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ABSTRACT 
 

Pharmacovigilance can detect unusual drug–event reporting patterns long before their clinical meaning is settled. 

The interpretive error is to treat signal strength, exposed-population risk, excess above expected occurrence, 

temporal plausibility, and causal credibility as though they were interchangeable quantities. They are not. 

Exposure denominators may be incomplete or misclassified; background event rates vary across populations, 

databases, phenotypes, and calendar periods; and the meaning of an observed excess depends on whether follow-

up corresponds to a biologically credible risk period. Treatment switching, discontinuation, indication, and other 

time-dependent processes further complicate inference. Case-level dechallenge, rechallenge, and temporal 

coherence can strengthen or weaken an interpretation but cannot independently settle causality. This Current 

Opinion argues that drug safety signals should be interpreted through an explicitly proposed reconciliation of 

exposure credibility, background-event compatibility, biologically relevant time, dynamic treatment state, 

competing explanations, and case chronology. The framework is intended as a qualitative triage architecture, not 

a validated causality algorithm, prediction model, or regulatory standard. 

Keywords: Pharmacovigilance, Disproportionality analysis, Exposure denominator, Background incidence, 

Risk window, Pharmacoepidemiology 
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INTRODUCTION 

Pharmacovigilance increasingly operates across spontaneous reports, claims, electronic health records, registries, 

and other routinely collected data. These sources can complement one another, but they measure different aspects 

of drug safety and carry different ascertainment structures [1]. Signal communication itself reflects heterogeneous 

combinations of statistical, clinical, temporal, and contextual information rather than a single evidentiary standard 

[2]. Methods applied to routinely collected healthcare data are similarly diverse, with performance depending on 

the drug, event, data source, and design rather than on one universally preferred detection strategy [3]. 

The central interpretive problem therefore lies downstream of detection. A drug–event pair may be 

disproportionately reported without demonstrating that the event occurs more frequently among exposed patients 

than would otherwise be expected. Even when an apparent excess is observed, interpretation depends on who was 

actually exposed, how long exposure persisted, how the event was defined, what background incidence applies to 

the relevant population, and whether the event occurred within a biologically credible period. These distinctions 

become especially important when treatment changes over time or when the indication for treatment 

independently predicts the outcome. 

http://www.ijpras.com/
https://doi.org/10.51847/c1y9blX63R
https://creativecommons.org/licenses/by-nc-sa/4.0/
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This Current Opinion argues that signal detection and risk interpretation should be treated as analytically distinct 

stages. The article develops that position through exposure denominators, background-event rates, biologically 

relevant risk windows, time-varying treatment, confounding, and case-level temporal coherence. Their later 

integration into a proposed Time-Exposure–Background-Risk Triage Framework is deliberately qualitative: the 

aim is to discipline interpretation, not to manufacture a numerical causality score. 

From disproportionality signal to risk interpretation 

Disproportionality analysis asks whether a drug–event combination is reported more often than expected relative 

to a chosen reporting reference. That can be useful for screening, but signal prioritization need not depend on 

disproportionality alone. In prospective operational use, vigiRank combined several report characteristics and 

improved signal yield relative to the historical screening process in its evaluated setting [4]. The relevant lesson 

is not that a ranking algorithm estimates risk, but that statistical prominence and evidentiary priority are already 

separable concepts. 

Interpretability also depends on analytical transparency. A meta-epidemiological assessment of published 

disproportionality studies identified substantial under-reporting of methodological choices, including the 

procedures used to select drug–event pairs and analytical thresholds [5]. A companion analysis found frequent 

interpretive spin and causal language in publications based on disproportionality methods [6]. These findings do 

not invalidate disproportionality analysis; they delimit what its outputs can support. A reporting odds ratio, for 

example, expresses a reporting contrast under a particular database and comparator structure, not an exposed-

population incidence ratio. 

Comparator choice is therefore part of the meaning of a signal rather than a technical afterthought. Different 

reference groups alter the reporting contrast and may introduce or mitigate biases related to therapeutic class, 

indication, co-medication, or reporting behavior [7]. A signal should consequently be read as conditional on its 

reference architecture. 

The literature on published disproportionality signals also shows that investigators use case review, 

complementary data sources, clinical context, and other strategies to assess signal validity [8]. Those strategies 

should not be converted into an informal vote count in which more supporting sources automatically imply 

causality. Their value lies in testing different explanations. 

Reporting standards provide another boundary. READUS-PV specifies information needed for transparent 

reporting of disproportionality analyses [9]. Compliance can improve reproducibility and appraisal, but it cannot 

transform a hypothesis-generating analysis into causal evidence. 

Case-level information may nevertheless add something that automated screening misses. In the French 

pharmacovigilance database, incorporating causality-assessment features identified some safety information not 

detected through disproportionality approaches [10]. The appropriate inference is complementarity: individual 

chronology and clinical assessment may enrich a population-level signal, but neither positive rechallenge nor a 

high disproportionality statistic should be treated as self-sufficient proof. 

Exposure denominators 

A safety numerator without a defensible denominator cannot establish how commonly an event occurs among 

exposed patients. Yet exposure is rarely a simple binary variable. Dispensing may not equal ingestion; exposure 

occurring outside the observable system may be missed; and errors in capture or adherence can bias estimated 

associations in different directions depending on the underlying scenario [11]. 

Study entry also matters. New-user designs clarify treatment initiation, eligibility, and time zero, thereby avoiding 

some ambiguities produced when prevalent users and newly treated patients are mixed [12]. They do not eliminate 

residual confounding, but they make the population at risk more interpretable. 

Linked claims and electronic health-record infrastructures can improve longitudinal coverage, provenance, and 

the range of available clinical information [13]. Greater data richness, however, should not be confused with 

automatic validity. The denominator remains conditional on whether treatment initiation, persistence, switching, 

adherence, and loss of observable follow-up are adequately captured. 

Observed-to-expected analysis makes this dependence explicit because expected counts require exposure, a 

background incidence rate, and a defined risk period. An applied analysis of Bell's palsy after COVID-19 

vaccination illustrates how different risk windows and stratification choices enter that calculation [14]. Such 

applications demonstrate the structure of the problem, not a universal solution for medicines with prolonged, 

intermittent, or poorly dated exposure. 
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Background event rates 

A background rate is not a biological constant. In a large multinational study of adverse events relevant to vaccine 

safety, incidence varied substantially across databases and demographic strata [15]. The implication for drug 

safety is general: an expected count is meaningful only to the extent that the reference incidence describes a 

population, phenotype, and observation process compatible with the exposed group. 

Historical comparison also introduces methodological risk. An empirical multidatabase evaluation showed that 

observed-to-expected approaches based on historical rates could retain substantial systematic error, with 

calibration and adjustment changing the balance between sensitivity and false-positive findings [16]. Therefore, 

a mathematically precise expected count may still be epidemiologically inappropriate. 

Population structure matters within as well as across databases. Ontario background rates differed by event, age, 

and sex [17]. US estimates additionally varied across data sources and calendar periods, including pandemic-

related changes for some outcomes [18]. These results caution against treating a pre-existing annual incidence 

estimate as indefinitely transportable. 

Standardization helps but does not erase context. In the European ACCESS network, application of a common 

protocol across multiple databases still produced important between-database differences attributable to data 

capture and healthcare setting [19]. A larger multinational analysis likewise found cross-site variation in 

background incidence [20]. 

For pharmacovigilance, the practical question is therefore not simply “What is the background rate?” but “What 

background rate is defensible for this exposed population, this event definition, this healthcare setting, and this 

calendar period?” If that compatibility is weak, the uncertainty belongs inside the safety interpretation rather than 

being hidden behind a single expected value. 

Biologically relevant risk windows 

Time determines which person-time can plausibly contribute to a drug-related event. Observed-to-expected 

methods used during mass vaccination made this explicit because the interpretation changed with assumptions 

about exposure, expected incidence, and the duration of the post-exposure risk period [21]. Vaccination is an 

unusually tractable example because exposure dates are often well defined. Chronic treatment, intermittent 

administration, accumulation, withdrawal effects, delayed toxicity, and irreversible outcomes may require very 

different temporal reasoning. 

Within-person designs demonstrate the same principle from another direction. In an application examining 

varenicline and cardiovascular outcomes, a self-controlled analysis produced a point estimate closer to an external 

benchmark than a nonuser comparison, although uncertainty remained substantial [22]. The finding supports the 

usefulness of within-person designs under appropriate assumptions; it does not establish their general superiority. 

The article therefore distinguishes a biologically relevant risk window from a merely convenient analytical 

window. The former should correspond as closely as available evidence allows to plausible latency, persistence 

of exposure effect, event onset, and outcome ascertainment. The latter may be defined primarily by data structure 

or convention. When those two windows diverge, an apparent excess may be diluted, displaced, or created by 

inclusion of person-time that is biologically irrelevant. 

For this reason, risk-window appraisal is better treated as an adjudication problem than as a single calendar choice. 

The manuscript-derived states used below are explicitly proposed interpretive categories rather than validated 

classifications. 

The analytical question that prose handles poorly is how differing signal sources, denominators, background rates, 

and temporal assumptions change what can legitimately be concluded from the same apparent safety concern. 

Table 1 therefore adjudicates these dimensions side by side. 

Table 1. Adjudicating whether observed safety events occupy a biologically defensible risk period 

Proposed 

risk-

window 

state 

Signal 

source 

Exposure 

denominator 

Risk 

window 

Event context 

and 

background 

risk 

Principal 

competing 

bias 

mechanism 

Decisive test 

or 

clarification 

Permitted 

drug-safety 

endpoint 

Well-dated 

acute 

exposure 

Spontaneou

s report or 

linked 

longitudinal 

Exposed 

persons or 

exposed 

person-time 

Short 

interval 

consiste

nt with 

Background 

incidence 

matched to 

event 

Reporting 

stimulation 

or transient 

Re-estimate 

against 

compatible 

background 

Temporally 

compatible 

excess 

requiring 
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data with 

credible 

exposure 

date 

can be defined 

with 

reasonable 

confidence 

plausibl

e onset 

phenotype and 

comparable 

population 

calendar 

effects 

incidence and 

test alternative 

window 

definitions 

further 

causal 

assessment 

Persistent 

treatment 

with 

uncertain 

biological 

onset 

Longitudina

l healthcare 

data or 

accumulate

d case 

series 

Person-time 

depends on 

persistence, 

refill capture, 

adherence, and 

discontinuatio

n 

Multiple 

plausibl

e 

latency 

intervals 

Baseline risk 

may evolve 

with disease 

severity and 

treatment 

duration 

Exposure 

misclassificat

ion and 

depletion of 

susceptible 

patients 

Evaluate 

alternative 

latency and 

persistence 

assumptions 

while updating 

exposure 

status 

Association 

remains 

timing-

sensitive 

rather than 

attributable 

Poorly 

observed 

exposure 

timing 

Spontaneou

s reports or 

incomplete 

dispensing 

history 

Denominator 

incomplete or 

partly inferred 

Nominal 

window 

exceeds 

confiden

ce in 

actual 

exposur

e timing 

Background 

rate may be 

estimable but 

cannot be 

aligned 

reliably to 

exposure 

Misclassifica

tion of time 

at risk 

Improve 

exposure 

ascertainment 

or restrict to 

cases with 

interpretable 

timing 

Signal 

remains 

hypothesis-

generating 

Background

-

incompatibl

e 

comparison 

Any source 

with 

observed 

event count 

Exposure may 

be adequate 

Window 

may be 

plausibl

e 

Expected 

incidence 

comes from 

mismatched 

population, 

database, 

calendar 

period, or case 

definition 

Transportabil

ity error in 

expected risk 

Reconstruct 

expected 

incidence in a 

compatible 

population and 

observation 

system 

Excess 

cannot be 

interpreted 

until 

expected 

risk is 

recalibrated 

Recurrent 

or 

intermittent 

exposure 

Prescription

, 

administrati

on, or case-

level 

chronology 

Denominator 

changes across 

exposed and 

unexposed 

intervals 

Multiple 

recurren

t 

window

s 

Background 

event hazard 

may itself 

vary over time 

Time-

varying 

confounding 

and carry-

over 

Model 

transitions 

between 

exposure 

states and test 

carry-over 

assumptions 

Episode-

specific 

association 

if temporal 

assumptions 

remain 

defensible 

Delayed or 

persistent 

outcome 

Longitudina

l follow-up 

plus 

clinically 

characterize

d cases 

Requires 

observation 

after exposure 

cessation 

Window 

may 

extend 

beyond 

active 

treatmen

t 

Baseline 

incidence 

must remain 

comparable 

across 

extended 

follow-up 

Informative 

censoring or 

arbitrary 

truncation of 

latency 

Examine 

delayed onset, 

persistence, 

censoring, and 

alternative 

causal 

explanations 

Delayed 

association 

remains 

plausible 

but 

unproven 

The same adjudication can be represented visually as a lattice rather than a pipeline because exposure credibility, 

expected incidence, and temporal plausibility may agree or conflict independently. Figure 1 makes the central 

interpretation boundary explicit. 
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Figure 1. The risk-time compatibility boundary separating report accumulation from interpretable excess risk 

Time-varying exposure 

Drug exposure can change after cohort entry through discontinuation, switching, dose modification, intermittent 

use, re-initiation, or loss of adherence. When analysis treats such exposure as fixed, the resulting person-time may 

no longer represent the treatment state that was clinically relevant when the event occurred. 

Time-related biases in pharmacoepidemiology illustrate how strongly interpretation depends on alignment among 

eligibility, treatment, latency, and outcome ascertainment [23]. Different temporal errors can operate in different 

directions; they should therefore be diagnosed rather than invoked generically as a reason to distrust observational 

evidence. 

Treatment switching creates an additional problem because post-baseline decisions may depend on prognosis, 

toxicity, effectiveness, or evolving disease. Analyses of switching and censoring show that estimates can differ 

according to how changing treatment status and post-treatment selection are handled [24]. No single longitudinal 

model is automatically correct. The analysis must correspond to the estimand, treatment trajectory, available 

covariates, and plausible causal structure. 

This has a direct implication for safety signals. A denominator defined at treatment initiation may be appropriate 

for one question but misleading for another if substantial person-time accumulates after discontinuation or 

switching. Conversely, restricting follow-up too aggressively may miss delayed toxicity. Exposure should 

therefore be treated as a state that can transition over time whenever the pharmacology, clinical use pattern, or 

event latency makes those transitions consequential. 

Table 2 translates these dynamic exposure states into proposed escalation decisions without implying that any 

state itself establishes causality or dictates regulatory action. 

Table 2. Translating dynamic treatment states into interpretable safety-escalation questions 

Time-

varying 

exposure 

case 

Signal 

source 

Clinical 

seriousness 

Preventabilit

y or 

reversibility 

Cross-source 

concordance 

Proposed 

escalation 

logic 

Validation 

need 

Permitted 

interpretiv

e endpoint 

Serious event 

concentrated 

during clearly 

exposed 

person-time 

RWD with 

credible 

treatment 

dates, 

potentially 

supported by 

case reports 

High clinical 

consequence 

Depends on 

whether 

exposure can 

be stopped or 

modified 

Concordance 

strengthens 

prioritization 

but is not 

required for 

interpretation 

Prioritize 

focused 

causal 

evaluation 

if 

background 

risk and 

Replicate 

with design 

addressing 

indication 

and time-

varying 

confoundin

g 

Temporally 

concentrate

d 

association 

warranting 

intensified 

evaluation 
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timing are 

compatible 

Event occurs 

after 

discontinuatio

n 

Longitudinal 

data with 

reliable stop 

date 

Depends on 

phenotype 

Reversibility 

may be 

limited for 

delayed 

outcomes 

Case 

chronology 

can clarify 

persistence 

after 

withdrawal 

Escalate 

only if 

delayed 

effect 

remains 

biologically 

plausible 

Test 

latency, 

carry-over, 

informative 

censoring, 

and 

alternative 

causes 

Possible 

delayed 

association 

Switching 

precedes the 

event 

Claims, 

EHR, or 

treatment 

registry 

Event-

specific 

Potentially 

preventable if 

switching 

reflects 

emerging 

toxicity 

Source 

agreement 

may be 

difficult 

because 

exposure 

attribution 

changes 

Reconstruct 

treatment 

sequence 

before 

attributing 

the event to 

one product 

Model 

switching 

and post-

treatment 

selection 

explicitly 

Attribution 

remains 

treatment-

state 

dependent 

Repeated 

treatment 

episodes 

accompany 

repeated 

event timing 

Administrati

on records 

plus case 

chronology 

Event-

specific 

Potentially 

reversible 

between 

episodes 

Recurrent 

timing may 

add 

coherence 

Prioritize 

individual 

chronology 

and within-

person 

evaluation 

where 

assumption

s fit 

Assess 

time-

varying 

confoundin

g and 

carry-over 

between 

episodes 

Recurrent 

temporal 

association 

without 

automatic 

causal 

confirmatio

n 

Long-latency 

serious event 

Longitudinal 

follow-up 

Potentially 

high 

Often 

incompletely 

reversible 

Spontaneous 

reports may 

under-specify 

latency 

Preserve 

extended 

follow-up 

rather than 

forcing an 

acute 

window 

Validate 

exposure 

persistence, 

delayed 

biology, 

outcome 

definition, 

and 

comparator 

Delayed 

signal 

requiring 

disease- and 

treatment-

specific 

evaluation 

Exposure 

history 

remains 

unstable or 

incompletely 

observed 

SRS or 

fragmented 

RWD 

Any 

seriousness 

Usually 

indeterminate 

Apparent 

concordance 

may reflect 

shared 

ascertainment 

error 

Improve 

exposure 

reconstructi

on before 

increasing 

causal 

interpretatio

n 

Link data 

sources, 

test 

alternative 

exposure 

definitions, 

assess 

missingnes

s 

Signal 

remains 

insufficientl

y exposure-

resolved 

Confounding and indication 

Safety associations are especially vulnerable when the clinical reason for prescribing a drug is itself associated 

with the event of interest. Confounding by indication can therefore create an apparent drug effect even when the 

treatment is not the cause, or conceal an effect when treated patients differ systematically from untreated patients. 

Active-comparator designs can improve clinical comparability by placing treated patients against patients with a 

similar therapeutic indication, but residual confounding can remain [25]. 

The active-comparator new-user design is consequently valuable but not universal. Suitable comparators may be 

unavailable, treatment patterns may differ materially, or the scientific question may concern a setting in which 

prevalent use, discontinuation, or alternative clinical strategies are more informative. Several comparator 

architectures can therefore be considered, each with context-dependent trade-offs [26]. 

For signal interpretation, this means that the background rate cannot be separated completely from the treatment-

selection process. A population receiving a medicine may have a different underlying hazard of the event because 

of disease severity, comorbidity, prior treatment failure, surveillance intensity, or contraindication patterns. A 

numerical excess over an inadequately matched reference population can therefore remain confounded even when 

exposure and event timing are measured accurately. 
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The proposed triage logic developed later does not treat confounding as a final adjustment step. It treats competing 

explanations as part of the meaning of the signal itself. Exposure credibility, compatible expected incidence, and 

plausible timing can make an association more interpretable, but they do not remove indication-related differences 

or establish causality. Comparator choice and clinical context must remain visible when a signal is escalated from 

detection toward risk interpretation. 

Dechallenge, rechallenge, and temporal coherence 

Case chronology can change the interpretation of a population-level signal because it addresses a different 

question: whether exposure, event onset, withdrawal, recovery, and re-exposure form a sequence compatible with 

a drug-related effect. Reviews of communicated pharmacovigilance signals show that temporal information, 

including dechallenge and rechallenge, is frequently considered during signal assessment [2]. In the French 

pharmacovigilance database, individual causality-assessment information also identified some safety information 

that automated disproportionality approaches did not recover [10]. These observations support complementarity, 

not a hierarchy in which case chronology overrides population evidence. 

Dechallenge is most informative when an event is expected to improve after exposure ceases and competing 

treatments, disease progression, and supportive interventions do not offer equally plausible explanations. 

Rechallenge can be more persuasive when a comparable event recurs after re-exposure, but it may be ethically 

unavailable, clinically undesirable, incompletely documented, or difficult to interpret when background 

recurrence is common. Published strategies for increasing the validity of disproportionality signals therefore use 

case assessment alongside complementary data and contextual evidence rather than treating one feature as 

decisive [8]. Positive rechallenge should consequently be treated as an evidentiary contribution whose weight 

depends on phenotype, timing, alternative causes, and exposure certainty [10]. 

Negative or absent dechallenge is less symmetric. Failure to recover after withdrawal may reflect irreversible 

injury, prolonged biological persistence, delayed pathophysiology, or an outcome whose course is poorly coupled 

to drug elimination. Conversely, improvement after withdrawal may coincide with treatment of the event or 

spontaneous resolution. Missing rechallenge usually means that an informative observation does not exist, not 

that evidence against causality has been generated [2]. Temporal coherence should therefore be interpreted as a 

pattern rather than a binary causality test [8]. 

The proposed temporal-state interpretation below preserves what is learned at each stage of the exposure–event 

sequence while preventing case chronology from becoming detached from denominator quality, risk-window 

plausibility, and competing explanations. 

Table 3. Temporal states governing how dechallenge and rechallenge can modify safety-signal meaning 

Proposed 

temporal 

state 

Entry 

condition 

Signal 

source and 

exposure 

denominato

r 

Risk-

window 

relation 

State-

specific 

evidence 

and event 

context 

Transiti

on or 

persiste

nce 

Time-

dependent 

validation 

need 

Proposed 

framework 

endpoint 

Interpretable 

onset during 

exposure 

Exposure 

timing and 

event onset 

are credible 

Case 

chronology 

with 

treatment 

records 

where 

available 

Onset 

occurs 

within a 

defensible 

latency 

interval 

Phenotype is 

characterized 

and 

immediate 

alternatives 

are assessed 

Event 

persists, 

resolves, 

or 

evolves 

after 

exposur

e change 

Confirm 

exposure 

timing, 

competing 

causes, and 

expected 

natural history 

Temporally 

coherent 

evidence that 

can strengthen 

further 

evaluation 

Improvemen

t after 

withdrawal 

Treatment 

stops before 

outcome 

resolution 

Individual 

case plus 

observable 

treatment 

history 

Recovery 

timing is 

compatible 

with 

plausible 

effect 

decay 

Improvement 

is not clearly 

explained by 

another 

intervention 

or 

spontaneous 

course 

Resoluti

on 

follows 

withdra

wal 

Assess 

reversibility, 

concomitant 

treatment, and 

recovery 

kinetics 

Supportive 

dechallenge 

evidence 

without causal 

confirmation 

Persistence 

after 

withdrawal 

Event 

continues 

Longitudinal 

case or 

Persistence 

remains 

compatible 

Outcome 

biology 

permits 

Sympto

ms or 

Distinguish 

persistent drug 

effect from 

Dechallenge 

remains 

indeterminate 
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after 

cessation 

healthcare 

data 

with 

delayed or 

irreversible 

effect 

continued 

injury or 

slow 

recovery 

findings 

continue 

disease 

progression and 

unrelated 

persistence 

rather than 

automatically 

negative 

Recurrence 

after re-

exposure 

Re-exposure 

follows 

improvemen

t or a prior 

event 

Case 

chronology 

with credible 

renewed 

exposure 

Recurrence 

occurs 

within a 

comparable 

plausible 

interval 

Phenotype 

resembles the 

earlier event 

and 

background 

recurrence is 

considered 

Event 

reappear

s after 

renewed 

exposur

e 

Verify 

exposure, event 

similarity, 

alternative 

triggers, and 

recurrence 

propensity 

Stronger 

temporal 

coherence 

requiring 

population 

contextualizati

on 

No re-

exposure 

Treatment is 

not restarted 

Case report 

or clinical 

record 

Rechalleng

e window 

does not 

exist 

Clinical 

decision may 

reflect 

seriousness, 

uncertainty, 

or 

alternatives 

No 

subsequ

ent 

exposur

e state 

Do not infer 

evidence for or 

against 

causality from 

missing 

rechallenge 

Unresolved 

temporal 

evidence 

Discordant 

chronology 

Event 

precedes 

exposure or 

occurs 

outside a 

defensible 

temporal 

model 

Source with 

sufficiently 

reliable dates 

Timing 

conflicts 

with the 

suspected 

drug–event 

relation 

Alternative 

explanations 

become 

comparativel

y stronger 

Sequenc

e 

remains 

inconsis

tent 

Reassess event 

definition, 

exposure dates, 

competing 

causes, and 

temporal 

assumptions 

Interpretation 

weakened 

unless another 

defensible 

temporal 

model exists 

The relationship between case chronology and population-level evidence is nonlinear: a convincing sequence can 

strengthen a plausible signal, whereas incompatible timing can weaken it, yet neither should erase denominator 

or background-risk deficiencies. Figure 2 therefore places temporal coherence inside a causal-bias diagnostic 

map rather than at the end of a one-way causality pathway. 

 
Figure 2. Temporal coherence gates that prevent case chronology from bypassing population-level bias 

Caption. Case chronology, population-level occurrence, and causal-design information remain analytically 

separate. Dechallenge and rechallenge enter a temporal-coherence field that is cross-checked against exposure 

certainty, biologically credible timing, background-event compatibility, treatment switching, and competing 
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clinical explanations. Solid connectors denote evidence-supported dependencies; dashed connectors denote the 

article's proposed conditional integration; dotted connectors denote unresolved or definition-sensitive 

relationships. Validation gates prevent case-level coherence from becoming causal proof and prevent population-

level excess from bypassing temporal and bias assessment. 

Alt text. Wide left-to-right causal-bias diagnostic map with three horizontal lanes. The upper lane contains case 

chronology, including onset, withdrawal, recovery, persistence, and re-exposure. The middle lane contains 

exposure denominator, background-event compatibility, and risk-window information. The lower lane contains 

confounding by indication, comparator choice, treatment switching, and time-related bias. Cross-links converge 

on central validation gates for temporal coherence, competing explanations, and cross-source compatibility. 

Beyond the gates are proposed strengthened, weakened, and unresolved signal states, explicitly separated from 

causal confirmation. 

A time-exposure–background-risk triage framework 

The evidence reviewed here supports a distinction between detecting unusual reporting and interpreting clinically 

meaningful excess risk. Published signal-validity strategies, observed-to-expected applications, and 

methodological experience with risk periods show that contextual information changes what a signal can support 

[8, 14, 21]. The proposed Time-Exposure–Background-Risk Triage Framework organizes that contextualization 

without numerical weights. 

Its first question is whether exposure is resolved sufficiently to define meaningful person-time. The second asks 

whether expected event occurrence is compatible with the exposed population, phenotype, data source, and 

calendar period. The third asks whether events occupy a biologically defensible risk period rather than an arbitrary 

analytical interval. These are not sequential hurdles. Weakness in one dimension changes how evidence in the 

others can be interpreted. 

The next layer asks whether treatment and causal structure remain stable during follow-up. Time-related bias, 

switching or censoring, and confounding by indication can each alter an apparent drug–event association even 

when exposure dates and outcomes are captured [23–25]. Dynamic treatment state and competing explanations 

are therefore interpretation channels rather than adjustments added after a signal has already been judged credible. 

Case chronology then modifies, rather than determines, interpretation. Coherent dechallenge or rechallenge may 

strengthen concern when denominator, background-risk, and timing assumptions are already defensible. 

Discordant or uninterpretable chronology may weaken or leave the signal unresolved. Proposed outputs are 

consequently qualitative states such as sufficiently contextualized for focused causal evaluation, materially 

weakened by competing evidence, or unresolved because essential inputs remain incompatible. They are not 

probabilities of causation, regulatory grades, or predictions of future harm. 

Regulatory implications 

Regulatory usefulness depends on more than statistical prominence. Routinely collected healthcare data can add 

evidence, but analytical method, reporting transparency, provenance, and completeness must remain visible in 

interpretation [3, 9, 13]. A signal that cannot specify exposure, event definition, comparator structure, and analytic 

time should not acquire certainty merely because similar associations appear in several data sources. 

Observed-to-expected methods can provide rapid contextualization, but historical comparisons can retain 

systematic error [16]. Experience from mass vaccination similarly shows that expected rates and risk periods are 

assumption dependent [21]. Regulatory interpretation should therefore distinguish numerical elevation from an 

excess whose denominator, background reference, and temporal architecture are sufficiently compatible to justify 

focused causal investigation. 

Confounding requires the same discipline. Active comparators can reduce confounding by indication in suitable 

settings [25], while alternative comparator designs may be preferable when clinical use patterns make an active-

comparator new-user design unsuitable [26]. The proposed framework does not prescribe one design. Its potential 

value lies in making the reasons for escalation, downgrading, or continued uncertainty explicit. 

An unresolved state is therefore legitimate. Some signals may remain important enough to monitor despite 

incompatible background data, uncertain exposure, or incomplete chronology; others may justify targeted 

observational studies, improved case collection, or cross-source replication. Future evaluation of the proposed 

framework should test whether it improves transparency and consistency of reasoning rather than assuming that 

more affirmative safety conclusions indicate better performance. 
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CONCLUSION  

Drug safety signals become interpretable only when the quantities beneath them remain distinct. Reporting 

disproportionality identifies unusual reporting, exposure denominators define who and when was actually at risk, 

background rates define what would otherwise be expected, and biologically credible timing determines whether 

observed person-time is relevant to the suspected effect. Dynamic treatment, confounding, and case chronology 

can then strengthen, weaken, or leave that interpretation unresolved. 

The proposed Time-Exposure–Background-Risk Triage Framework is a qualitative discipline for reconciling 

these dimensions, not a validated causality algorithm. Its premise is deliberately bounded: stronger safety 

interpretation requires better alignment among the signal observed, the population actually exposed, the risk 

expected without the drug, and the time in which a drug-related event could plausibly occur. 
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