioritizing safety signals, and assisting human reviewers in case processing. Their ability to process 
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large volumes of structured and semi-structured data positions them as key enablers of early risk 
detection 15-16. 

 

4.2 Unsupervised and Semi-Supervised Models 

Unsupervised models offer crucial value when labeled ADR data are sparse or incomplete. Techniques 
such as clustering can reveal hidden patterns, uncover previously unknown ADRs, or identify 
subpopulations at disproportionate risk. Anomaly detection algorithms help flag outliers or rare safety 
events that would otherwise be buried within large datasets. Semi-supervised learning bridges 
supervised and unsupervised paradigms by leveraging small sets of labeled ADR cases alongside vast 
pools of unlabeled data—significantly increasing coverage in real-world scenarios where fully 
annotated PV datasets are rare 17-18. 

4.3 Natural Language Processing (NLP) 

A substantial share of pharmacovigilance data exists in unstructured textual formats: narrative case 
reports, EHR notes, clinical literature, and social media posts. NLP techniques help unlock this 
information, enabling automated extraction of ADR mentions, drug–event associations, and contextual 
details such as severity, onset time, and patient demographics. Named-entity recognition (NER) 
identifies drugs, symptoms, and diseases, while sentiment and linguistic analytics help distinguish 
between genuine ADR experiences and general discussions. Advanced NLP pipelines dramatically 
reduce manual review burden and improve signal detection accuracy 19-20. 

4.4 Deep Learning in Pharmacovigilance 

Deep learning has accelerated the transition toward intelligent, automated PV workflows. Architectures 
such as Long Short-Term Memory (LSTM) networks, transformer models, and emerging large language 
models (LLMs) are now being used for automated narrative analysis, case prioritization, and complex 
signal detection tasks. These models interpret long clinical texts, detect intricate relationships, and 
support real-time screening of vast safety datasets. In case triaging, deep learning systems can rapidly 
identify high-risk reports, freeing human experts to focus on complex or high-impact cases. With 
continual training on global safety data, LLMs offer unprecedented potential for scalable, adaptive, and 
context-aware pharmacovigilance 21-22. 

5. Predictive Analytics for ADR Detection and Risk Assessment 

Predictive analytics is rapidly reshaping the drug safety landscape by enabling earlier, more accurate 
detection of adverse drug reactions (ADRs). AI-driven early warning systems can sift through massive 
real-world datasets to identify subtle patterns indicative of emerging safety signals long before they 
become clinically apparent. Machine learning models are also being used to forecast drug–drug 
interaction (DDI) risks, especially in patients on complex polypharmacy regimens, where interactions 
may lead to unexpected toxicity or loss of efficacy. 
In toxicity prediction, specialized ML frameworks are increasingly capable of forecasting 
hepatotoxicity, cardiotoxicity, nephrotoxicity, and immunotoxicity, using features derived from 
chemical structure, clinical biomarkers, and biological assays 23-25. These predictive models support 
proactive risk mitigation during both preclinical and post-marketing stages. Additionally, AI-based 
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benefit–risk assessment tools integrate safety, efficacy, and patient-specific variables to generate 
dynamic risk profiles, helping regulatory agencies and clinicians make faster, evidence-based decisions. 

6. Automation and AI-Enabled PV Workflows 

The integration of AI into pharmacovigilance workflows is transforming traditional manual processes 
into efficient, scalable systems. Automated pipelines for ICSR (Individual Case Safety Report) 
processing and medical coding significantly reduce human workload by extracting key variables, 
mapping MedDRA terms, and identifying missing information. AI-assisted causality assessment 
leverages clinical rules, probabilistic modeling, and text interpretation to prioritize high-risk cases and 
support expert decision-making. 
Furthermore, AI-powered chatbots and conversational agents are emerging as accessible tools for 
patients and clinicians to report ADRs in real time, enhancing data completeness and reducing 
underreporting. At an operational level, machine learning models support resource allocation, workflow 
optimization, and case prioritization, enabling pharmacovigilance teams to manage increasing data 
volumes without compromising quality or compliance 26-27. 

7. Integration with Clinical and Genomic Data 

The fusion of clinical, genomic, and multi-omics datasets is opening new frontiers in precision 
pharmacovigilance. Pharmacogenomics plays a pivotal role in understanding patient-specific 
susceptibility to ADRs, as genetic variations in metabolizing enzymes, transporters, and immune 
pathways can drastically influence drug response. AI-driven models can integrate genomic data with 
clinical histories to predict patient-specific ADR risks, supporting safer and more personalized 
therapeutics.Beyond genomics, advanced AI tools are enabling the analysis of proteomics, 
metabolomics, transcriptomics, and microbiome data, revealing mechanistic pathways underlying drug 
toxicity. These multi-omics insights enhance risk stratification and may guide precision dosing, drug 
selection, and monitoring strategies. Ultimately, AI-powered genotype-to-phenotype risk modeling lays 
the groundwork for individualized drug safety profiles that can significantly reduce ADR incidence and 
improve therapeutic outcomes 29-30. 

8. Real-World Applications and Case Studies 

Artificial intelligence (AI) has increasingly become an integral tool for pharmacovigilance, bridging 
the gap between regulatory oversight and biopharmaceutical operations. Regulators and industry 
stakeholders are leveraging AI to enhance drug safety monitoring and improve the timeliness of adverse 
event detection. Notably, platforms such as the World Health Organization’s Uppsala Monitoring Centre 
(WHO-UMC) VigiLyze utilize AI-powered deep signal detection algorithms to identify emerging safety 
signals across large pharmacovigilance datasets. Similarly, the U.S. Food and Drug Administration 
(FDA) has integrated AI capabilities into its Sentinel Initiative, enhancing real-time monitoring and 
enabling predictive analyses for adverse drug reactions (ADRs). Case studies from industry illustrate 
tangible benefits: AI-enabled systems have improved the sensitivity and specificity of signal detection, 
accelerated decision-making processes, and contributed to proactive measures that prevent adverse 
events, ultimately enhancing patient safety on a global scale 31-32. 

9. Challenges, Risks, and Ethical Considerations 
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Despite its potential, AI adoption in pharmacovigilance is accompanied by significant challenges and 
ethical concerns. Bias in training datasets can lead to skewed predictions, while the complexity of AI 
models often raises questions regarding transparency and explainability. Data privacy and regulatory 
compliance remain critical issues, particularly in jurisdictions governed by frameworks such as the 
General Data Protection Regulation (GDPR) and the Health Insurance Portability and Accountability 
Act (HIPAA) 33-34. Overreliance on automated decision-making may reduce human oversight, 
potentially resulting in errors if AI systems misclassify or overlook safety signals. Integration of AI with 
legacy pharmacovigilance infrastructures presents technical and operational hurdles, emphasizing the 
need for robust validation, standardized workflows, and human accountability to ensure that AI-driven 
processes complement rather than replace expert judgment. 

10. Future Trends 

The evolution of pharmacovigilance is likely to be shaped by several next-generation AI innovations. 
Large language model (LLM)-driven PV systems and autonomous AI platforms are expected to 
streamline data processing, enabling real-time signal detection and analysis. Federated learning 
approaches offer a promising route for multi-center and global drug safety evaluations while 
maintaining data privacy. Hybrid decision-making frameworks, combining human expertise with AI 
insights, will likely emerge as best practice for managing complex safety signals. Predictive digital 
twins—virtual patient models—may enable individualized ADR risk assessments, offering a 
transformative approach to personalized pharmacovigilance. Collectively, these advancements signal 
the dawn of sophisticated, proactive, and globally coordinated AI tools capable of supporting public 
health safety at an unprecedented scale 34-35. 

11. Conclusion 

AI has established a transformative role in drug safety by enhancing the detection, prediction, and 
prevention of adverse events. Through automation, predictive modeling, and integration with global 
pharmacovigilance networks, AI offers opportunities to improve efficiency, reduce risk, and provide 
more proactive oversight of drug safety. While challenges related to ethics, transparency, and human 
oversight persist, ongoing innovation and thoughtful implementation are paving the way for intelligent, 
autonomous pharmacovigilance systems. The continued evolution of AI promises a future in which drug 
safety monitoring is more precise, responsive, and globally interconnected, ultimately advancing patient 
protection and public health outcomes. 
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