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ABSTRACT

Pharmacovigilance systems can detect unusual patterns of reported adverse events, yet statistical prominence
does not establish that a medicine caused the observed harm. Disproportionality measures, spontaneous reports,
observational associations, case narratives, mechanistic findings, and computational predictions each address
different questions and remain vulnerable to distinct biases. This Original Causal Safety Architecture Article
proposes a traceable signal-to-causality evidence architecture for organizing those heterogeneous contributions
without collapsing them into a single score or treating detection as causal confirmation. The architecture
separates statistical alert generation, safety-signal formulation, case-level clinical and temporal assessment,
source-specific causal analysis, mechanistic evaluation, multisource triangulation, causal-strength grading, and
decision use. Triangulation is defined as the structured comparison of evidence generated through meaningfully
different data sources and bias pathways, with contradictions and dependencies retained rather than averaged
away. Proposed causal-strength grades characterize evidentiary support and residual uncertainty without
representing validated probabilities. Decision thresholds are treated as context-dependent judgements influenced
by harm seriousness, reversibility, preventability, exposure, evidence quality, and consequences of delayed or
premature action. A traceability layer records data provenance, coding, analytical choices, evidence dependence,
contradictions, version history, and updating triggers. The original contribution is an end-to-end conceptual
architecture connecting pharmacovigilance detection with conditional causal reasoning and accountable
decision-making. Its components require computational, epidemiological, clinical, temporal, and implementation
validation. The architecture cannot eliminate missing data, reporting bias, confounding, measurement error,
model drift, or expert disagreement, and it is not a validated clinical tool, regulatory pathway, or deployment-
ready decision system.
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INTRODUCTION

Pharmacovigilance begins with the recognition that information about a suspected drug-related harm is often
incomplete, distributed, and generated for purposes other than causal inference. Characteristics of emerging safety
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signals may be associated with subsequent changes to product information, but such downstream action reflects
an assessment and decision process rather than direct proof that exposure caused the reported event [1].

National spontaneous-reporting systems similarly demonstrate that detected signals do not move uniformly
toward regulatory intervention. Signals may be closed, monitored, communicated, investigated further, or
translated into risk-management action according to the strength, seriousness, novelty, and practical implications
of the available evidence [2]. The existence of a signal therefore indicates a question requiring structured
evaluation, not a resolved causal relationship.

Contemporary signal management connects detection with validation, prioritization, assessment,
recommendation, communication, and continuing surveillance [3]. However, the evidence used across those
stages is frequently represented in separate analytical products: disproportionality outputs, case narratives,
observational estimates, pharmacological arguments, experimental findings, or computational predictions.
Without an explicit architecture linking these products, statistical results may acquire stronger causal meaning as
they move through assessment and citation.

This article develops an original, non-empirical Signal-to-Causality Evidence Architecture for traceable,
multisource assessment of suspected drug harm. The contribution defines distinct evidence layers, relationships,
transition conditions, uncertainty registers, causal-strength grades, and decision boundaries. It does not offer an
exhaustive review, estimate causal effects, validate a predictive model, prescribe clinical action, or reproduce an
existing regulatory procedure. Instead, it proposes a testable structure for preserving the difference between
hypothesis generation, causal evaluation, and decision use.

Why disproportionality signals are not causal conclusions

Disproportionality analysis compares the relative reporting of a drug—event combination with an internal reporting
background. Its estimand concerns the distribution of reports under defined coding, database, comparator, and
analytical conditions; it is not a counterfactual estimate of what would have occurred in the same population
without exposure [4]. A high reporting ratio can therefore identify an unusual pattern while remaining compatible
with causal and non-causal explanations.

Interpretability is further limited when reports omit essential information about data extraction, duplicate
management, coding, comparator construction, thresholds, sensitivity analyses, or analytical decisions. Meta-
epidemiological evidence indicates that insufficient transparency is common in published disproportionality
analyses, restricting reproducibility and evaluation of whether a reported association is robust to reasonable
methodological alternatives [5]. Better reporting improves inspectability but does not itself remove bias.

The evidentiary meaning of a disproportionality result also depends on how the analysis was conceived,
conducted, reported, and interpreted [6]. Choice of database, event hierarchy, drug role, time period, comparator,
subgroup, and statistical method can change the visibility of a signal. A statistical threshold should therefore
function as an investigation trigger within a wider assessment process rather than as a universal boundary between
causal and non-causal relationships.

The proposed architecture distinguishes an adverse event, meaning an observed medical occurrence without an
implied causal relationship; a statistical alert, meaning an unusual quantitative pattern; a safety signal, meaning
information supporting a new or incompletely documented drug—harm hypothesis; and a causal safety conclusion,
meaning a conditional judgement integrating multiple evidence domains. These constructs are related, but none
automatically transforms into the next. No disproportionality statistic, regardless of magnitude or precision,
independently establishes individual-level or population-level causation.

Proposed signal-to-causality evidence architecture

The architecture begins with a traceable detection record containing the data source, observation period, coding
hierarchy, exposure and event definitions, comparator, analytic method, missing-data treatment, sensitivity
choices, and interpretation boundary. Reporting standards for disproportionality analyses support documentation
of these elements, although compliance with a reporting standard does not establish causal validity [7]. The article
newly proposes explicit transition gates separating statistical alert generation, safety-signal formulation, causal-
hypothesis specification, evidence integration, and decision use. Figure 1 presents the original conceptual
synthesis for transition from statistical signal to causal safety conclusion, showing how the article’s principal
components, evidence relationships, uncertainties, and decision boundaries are connected.
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Figure 1. Transition from Statistical Signal to Causal Safety Conclusion.

The figure is an original conceptual synthesis developed for “From Statistical Signal Detection to Causal
Understanding of Drug Harm through Traceable, Multisource Pharmacovigilance Evidence for Decision-
Making.” Arrows and grouping indicate proposed or evidence-supported relationships rather than measured effect
sizes. The figure does not represent a validated predictive model, clinical recommendation, regulatory
determination, or deployment-ready system.

The second layer assigns evidence according to the question it can answer. Real-world evidence may contribute
to signal identification, refinement, evaluation, or monitoring when its data, design, timing, and population are fit
for the intended decision [8]. Spontaneous reports may reveal rare, serious, unexpected, or clinically distinctive
events, whereas longitudinal data may provide denominators, temporal comparisons, covariates, and comparator
groups. Their outputs should remain analytically distinct until source-specific biases and dependencies have been
characterized.

The third layer structures case-level clinical evidence. Machine-assisted systems may extract chronology,
comedications, alternative causes, dechallenge, rechallenge, and other features relevant to individual-case
assessment [9]. Such systems can support organization and prioritization, but their outputs remain conditional on
feature quality, reference labels, missingness, and the clinical meaning assigned to each variable. Human review
is therefore treated as an accountable interpretive function rather than a procedural endorsement of algorithmic
conclusions.

The fourth layer evaluates bias and plausibility before synthesis. For each evidence source, the architecture records
exposure and outcome validity, selection processes, reporting incentives, confounding pathways, measurement
error, missing data, analytical flexibility, and possible dependence on other sources. Mechanistic evidence is
represented as a distinct domain that can support coherence or identify incompatibility but cannot erase weak
chronology, invalid measurement, or severe residual confounding.

The final layer performs bias-aware triangulation and produces a proposed causal-strength profile. Evidence is
not combined by counting supporting sources or averaging unlike measures. Instead, the synthesis asks whether
results converge across methods with meaningfully different biases, whether contradictions have credible
explanations, and whether conclusions are sensitive to unresolved assumptions. The architecture’s gates, grades,
contradiction register, and decision rules are original proposed constructs requiring empirical validation before
operational use.
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Signal detection across spontaneous and observational data

Spontaneous-reporting and observational-healthcare systems detect different manifestations of possible drug
harm. Reviews of routinely collected healthcare data identify diverse approaches based on temporal surveillance,
self-controlled designs, cohort comparisons, data mining, and other analytical structures, each with question-
specific assumptions and limitations [10]. Active surveillance can therefore complement spontaneous reporting,
but it does not provide a universally superior or automatically causal form of evidence.

Common-data-model infrastructures can standardize vocabularies, transformations, analytical routines, and
distributed execution across heterogeneous healthcare databases [11]. This may improve repeatability and make
differences between sites more visible. Nevertheless, harmonized data can preserve harmonized error: coding
variation, incomplete capture, channeling, outcome misclassification, and unmeasured confounding remain
possible even when identical software is applied.

Spontaneous systems can also identify abrupt or unexpected increases in reporting frequency. Algorithms
designed to detect such changes may help distinguish emerging temporal patterns from stable background
reporting [12]. However, an increase can arise from changes in exposure, reporting requirements, publicity,
stimulated reporting, coding practice, duplicate submission, or clinical awareness. Report counts and reporting
proportions must not be interpreted as incidence without an appropriate population denominator.

The architecture consequently treats spontaneous and observational detection as parallel hypothesis-generating
routes. Each route produces a source-specific evidence object containing its estimand, population, time window,
comparator, assumptions, diagnostics, and unresolved biases. Advancement to causal assessment requires a
clearly specified drug—harm hypothesis rather than an unqualified database association. Detection prioritizes what
should be investigated; it does not determine whether the medicine caused the harm.

Case-level clinical assessment and temporal plausibility

Case-level assessment asks whether the clinical sequence is compatible with the suspected drug—harm
relationship. Patient reports may contribute symptom detail, onset timing, severity, functional consequences, and
treatment experience that are absent from professionally submitted reports [13]. Such information complements
rather than replaces clinical documentation.

Chronology should represent exposure initiation, dose changes, latency, event onset, withdrawal, recovery, re-
exposure, concomitant treatment, and disease progression. Machine-assisted methods may organize these
variables and identify missing evidence, but their conclusions remain dependent on data quality, feature
construction, and reference labels [14].

Structured causality tools promote consistent questioning, yet different instruments may classify the same case
differently because they weight chronology, alternatives, prior knowledge, and rechallenge evidence differently
[15]. A numerical or categorical case score should therefore be interpreted as an evidence summary rather than
an objective causal verdict.

Within the proposed architecture, case-level assessment functions as a plausibility and contradiction gate.
Compatible timing may support further evaluation, while implausible latency or a strong alternative cause may
weaken the hypothesis. Neither pattern alone establishes or excludes population-level causation.

Table 1 organizes the evidence, constructs, relationships, uncertainties, and boundary conditions required for
definitions, components, relationships, and intended uses in from statistical signal detection to causal
understanding of drug harm through.

Table 1. Definitions, components, relationships, and intended uses in From Statistical Signal Detection to
Causal Understanding of Drug Harm through.

Component Proposed Failure or
P . Problem Inputs or P . Expected Evidence . Boundary
or scientific . mechanism or . . uncertainty
. . addressed determinants K . contribution required R statement
dimension relationship risk
Clinical Temporal
. Event enters Preserves . ..
Observation may occurrence, . Verifiable event ~ Missing occurrence
Adverse assessment  hypothesis-

be mistaken for ~ exposure and exposure chronology or alone does not

event . . without causal  generating . . : .
causation  history, reporter . documentation  diagnosis establish

. presumption status .
narrative causation
L . Flags an L Reproducible Statistical

Statistical  Quantitative Reporting 5 Prioritizes p. . Comparator, .

. e unusual pattern . ... definitions and . strength is not
alert  prominence may distributions or investigation coding, or

for evaluation diagnostics causal strength
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be observational reporting
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Alert lacks a Novelty, . Vague A signal
. . alert into a Focuses Traceable .
Safety clinically seriousness, . exposure, remains an
. e defined drug— subsequent signal . L
signal formulated plausibility, . outcome, or investigational
. . harm assessment  formulation . .
question  prior knowledge . population  proposition
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coherence rechallenge  contradiction
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Structured . .. . Improves External and Automation assistance does
narratives are clinical features reproducible . . .
case . .. . consistency of inter-rater  bias and label not replace
difficult to and decision evidence . S
assessment .. review [14] validation error accountable
compare rules organization .
judgement
Heterogeneous Case, Proposed
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Causal- evidence cannot observational,  synthesis: Prospective .. Grades are not
s transparent S precision or .
strength be reduced mechanistic, grades support .. validation of validated
. decision . ... concealed s
profile safely to one  and contextual and residual . . grade reliability .. probabilities
. . . discussion contradiction
statistic evidence uncertainty
. Proposed
. Seriousness, .p . Separates
Identical . relationship: Context-
.. . preventability, .. causal . Premature or Thresholds are
Decision  evidence may s decision . specific .
. . reversibility, judgement delayed not universal
threshold imply different context governance .
. exposure, . . from response . action  regulatory rules
actions . modifies action evaluation
uncertainty urgency

threshold

Confounding, indication bias, and reporting processes

Observational drug-safety associations can arise because treatment is selected in response to disease, prognosis,
severity, previous failure, or contraindications. Active comparators may reduce some differences, but comparator
validity depends on the clinical decision being represented and cannot remove all confounding [16].
Spontaneous-reporting data are shaped by reporting probability as well as event occurrence. Changes in
regulation, communication, public attention, or professional awareness can alter report volume independently of
changes in underlying incidence [17]. These processes must be represented as competing explanations rather than
treated as background noise.

Statistical discovery methods also differ in their susceptibility to co-prescribing, indication-linked events,
competition among reports, and innocent-bystander associations [18]. Agreement between methods may reflect
shared data and assumptions rather than independent corroboration.

The proposed architecture therefore requires an explicit bias model for every source. The model should identify
plausible common causes, selection pathways, measurement processes, reporting incentives, and analytic
decisions. Adjustment complexity alone cannot demonstrate that these pathways have been controlled adequately.

Mechanistic, pharmacological, and experimental evidence

Mechanistic evidence can connect a statistical pattern to pharmacology, biological pathways, tissue susceptibility,
exposure timing, or interaction processes. Knowledge graphs may generate previously unrecognized adverse-
reaction hypotheses and support evaluation against clinical data, but their predictions remain dependent on graph
construction and available knowledge [19].

Graph-based models can also represent polypharmacy relationships in which combinations produce effects not
attributable readily to either medicine alone [20]. These models are useful for prioritization and relational
hypothesis generation, but a predicted edge is neither direct experimental evidence nor causal confirmation.
Combining statistical detection with biological plausibility may improve prioritization of suspected drug—drug
interactions [21]. Plausibility is strongest when predicted relationships are compatible with exposure, timing,
target biology, metabolism, and observed clinical patterns.
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Mechanistic evidence should therefore enter the architecture as an independent evidentiary domain. It may
strengthen coherence, expose incompatibility, or define an experiment, but it cannot override implausible
chronology, invalid measurement, severe confounding, or contradictory human evidence.

Table 2 organizes the evidence, constructs, relationships, uncertainties, and boundary conditions required for
testable propositions, evidence requirements, and validation criteria for from statistical signal detection to causal
understanding of drug harm through.

Table 2. Testable propositions, evidence requirements, and validation criteria for From Statistical Signal
Detection to Causal Understanding of Drug Harm through.

Architecture Information Interaction L A Human or .
. . . Validation Potential . Readiness
layer or Core function or material with other . R experimental
criterion failure mode e boundary
process stage flow components responsibility
. Curated Supplies External . _
Knowledge- Identify .. PP L Missing, Curate sources  Prediction
. entities and hypotheses to replication in . .
graph plausible . .. . biased, or and inspect does not
. relations to  clinical and  independent . . .
hypothesis drug—event . . .. circular relation establish
. ) candidate  observational clinical data .
generation relations knowledge provenance mechanism
hypotheses  assessment [19]
Drug pairs,
Model . £ p. Sparse . Model
.. biological Informs Temporal and L. Review
Polypharmacy combination- . . . combinations . . performance
. . relations, and  interaction external pharmacological
representation specific harm S and unstable o is not causal
adverse assessment  validation [20] . plausibility
patterns embeddings proof
effects
Targets, . S
. . Test . Challenges or Reproducible Plausibility
Biological .. ..., metabolism, Post hoc .
. compatibility supports convergence . . Define falsifiable ~ cannot
plausibility . exposure, . mechanistic .
with known detected with human . experiments replace causal
assessment pathways, . . storytelling .
pharmacology .. associations  evidence [21] analysis
timing
... Proposed
Positive, . P . Lo Unresolved
Lo Preserve . Feeds criterion: . Adjudicate ..
Contradiction . . negative, and . . - Selective . contradiction
. incompatible . triangulation contradictions . explanations .
register . uncertain . . omission limits
evidence . and grading remain traceable transparently .
findings readiness
across updates
Proposed
Source- . L.
Integrate . Informs criterion: Maintain .
Causal- . specific o Profile is not
distinct context-  reproducibility False accountable .
strength . assessments .. . a validated
evidence . dependent across precision  multidisciplinary .-
profile . to qualitative .. . . probability
domains decisions independent review
profile
assessors
New reports, Returns Proposed .
Reassess .p . . P . . Updating
. . studies, evidence to criterion: Define ownership
Evidence- conclusions . . . Stale . does not
. mechanisms, earlier timely, . and review
update loop when evidence . . . conclusions . guarantee
or drift architecture versioned triggers
changes . correctness
signals layers reassessment

Triangulation across independent data sources

Multisource assessment is valuable because different sources can illuminate different parts of a drug—harm
hypothesis. In one signal assessment, spontaneous reports and longitudinal healthcare data supplied
complementary clinical and epidemiological information rather than interchangeable confirmation [22].
Triangulation requires more than repetition. Its inferential value increases when methods have meaningfully
different biases and still produce compatible findings [23]. Reanalyses of the same patients, coding systems,
reporting incentives, or underlying databases should not be counted as independent corroboration.

Spontaneous reports may contribute clinical novelty, rare-event recognition, and detailed narratives, whereas
longitudinal databases may contribute denominators, comparators, covariates, and temporal estimation [24].
Either source may also contradict or qualify the other.

The architecture therefore preserves source-specific results before synthesis. It documents shared data, shared
assumptions, common measurement pathways, and possible dependence. Convergence strengthens a causal
hypothesis only when plausible common errors are insufficient to explain the agreement.
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Causal-strength grading and decision thresholds

Causal language can become stronger than the underlying evidence as disproportionality findings are cited and
reused [25]. The architecture addresses this problem by separating the wording of a conclusion from the urgency
or importance of a decision.

The proposed grades are hypothesis-generating, clinically plausible, analytically supported, triangulated but
uncertain, and decision-relevant under stated conditions. These labels describe evidence organization and residual
uncertainty; they are not causal probabilities or validated regulatory categories.

Large-scale evidence generation requires standardized designs, diagnostics, transparency, and systematic
evaluation across databases [26]. Accordingly, progression between proposed grades should require
reproducibility, measurement validity, sensitivity analysis, source-independence assessment, and transparent
accounting of contradictory results.

Sensitivity analysis can indicate how strong unmeasured confounding would need to be to explain an
observational association [27]. It cannot demonstrate that such confounding is absent. Decision thresholds must
therefore reflect both evidence strength and the consequences of acting too early or too late.

Table 3 organizes the evidence, constructs, relationships, uncertainties, and boundary conditions required for
failure modes, boundary conditions, governance needs, and implementation priorities for from statistical signal
detection to causal understanding of drug harm through..

Table 3. Failure modes, boundary conditions, governance needs, and implementation priorities for From
Statistical Signal Detection to Causal Understanding of Drug Harm through.

Decision Corrective or
iv
scenario or Trigger or Competing Evidence Uncertainty . Expected What cannot
. .. escalation | L.
design trade- context objective threshold treatment action implication be concluded
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Strong Seek
statistical Large Early warning ~ Traceable Preserve  chronology, Prioritized Magnitude
. L . rioritize
alert with  disproportionality versus false signal plus case non-causal comparators, investication proves
. . . . \¢ .
weak clinical estimate alarm review wording [25] and alternative & causation
evidence explanations
Map
C . .. ... Comparable . Conduct
Replication . . . Reproducibility p overlapping . Stronger Database
Similar estimates . definitions and . independentor . .
across . versus hidden . . populations . evidentiary count equals
in several datasets diagnostics differently .
databases dependence and . coherence independence
[26] . biased analyses
assumptions
. Timel Design uanti . More Sensitivit
. Observational . y. . g Q fy Refine design . Y
Residual . interpretation diagnostics and vulnerability . transparent analysis
. association . or restrict
confounding . versus sensitivity where . causal removes
persists . . . claim strength .
uncertainty analysis  possible [27] boundary  confounding
. . Proposed:
Serious but . Precaution P . Separate Escalate . .
. Potentially severe lower action . . Earlier =~ Urgent action
incompletely . . Vversus . action surveillance .
. or irreversible threshold with protective confirms
characterized premature .. urgency from and expert . . .
outcome . explicit . consideration  causality
harm attribution . causal grade review
uncertainty
Proposed:
. valid
Detection Report .
Suspected Effect appears e measurement, p. . Seek More credible Subgroup
. sensitivity e instability . . . .
subgroup concentrated in a erSUS Sharse positivity, and independent heterogeneity difference is
versu: - . .
harm subgroup 15 spars comparator . ... confirmation assessment established
data instability multiplicity
adequacy,
replication
. Reassess .
. . i Proposed: Retain . One evidence
Conflicting Mechanisticand  Coherence assumptions Prevents .
. .. . . documented unresolved . domain
evidence  clinical evidence versus selective . ) and collect artificial .
. . . contradiction  conflict S automatically
streams disagree interpretation . .. discriminating  consensus .
analysis visibly dominates

evidence

Traceability, governance, and evidence updating
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Traceability requires documentation of data origin, linkage, coding, eligibility, design, analysis, and interpretation.
Reporting standards for routinely collected pharmacoepidemiological data support this level of transparency [28].
The proposed architecture extends it into a versioned evidence-to-decision record.

Each conclusion should be linked to its source-specific analyses, assumptions, contradictions, reviewers, decision
context, and date. Changes to a grade or recommendation should preserve the previous version and explain what
new evidence altered the judgement.

Predictive and classificatory models may lose calibration when populations, measurements, workflows, or clinical
environments change [29]. A model that performed acceptably at one time or site cannot be assumed to remain
reliable without temporal and external evaluation.

Governance should therefore specify ownership, access control, review frequency, update triggers, conflict
management, and error escalation. Traceability improves accountability and correction, but an auditable process
can still produce an incorrect causal conclusion.

Limitations and implementation priorities

Automation may improve the speed of intake, deduplication, coding, prioritization, and evidence retrieval, while
also creating requirements for validation, explainability, oversight, and accountability [30]. Automation should
support defined tasks rather than convert an uncertain evidence process into autonomous causal adjudication.
Incomplete adverse-event reports constrain detection and case assessment because absent chronology, indication,
dose, comedication, outcome, or reporter information may prevent competing explanations from being evaluated
[31]. Improving completeness does not guarantee accuracy, representativeness, or causal validity.

Figure 2 presents the original conceptual synthesis for multisource triangulation architecture for drug-harm
assessment, showing how the article’s principal components, evidence relationships, uncertainties, and decision
boundaries are connected.
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Figure 2. Multisource Triangulation Architecture for Drug-Harm Assessment.

The figure is an original conceptual synthesis developed for “From Statistical Signal Detection to Causal
Understanding of Drug Harm through Traceable, Multisource Pharmacovigilance Evidence for Decision-
Making.” Arrows and grouping indicate proposed or evidence-supported relationships rather than measured effect
sizes. The figure does not represent a validated predictive model, clinical recommendation, regulatory
determination, or deployment-ready system.
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Implementation should begin with retrospective reconstruction of completed signal assessments, followed by
inter-rater testing, external and temporal validation, prospective workflow evaluation, subgroup analysis, drift
monitoring, and governance testing. Each stage should evaluate whether the architecture improves transparency
without creating false confidence or excessive procedural burden.

The architecture remains limited by incomplete observation, residual confounding, source dependence, changing
reporting behavior, mechanistic uncertainty, and disagreement among experts. It is not universally applicable,
clinically prescriptive, regulator-approved, or deployment-ready. Context-specific validation is required before
any operational use.

CONCLUSION

The proposed Signal-to-Causality Evidence Architecture separates statistical detection from causal assessment
while connecting spontaneous reports, observational data, case chronology, bias analysis, mechanistic evidence,
triangulation, causal-strength grading, and decision use through a traceable structure. Its principal contribution is
not a new causal score, but an explicit account of how heterogeneous evidence should remain source-specific,
contradiction-aware, and updateable before supporting a conditional drug-safety judgement. The architecture
requires empirical evaluation of its reliability, transportability, usability, governance, and decision consequences.
It cannot transform incomplete evidence into certainty, replace expert judgement, or establish clinical or
regulatory readiness.
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