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Abstract

Artificial intelligence is entering pharmacovigilance through case intake, information extraction, coding support, duplicate detection, case
linkage, signal detection, prioritization, and communication. These applications may improve processing capacity, yet the safety case depends
on more than technical accuracy. To synthesize review-level evidence on how artificial intelligence affects pharmacovigilance from intake
to signal action and to identify where evidence supports, qualifies, or leaves unresolved claims of safety benefit. An umbrella review of
eligible systematic and scoping reviews published from 2017 through 2026 was conducted using a pathway-based framework. Reviews were
eligible when they reported transparent search methods, explicit criteria, identifiable included studies, and findings mappable to at least one
pharmacovigilance stage. Data were extracted at review level. Methodological quality, relevance, validation maturity, implementation status,
discordance, and primary-study overlap were assessed using design-appropriate tools. Findings were synthesized without pooling
incomparable outcomes. Evidence was concentrated in retrospective detection, prediction, text extraction, and data-processing tasks. Reviews
repeatedly described heterogeneous data sources, labels, reference standards, metrics, and validation practices. External validation,
prospective workflow evaluation, calibration, comparative effectiveness, and downstream assessment of communication or regulatory action
were uncommon. Duplicate reporting, noisy intake sources, representativeness, automation bias, and repeated use of the same primary studies
could weaken apparent confidence. Artificial intelligence may strengthen selected pharmacovigilance operations, but review-level evidence
does not establish an end-to-end, deployment-ready safety case. Confidence depends on traceable data, independent validation, workflow
evaluation, overlap-aware synthesis, human accountability, and explicit separation of technical performance from medication-safety benefit
in routine practice.
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INTRODUCTION Secondary syntheses have also proliferated, reflecting
different data sources, clinical settings, methods, and
pharmacovigilance stages [1-3]. Some reviews map broad
portfolios of artificial-intelligence applications, whereas
others focus on electronic-health-record text, spontaneous

Artificial intelligence is being applied to pharmacovigilance
as a collection of task-specific methods rather than as one
uniform intervention. Reviews describe machine learning,
natural language processing, record linkage, and related
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reports, hospital prediction, social media, or benchmark
datasets. Their conclusions are therefore not directly
interchangeable. A model that identifies an adverse-event
mention in a clinical note addresses a different evidential
question from a system that links duplicate reports, prioritizes
a safety signal, or changes regulatory communication.
Review-level agreement may consequently reflect repeated
analysis of similar primary studies rather than independent
confirmation across the pathway.

The central issue is not whether artificial intelligence can
produce accurate classifications under selected conditions,
but what happens to the safety case when algorithmic outputs
enter successive pharmacovigilance decisions. A defensible
safety case must connect data provenance, task definition,
reference standards, validation, workflow consequences,
human oversight, and downstream action. Machine-learning
reviews show substantial activity in adverse-reaction
detection, prediction, and representation, yet they do not
establish clinical or regulatory readiness merely from model
performance [4]. Technical gains may reduce manual
workload or improve sensitivity, but they may also amplify
biased labels, duplicate evidence, noisy inputs, poorly
calibrated probabilities, or automation-dependent decision
making.

This umbrella review therefore evaluates existing systematic
and scoping reviews as the primary units of analysis. It asks
which pharmacovigilance stages have been reviewed, how
methodologically credible and relevant those reviews are,
how strongly their primary studies overlap, where
conclusions agree or conflict, and what evidence supports
safety benefits or risks. By organizing findings from intake
through signal action, the review examines the complete

evidential chain while preserving distinctions between
proposal, retrospective testing, prospective evaluation,
operational implementation, and independent validation. This
pathway perspective is necessary because weakness at an
early stage can propagate downstream, while success at one
stage cannot substitute for evidence that later decisions
remain accurate, accountable, equitable, and useful.

Review Design, Questions, and Protocol

This umbrella review examined how Al is used across
pharmacovigilance, from case intake to signal action. A
preregistration-free protocol specified eligibility, extraction,
appraisal, overlap analysis, and synthesis procedures.
Reporting followed PRIOR, PRISMA-compatible selection
accounting, and PRISMA-S search documentation [5—7].

Searches conducted on 3 August 2026 covered peer-reviewed
English-language systematic and scoping reviews published
from 2017 to 2026. Eligible reviews reported reproducible
methods and addressed at least one pharmacovigilance stage,
including case processing, duplicate detection, signal
detection, validation, communication, or action.

Two reviewers independently screened and extracted review-
level data. Systematic reviews were appraised with
AMSTAR 2, while scoping reviews received design-
appropriate appraisal [8, 9]. Methodological quality was
assessed separately from practical relevance. Primary-study
overlap was mapped before interpreting agreement across
reviews [10—12].

Table 1 summarizes the eligibility, definitions, appraisal, and
extraction framework.

Table 1. Eligibility, definitions, and evidence-extraction framework for the review What Happens to the Safety Case
When Artificial Intelligence Enters Pharmacovigilance? An Umbrella Review from Intake to Signal Action.
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address several stages,

Pharmacovigilance safety-information intake  be identifiable from

Enables pathway-

. A her th . .
detection; validation; based rather than while review

Stage-specific
synthesis and

stage through signal review methods or R technology-only . .
Lo . prioritization; . terminology may Figure 2
communication or action results L synthesis :
communication; obscure boundaries
action
Classified as proposed, Validation setting;
retrospectively tested, temporal split; ~ Prevents benchmark Reviews may use Confidence

The strongest evaluation

level reported for an boundaries and

evidence-gap

“validation” for
internal resampling

external site;
prospective use;

prospectively evaluated,
operationally

performance from

Validation maturity being equated with

application implemented, or independent decision readiness only analysis
independently validated replication
Extracted whenever
Performance

reported, including Label source; Interpretation of

The process or source estimates depend on Imperfect or circular

. Xpert a ication al icator; . . model-
Reference standard used to determine the expe djudication, djudicator; the quality and labels may inflate ode
coding rules, chart agreement; . performance
target label or outcome . . independence of  apparent accuracy .
review, databases, or uncertainty findings
target labels
proxy outcomes
. Extr hen revi Technical . .
The way algorithmic tracted whe CVIEWS " Intended user; eehmica Reviews may describe .

. reported users, review - . performance does . Implementation
Workflow and  output enters professional . . decision point; . hypothetical rather

. . points, override . not establish safe and governance

human oversight work and remains . human review; than evaluated .
mechanisms, workload, . . . workflow synthesis
contestable .. override; audit trail . . workflows
or accountability integration
Rated separately from Arigorous review  Broad medication-
Directness of the review parately 1ol Population; task;  may still provide  safety reviews may Weighting of
. . . methodological quality . - S .
Review relevance question and evidence to as dircet. partiall setting; decision only indirect overstate conclusions and
pharmacovigilance . > paraty type; data source  evidence for signal pharmacovigilance discordance
direct, or indirect . S
action applicability

Prevents repeated
studies from
appearing as

CCA, pairwise
overlap, and
sensitivity

Study citations were

normalized and linked Study-family ID;

review membership;

Incomplete citations
and multiple reports

Repeated inclusion of the

Primary-study same underlying study

1 . fi . . . .

overlap across reviews be ore agreement was report links independent can conceal overlap interpretation [11,
interpreted [10] .
corroboration 12]
Recorded separately for
Absence or insufficiency tgchmcal validity, Gap domain; affected AYO{dS collapsing Ab§ ence of review Research priorities
. . clinical usefulness, distinct forms of evidence does not
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Search, Appraisal, and Synthesis

Primary-study overlap was mapped using normalized
citations, study-family identifiers, GROOVE displays, and
corrected covered area calculations [13, 14]. Overlap was
interpreted as repeated evidence, not agreement or quality.

Findings were synthesized by pharmacovigilance stage, Al
task, data source, validation level, and decision consequence.
Incomparable outcomes were not pooled; narrative synthesis
followed SWiM principles [15]. Discordance was interpreted
through methodological quality, directness, validation, and
evidence independence.

Confidence decreased with overlapping studies, internal
validation, weak labels, selective metrics, absent calibration,
or limited workflow evaluation. Technical, clinical, safety,
equity, implementation, and governance gaps were reported

separately in tables and an evidence map [16]. Algorithmic
performance was not treated as proof of safer decisions or
regulatory benefit.

Search and Selection Results

Review-Selection Flow

The available record set did not contain complete source
totals, a finalized duplicate map, reconciled retrieval
outcomes, or exclusion subtotals from a reproducible source-
level database export. Accordingly, no numerical review-
selection flow can be reported without creating unsupported
values. The eligible evidence located within the bounded
review corpus nevertheless showed a coherent distribution
across textual pharmacovigilance, adverse-event prediction,
duplicate management, and signal detection. A focused
systematic review of machine learning for pharmacovigilance
included 16 studies and found that the field relied heavily on
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textual data and supervised methods, with only moderate
evidence reliability [17]. A broader scoping review of 78
artificial-intelligence studies found that 73 evaluated
technical algorithm performance rather than clinical,
workflow, or safety outcomes [18]. Reviews of supervised
natural-language processing further showed substantial
variation in annotation practices, adverse-event definitions,
corpora, and validation procedures [19]. A systematic review
of signal detection using routinely collected health data found

no method that was consistently superior across all evaluated
contexts [20].

Figure 1 was reserved for the completed review-selection
pathway; however, it is not populated because the available
record set lacks reconciled source totals, duplicate removals,
retrieval outcomes, exclusion subtotals, and final inclusion
values required for valid numerical PRIOR-compatible
reporting.

What Happens to the Safety Case When Artificial Intelligence Enters Pharmacovigilance? An Umbrelio Review from Intake to Signal Action.
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Figure 1. Black-and-White PRIOR-Compatible PRISMA-Style Flow Diagram for Review Selection

Evidence-Base Characteristics

Characteristics of Included Reviews

Across the included evidence, review designs ranged from
focused systematic reviews to broad scoping reviews. The
underlying studies commonly used electronic health records,
spontaneous-report systems, clinical narratives, social-media
text, claims, and other structured real-world data. Most
systems performed classification, extraction, prediction,
ranking, or linkage. Comparators included expert annotation,
coded outcomes, chart review, existing statistical methods, or
benchmark labels, although reference-standard construction
was often incompletely described. A systematic review of 25
electronic-health-record prediction studies found limited
external validation and insufficient reporting of clinically

informative calibration [21]. Another review covering 41
patient-safety modelling studies likewise found that external
validation and prospective testing were uncommon [22].
Clinical-note extraction reviews documented wide variation
in rule-based methods, conventional machine learning, deep
learning, transformers, labels, and reporting practices [23,
24]. These variations restricted direct comparison and
prevented benchmark results from establishing generalizable
pharmacovigilance performance.

Table 2 organizes the evidence, constructs, relationships,
uncertainties, and boundary conditions required for
characteristics and classification of the evidence included in
the review What Happens to the Safety Case When Artificial
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Table 2. Characteristics and classification of the evidence included in the review What Happens to the Safety Case
When Artificial Intelligence Enters Pharmacovigilance? An Umbrella Review from Intake to Signal Action.

. Study or . Comparator
Evidence Population or Al system or Outcomeor,, ... .. PR
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transformers
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Study-specific Drug-safety Variable across No method was

methods and
databases
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i 1 detecti
signal detection across contexts [20]

Diagnosed or Diagnosis or Limited external

documented  prognosis of in- Internal validation validation and
adverse drug  hospital adverse ~ predominated  calibration reporting
events events [21]
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[22]

Detection or
prediction
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safety events retrospective
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datasets, labels,
metrics, and
reporting [23]
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adverse drug
events

Benchmark or

or coded labels internal validation

Results depended on

corpus construction,

annotation, and class
distribution [24]

Adverse-event
detection
performance

Dataset-specific
gold-standard
labels

Dataset-bound
testing

Methodological Quality

Methodological quality was uneven across review types.
Stronger reviews reported reproducible searches, explicit
criteria, structured extraction, and transparent limitations.
Recurrent weaknesses included incomplete protocol
reporting, heterogeneous appraisal methods, insufficient
treatment of reference-standard bias, and conclusions that
moved from discrimination metrics to broader claims of
usefulness. Applicability was also variable because some
reviews combined pharmacovigilance with medication
safety, patient safety, clinical deterioration, or drug-
development tasks. The available records did not support a
finalized review-level AMSTAR-2 distribution, and no
overall quality percentages are reported. Similarly, the

complete review-by-primary-study matrix required for
corrected covered area was unavailable. Overlap therefore
remains an unresolved confidence modifier rather than a
quantified result. Repeated appearance of the same
benchmark datasets, clinical corpora, or hospital cohorts
across reviews may make apparent agreement less
independent than publication counts imply.

The corpus was asymmetrical across the pathway. Reviews
were numerous where data already existed in machine-
readable form and outcomes could be represented as labels,
but scarce where evaluation required observing
organizational  decisions or patient consequences.
Spontaneous-report analyses emphasized disproportionality,

Archives of Pharmacy Practice | Volume 17 | Issue 3 | July — September 2026 -




Thompson et al.: What Happens to the Safety Case When Artificial Intelligence Enters Pharmacovigilance? An Umbrella Review from Intake to Signal
Action

ranking, or classification; electronic-record studies
emphasized extraction and prediction; social-media studies
emphasized mention detection and sentiment-like linguistic
signals. Few reviews connected these outputs through
successive stages using the same cases, governance rules, and
outcome definitions. Consequently, an apparently strong
result at intake could not be assumed to persist through
coding, validation, prioritization, communication, and action.

Validation maturity also varied within reviews. Internal
cross-validation, random train-test splitting, and reuse of
benchmark corpora were common, whereas temporal,
geographic, institutional, and independent validation were
less frequently described. Reviews rarely reported whether
model thresholds were chosen before evaluation, whether
calibration deteriorated across subgroups, or whether human
reviewers changed decisions after viewing outputs.
Implementation claims often referred to technical integration,
feasibility, or proposed workflows rather than sustained
routine use with monitored safety outcomes. The review-
derived classification therefore separated retrospective
testing  from  prospective  evaluation,  operational
implementation, and independent validation.

Evidence gaps were not interpreted as evidence of
ineffectiveness. Rather, they identified unanswered questions
about the chain between algorithmic output and safety action.
A method might retrieve relevant narratives accurately yet
fail to reduce processing time, or reduce workload while
systematically missing rare linguistic patterns. A duplicate
detector might improve apparent database cleanliness while
incorrectly merging genuinely independent cases. A signal-
ranking system might advance true signals while also
increasing false-positive investigations. These possibilities
required outcome-specific evaluation rather than a single
global judgment about artificial intelligence.

Importantly, no review demonstrated that every pathway
transition remained safe under routine operational conditions.

Case Intake and Report Processing

Al  supported adverse-event detection, information
extraction, classification, and use of new surveillance
sources. However, evidence focused mainly on detection
rather than complete case processing [25]. Social-media data
may capture patient experiences but remain limited by
uncertain denominators, noisy language, and selection bias
[26].

Evidence for automated coding and seriousness assessment
was limited. Performance depended on annotation quality and
local conventions, so human review remained necessary.

Duplicate detection may improve case linkage, but false
merges can suppress evidence and missed duplicates can
distort signal estimates [27]. Safe use requires preserved
records, confidence thresholds, explainable linkage, and
reversible decisions.

Signal Detection

Signal-detection studies were largely retrospective. Reviews
reported promising model performance but limited evidence
on calibration, transportability, usability, alert burden, or
patient outcomes [28-30].

Evidence was also weak for signal validation and
prioritization. Al rankings may be affected by drift, coding
changes, confounding, and incomplete denominators.
Prospective comparisons and independent validation across
settings remain limited.

Communication and Regulatory Action

Communication and regulatory action were the least directly
evaluated stages. Reviews of medicines regulatory
interventions showed that downstream effects are difficult to
isolate because communication, clinical behavior, media
attention, reimbursement, and background trends occur
together [31]. Safety communications may generate
unintended  consequences, including  inappropriate
discontinuation, substitution, reduced adherence, or unequal
response across groups [32]. A later systematic review
similarly found that pharmacovigilance interventions can
produce intended and unintended effects that require separate
evaluation [33]. These downstream reviews do not establish
the effectiveness of artificial intelligence. Instead, they show
why an algorithmically generated or prioritized signal cannot
complete the safety case unless communication, uptake,
behavioral consequences, and health outcomes are evaluated.

Safety Benefits, Risks, and Unresolved Evidence
Overall, the review-level evidence supported bounded
assistance with information retrieval, extraction, pattern
recognition, duplicate management, and candidate-signal
generation. It did not establish autonomous authority over
seriousness, causality, prioritization, communication, or
regulatory action. Benefits remained conditional on reliable
inputs, independent labels, external validation, calibrated
outputs, workflow fit, auditability, and accountable human
review. Risks included bias propagation, duplicate evidential
weight, false reassurance from benchmark accuracy,
automation bias, opaque linkage, alert burden, and
downstream actions unsupported by clinical consequence
data.

Discussion

Principal Findings Across the Pathway

The principal finding was a mismatch between the breadth of
proposed artificial-intelligence roles and the maturity of
evidence supporting the complete pharmacovigilance safety
case. Review-level evidence was most persuasive where the
task was narrowly defined, the input was stable, the output
was measurable, and a reference label could be constructed.
Under those conditions, systems could assist retrieval,
extraction, classification, prediction, linkage, or ranking.
Confidence declined when outputs crossed into seriousness
assessment, causal interpretation, prioritization,
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communication, or action, because these stages required
contextual judgment, organizational accountability, and
evaluation of downstream consequences.

Generative artificial intelligence illustrates this transition
problem. A scoping review of large language models and
generative systems for medication-related harm found an
emerging portfolio of applications, but the evidence remained
concentrated in demonstrations and narrow evaluations rather
than validated routine workflows [34]. Fluency,
summarization, or apparent reasoning cannot substitute for
source fidelity, calibrated uncertainty, reproducibility, and
traceable review. Language generation may help structure
narratives or support search, yet unsupported completion,
omission, and variable responses can weaken the evidential
chain unless outputs remain inspectable and contestable.

Where Al Strengthens or Weakens the Safety
Case

The evidence also showed that technical weaknesses can
propagate. A systematic review of adverse-event prediction
methods identified recurrent limitations in external
validation, missing-data handling, and clinically aligned
evaluation [35]. When training labels encode incomplete
documentation or local practice, improved prediction may
reproduce those limitations efficiently. When calibration is

absent, a score may rank cases without supporting a
meaningful probability. When thresholds are selected after
testing, apparent performance may not survive prospective
use. These weaknesses do not negate task-level utility, but
they narrow what can be claimed about safety.

Evidence maturity differed by lifecycle stage and decision
type [36]. Intake and signal generation were supported by the
broadest technical literature, whereas  validation,
prioritization, communication, and regulatory action were
supported mainly by indirect or adjacent evidence. This
pattern matters because pharmacovigilance is cumulative: a
downstream decision inherits uncertainty from data capture,
coding, linkage, and model construction. Adding human
review does not automatically correct upstream bias,
particularly when automation changes attention, sequencing,
or perceived authority. Conversely, requiring human review
without measuring workload may preserve accountability
while creating delays or superficial confirmation.

Figure 2 presents the original conceptual synthesis for
umbrella evidence map from pharmacovigilance intake to
signal action, showing how the article’s principal
components, evidence relationships, uncertainties, and
decision boundaries are connected.

What Happens to the Safety Case When Artificial Inteligence Enters Pharmacoviglance ? An Umbrela Review from intake to Signal Action
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Figure 2. Umbrella Evidence Map from Pharmacovigilance Intake to Signal Action
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The proposed evidence map therefore treats each pathway
transition as a separate claim requiring its own validation.
Solid connections represent review-supported task
relationships; dashed connections represent proposed,
context-dependent, or insufficiently validated transitions.
Boundary markers separate model output from medication
decision, technical performance from clinical usefulness,
association from causation, automation from professional
authority, and implementation from validated benefit. This
organization prevents accuracy at one node from becoming
an implicit claim about the entire system.

Consequences of Weak Underlying Evidence
Governance should focus on evidential continuity rather than
technology labels. Data provenance, version control,
annotation  policy, threshold selection,  subgroup
performance, human override, duplicate-family management,
and postimplementation monitoring should be linked to the
decision that each output can influence. Systems used for
triage should be evaluated for missed cases and workload
redistribution. Linkage systems should preserve reversible
family assignments. Signal-ranking systems should report
calibration, false-positive burden, and performance under
drift. Communication support should be evaluated for
comprehension, behavioral consequences, and inequitable
effects.

Research priorities follow the weakest transitions.
Prospective comparative studies should test whether artificial
intelligence changes processing time, reviewer agreement,
missed-event rates, signal timeliness, prioritization quality,
and downstream safety outcomes. External validation should
span institutions, jurisdictions, products, languages, and
patient groups. Studies should compare assisted and
unassisted workflows, document override behavior, and
report both benefit and harm. Independent replication is
particularly important where reviews reuse benchmark
datasets or overlapping cohorts.

Implications, Strengths, and Limitations
Governance and Research Implications

Recent reviews of language models, pharmacoepidemiologic
prediction, and pharmacovigilance data mining converge on
concentrated data sources, limited operational validation, and
continued dominance of conventional analytical approaches
[37-39]. This convergence strengthens the conclusion that
current evidence supports bounded augmentation more
readily than autonomous decision authority. However, it does
not establish that all applications are immature or that
conventional methods are necessarily safer. Comparative
evidence remains needed.

Strengths and Limitations

This review’s strengths were its pathway-wide scope,
separation of review quality from relevance, explicit attention
to overlap, and distinction among technical validity, clinical
usefulness, implementation, and governance. Its limitations

were substantial. The final record-accounting values were
unavailable, preventing a reconciled numerical flow diagram.
Complete primary-study identifiers were not available for
every review, preventing calculation of overall and pairwise
corrected covered area. Review methods, terminology, search
periods, and outcomes were heterogeneous, and several
reviews extended beyond postmarketing pharmacovigilance.
The synthesis therefore supports a bounded interpretive
framework, not a pooled effect estimate or deployment
recommendation.

A further strength was the use of reviews as the analytical
units, which reduced selective emphasis on isolated high-
performing studies. Nevertheless, umbrella synthesis cannot
repair weaknesses inherited from those reviews or their
primary studies. Publication bias, incomplete reporting,
duplicated datasets, and changing technical terminology may
all influence the apparent direction of evidence. Moreover,
absence of review-level evidence for equity, patient
experience, or regulatory outcomes should not be interpreted
as proof that these dimensions are unaffected. It indicates that
they remain insufficiently synthesized and should be
incorporated prospectively into future evaluations. These
dimensions require reporting.

CoNCLUSION

Artificial intelligence is entering pharmacovigilance through
multiple bounded tasks, including information retrieval,
narrative extraction, coding support, duplicate management,
prediction, and candidate-signal ranking. Review-level
evidence indicates that these applications can improve
selected technical operations under defined conditions, but it
does not establish an end-to-end safety case extending
automatically from intake to communication or regulatory
action. The evidence is strongest for retrospective model
performance and weakest for independent wvalidation,
prospective workflow comparison, calibrated decision
support, implementation consequences, equity, and patient-
level safety outcomes.

The safety case therefore depends on continuity across stages.
Reliable inputs, transparent reference standards, preserved
provenance, reversible linkage, external validation,
monitored thresholds, human contestability, and evaluation
of downstream effects are necessary before technical gains
can support broader claims. Duplicate primary studies, reused
benchmark datasets, heterogeneous outcomes, and weak
review methods can exaggerate confidence when publication
volume is mistaken for independent corroboration.

Artificial intelligence should consequently be understood as
a potentially useful component of pharmacovigilance rather
than an autonomous source of safety authority. Its
contribution must be judged task by task and transition by
transition. Future research should compare assisted and
unassisted workflows prospectively, report calibration and
subgroup performance, evaluate missed cases and false-
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positive burden, test transportability under data drift, and
connect signal prioritization to communication, behavior, and
health outcomes. Until such evidence is available,
deployment decisions should remain bounded, reviewable,
and accountable, with technical performance clearly
separated from clinical usefulness, regulatory acceptability,
and demonstrated medication-safety benefit.

This boundary protects both innovation and patients while
preserving the evidential integrity of pharmacovigilance.
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