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ABSTRACT

Artificial intelligence is increasingly applied in pharmacovigilance to
identify, prioritize, and interpret adverse drug reactions across real-
world data sources. This narrative review synthesizes recent peer-
reviewed studies (2015-2024) and maps Al use across four domains:
extraction of adverse drug reactions from social and clinical text,
supervised and ensemble signal detection in spontaneous reporting
systems and electronic health records, knowledge-graph-based
discovery of drug—event associations, and prediction of outcome
seriousness to support triage. Across domains, implementations
most consistently enhance intake, coding, prioritization, and the
timeliness of safety assessment, while graph-based methods surface
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stratification. Cross-cutting challenges include heterogeneous and
shifting data, annotation burden, class imbalance (especially for rare
events), and concerns around transparency, privacy, and fairness.
Evidence remains predominantly retrospective, with uneven external
validation, underscoring the need for prospective studies,
standardized reporting and calibration, fairness audits, and closer
alignment with regulatory signal-management workflows spanning
detection, validation, analysis, prioritization, and assessment. By
clarifying where Al is already dependable and where methodological
and ethical gaps persist, this review offers practical directions for
integrating Al into routine pharmacovigilance with auditable
thresholds, monitoring,and human oversight.
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INTRODUCTION

Pharmacovigilance (PV) is the science and effort devoted to identifying,
evaluating, comprehending, and avoiding side effects and other drug-related issues.
Adverse drug reactions (ADR) are harmful and unintended responses to medicinal
products that occur at doses normally used for prophylaxis, diagnosis, or therapy
(Shukla et al., 2024). In 2023, the World Health Organization (WHO) reported that
approximately 1 in 10 patients are harmed during care worldwide, contributing to
over 3 million deaths each year. However, in low-middle-income countries (LMICs),
up to 4% of people die from unsafe care. More than half of this harm, approximately 1
in 20 patients, is preventable, and about half of preventable harm is medication-
related (Patient Safety, 2023). Medication errors alone are estimated to cost
approximately $42 billion annually (Medication Without Harm, 2017).

As the pharmaceutical industry grows, traditional methods, such as clinical trials
and manual reporting, are challenged by the increasing complexity of the data.
Detecting and prioritizing true safety signals is especially difficult given the massive,
heterogeneous, and noisy data streams (Shukla et al., 2024). In 2017, the WHO South-
East Asia region urged action to prioritize and strengthen pharmacovigilance by
building national ADR reporting systems that include diverse health facilities (The
Pharmacovigilance System for Traditional Medicine in Thailand, 2017). Artificial
intelligence (Al) and machine learning (ML) have been shown to be useful for multiple
aspects of data ingestion and for assessment of reported causality in individual case
safety reports (ICSRs) (Cherkas et al., 2022). Currently, the use of Al approaches is
increasing in various areas of pharmacovigilance, including safe operations, signal
management, and identification of target populations (Salas et al., 2022). These
systems can automate the intake and analysis of safety information from electronic
health records (EHRs), spontaneous reporting systems, and active surveillance,
complementing statistical approaches such as penalized regression, Bayesian
borrowing, and temporal scan statistics while enabling the discovery of syndromic
patterns in complex data (Badary, 2025). Empirical studies have reported consistent
gains for text-based intake and triage, with competitive performance in signal
detection and seriousness prediction across multiple data sources (Li et al., 2018;
Nikfarjam et al.,, 2015; Yang et al., 2019). Thus, leveraging Al technologies helps
minimize preventable harm by incorporating digital approaches to improve patient
safety (Salasetal., 2022).

However, significant gaps persist when extracting reliable safety signals from
large, noisy, and heterogeneous data streams. Despite promising metrics, much of the
AI-PV literature is retrospective, variably benchmarked, and unevenly externally
validated across regions, languages, and data modalities (Kompa et al., 2022). Closing
these gaps will align PV and regulatory practices with real-world needs by
standardizing outcome/performance reporting across extraction, signal detection,
triage, and seriousness prediction. In parallel, the field must address Al-related ethical
issues, including privacy, bias, transparency, accountability, and deployment
governance (Dimitsaki etal., 2024).

The primary objective of our narrative review is to synthesize recent peer-reviewed
evidence on Al applications and measure benefits in PV while cataloging the ethical
and practical challenges that remain, thereby delineating where the field is robust and
where critical deficits still constrain the impact. In doing so, we aim to clarify how
technical advances map to operational use, ethical safeguards, and regulatory signal
management workflow. In assembling this narrative review, we synthesized peer-
reviewed literature from 2015-2024 identified in PubMed/MEDLINE, Scopus,
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and Web of Science, supplemented by Google Scholar. We included English-language
original studies applying Al and ML to core PV tasks, including text-based adverse
drug reaction (ADR) extraction; supervised and ensemble signal detection in
spontaneous reporting systems or electronic health records (EHRs); knowledge-
graph association discovery; and prediction of outcome seriousness. We excluded
editorials, viewpoints, non-peer-reviewed preprints, rules-only automation, and
studies outside of PV applications.

Al approaches, data sources, and performance metrics

Approaches include sequence labeling and natural language processing (NLP) for
social media and clinical narratives, transformer fine-tuning for triage, supervised
learning and meta-models for spontaneous reporting systems, gradient boosting and
random forests for national databases, and knowledge-graph learning with external
EHR validation (Table 1). Data sources covered Twitter, DailyStrength, PubMed
abstracts, MADE 1.0 clinical notes, hospital EHRs, FDA Adverse Event Reporting
System, Korea Adverse Event Reporting System, VigiBase, and benchmark sets such
as CSIRO Adverse Drug Event Corpus (CADEC), Side Effect Resource (SIDER), and off-
label Side Effects Database(Bae et al., 2021; Hussain et al., 2021; Jung et al., 2024; Lee
et al,, 2022; Li et al., 2018; Martin et al., 2022; Nikfarjam et al., 2015; Stanovsky et al.,
2017; Yang et al., 2019; Zhao et al., 2023). Across text-mining tasks, studies
consistently reported strong named entity recognitionand competitive relation
extraction sufficient for automated intake, coding, and triage; detailed figures are
summarized in Table 2 (Hussain et al., 2027; Li et al., 2018; Nikfarjam et al., 2015;
Stanovsky et al, 2017). In signal detection, supervised and multimodal fusion
approaches generally outperform disproportionality baselines and can improve
timeliness, although the performance varies by database, time window, and event
prevalence (Harpaz et al., 2017; Jeong et al., 2018; Lee et al., 2022; Martin et al., 2022).
Beyond detection, knowledge-graph models prioritize plausible drug—event
associations with supportive external validation, and seriousness-prediction models
enable triage and prioritization; both are less reliable for rare classes and benefit from
calibration and fairness checks before deployment (Bean et al., 2017; Jung et al., 2024;
Zhaoetal., 2023).

Applications and reported challenges

Applications cluster around automated ADR case findings from social media
and clinical narratives, auto-coding and triage of patient reports for national
pharmacovigilance portals, supervised and ensemble screening of spontaneous
reporting systems and EHRs for earlier signal emergence, knowledge-graph-based
association discovery to prioritize candidates for follow-up, and prioritization of
serious outcomes to focus safety review (Lee et al., 2022; Liet al., 2018; Martin et al.,
2022; Nikfarjam et al., 2015; Yang et al,, 2019; Zhao et al., 2023). The challenges
reported were informal language and annotation noise in social media, domain shift
across sources, heterogeneous and delayed reference labels, coverage and bias in
public data, single-center constraints, class imbalance, and low precision—recall for
rare classes. Many studies have further highlighted the dependence on labeled
references and limited external validation (Bae et al., 2021; Bean et al., 2017; Harpaz
etal,2017; Hussainetal., 2021; Jeong et al., 2018; Jung et al., 2024; Lee et al., 2022;
Martin et al., 2022; Stanovsky et al., 2017; Zhao et al., 2023). Detailed metrics are
listedinTable1.
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Critical Analysis and future directions

Across the included studies, Al systems were most consistently effective for
pharmacovigilance tasks anchored in text processing and workflow triage, with
several deployments showing robust real-world performance and others
demonstrating competitive orimproved signal detection compared with traditional
disproportionality methods (Warner et al., 2025). These patterns are plausible
given the maturation of clinical NLP and supervised learning, but they also reflect
careful problem framing (e.g., case intake, coding, and prioritization), where ground
truth is accessible and outcomes are proximal, conditions under which models
tend to generalize better. Nonetheless, external performance can drift when data or
practice patterns change, underscoring the need for transparent reporting and
prospective evaluation (Wiens et al., 2019). Findings that multimodal or
knowledge-graph-based approaches enrich detection breadth and relationship
reasoning align with prior work showing that graphs can capture latent
drug—drug—event structures, but utility depends on curation quality and
harmonizationacross sources (Zitnik et al., 2018).

Applications that aimed to prioritize or de-duplicate spontaneous reports also
mirrored earlier pharmacovigilance advances, showing tangible workflow gains,
while reminding us that spontaneous systems carry endemic limitations that
bound inference. Duplicates and missing denominators are well-recognized
constraints that require method safeguards and cautious interpretations (Kiguba
et al., 2024). The predominance of retrospective designs and class-imbalanced
outcomes in the dataset likely contributed to both apparent gains in internal
metrics and variability across tasks, which is consistent with the broader
imbalanced-learning literature and argues for calibrated evaluation using metrics
beyond accuracy as well as attention to minority-class fidelity (Johnson &
Khoshgoftaar, 2019). Several studies have reported subgroup or product-specific
differences in performance or outputs; given established sex-related and context-
specific patterns in adverse drug reaction reporting, routine fairness checks and
stratified analyses should be embedded into pharmacovigilance Al-PV to avoid
masking heterogeneous errors (Hendriksen et al., 2021; Watson et al., 2019).

Methodologically, we interpret the evidence through three lenses, issues,
ethics, and regulation, to make the analysis more actionable. Dataset shift
(temporal, institutional, and linguistic), retrospective designs, and class imbalance
are the primary threats to generalizability and reliability across tasks (Wiens et al.,
2019). Signal detection systems are particularly sensitive to delayed or
heterogeneous reference standards (Van Calster et al., 2019); knowledge-graph
models depend on curation quality and coverage; and text-mining pipelines can be
overfit to corpus-specific conventions (Nicholson & Greene, 2020). To mitigate
theserisks, studies should report calibration beyond accuracy (e.g., AUROC/AUPR,
calibration curves), implement empirical calibration or control-based diagnostics
where appropriate, and verify transportability via external validation (Collins et al.,
2024, Liuetal., 2020; Riveraetal.,2020; Vasey et al.,2022).

Frameworks such as CONSORT-AI, SPIRIT-Al, DECIDE-AI, and TRIPOD+AI
provide concrete checklists for pre-specifying endpoints, managing human—Al
interaction, and documenting dataset shift and reproducibility (Collins et al., 2024;
Liu et al., 2020; Rivera et al., 2020; Vasey et al., 2022). Bias, transparency, and
privacy emerge as persistent concerns. Sources of bias include imbalanced
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outcome prevalence, under-reporting of specific demographics, and context-
specific reporting patterns that can yield subgroup performance gaps (Hendriksen
etal.,2021; Watsonetal.,2019). Transparency requires clear documentation of the
model scope, data lineage, error modes, and human-in-the-loop decision points
aligned with responsible-ML guidance (Wiens et al., 2019). Privacy risks span the
secondary use of clinical notes and ingestion of public social media content; data
minimization, robust de-identification, and governance for linkage/triage use
cases are necessary safeguards (Dimitsaki et al., 2024). Routine subgroup
reporting, fairness analyses (with prespecified thresholds for acceptable
disparity), and post-deployment monitoring should be treated as first-class
outcomes, not posthoc checks.

Operational integration should map model outputs to established signal-
management steps (detection, validation, analysis, prioritization,and assessment)
with auditable thresholds and documentation that align with pharmacovigilance
practice (Warner et al., 2025). Prospective, real-world evaluations with external
datasets can de-risk lifecycle effects and facilitate regulatory dialogue, whereas
traceable data flows, versioning, and audit trails support inspections. Where
duplicates and missing denominators constrain inference, methods should
explicitly describe deduplication, exposure proxies, and uncertainty
communication (Kiguba et al., 2024). Accordingly, we recommend prospective,
externally validated evaluations with prespecified monitoring for dataset shift and
human-factor impacts; the adoption of TRIPOD+Al to standardize reporting for
prediction-oriented models, including fairness thresholds and calibration plans;
theintegration of empirical calibration and negative/positive control diagnosticsin
observational evaluations; and the explicit alignment of Al-enabled outputs with
regulatory signal-management and benefit—risk assessment, supported by
auditable thresholds, traceability, and oversight (Figure 1).

Align Al-enabled signal detection with
established regulatory processes .

g.qo Integrate Diagnostics
N3

Integrate empirical calibration and control -
based diagnostics in routine evaluations .

Adopt TRIPOD+AI

API Implement TRIPOD +Al for transparent reporting
of prediction -oriented models .

Conduct Evaluations

1 &Q Perform prospective and externally validated

evaluations under CONSORT -Al/SPIRIT-Al and /

DECIDE-AL

Figure 1. Recommendations to achieve Al integration in pharmacovigilance.
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CONCLUSION

Al methods now reliably support PV tasks spanning ADR text mining, case
intake/coding, workflow triage, and in many settings, more timely signal detection
than disproportionality alone, while knowledge-graph and seriousness-prediction
approaches extend discovery and prioritization. At the same time, the current
evidence base is largely retrospective, variably externally validated, and sensitive
to dataset shifts, class imbalances, and documentation gaps in transparency and
privacy. Near-term priorities are prospective, externally validated evaluations,
standardized reporting with calibration beyond accuracy, predefined fairness
thresholds and subgroup monitoring, and explicit handling of PV constraints
(deduplication, exposure proxies, and uncertainty communication). Operationally,
model outputs should be mapped to established regulatory signal management
steps with clear decision thresholds, traceability, and audit trails. With these
safeguards, Al can be more safely and effectively embedded in routine PV to
improve the timeliness, consistency, and overall quality of safety assessment.
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