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ABSTRACT

Drug safety surveillance increasingly combines spontaneous reports, longitudinal healthcare data, distributed
data networks, and computational methods, yet the inferential structure connecting these resources remains
under-specified. A recurring problem is that treatment is not allocated independently of prognosis. Indication,
disease severity, prior treatment history, channeling toward newer or alternative therapies, switching, treatment-
confounder feedback, and informative discontinuation can each reshape the exposed population and the observed
risk set. Treating these mechanisms as a single generic category of “confounding” obscures when they arise and
which design or analytical response they require. This Current Opinion argues that safety surveillance should
explicitly represent treatment allocation and treatment-state evolution before interpreting an exposure—event
association. Baseline indication should be distinguished from severity within an indication; channeling should be
distinguished from ordinary incident treatment initiation; switching should be treated as both an estimand and
exposure-definition problem; and post-baseline confounders affected by earlier treatment should not be handled
as ordinary baseline covariates. We further argue that discontinuation and censoring require separate
consideration because the reasons patients leave treatment or observation can themselves carry prognostic
information. The article develops a proposed bias-diagnostic approach in which causal structure precedes
statistical adjustment, source triangulation does not substitute for identification, and computational assistance
remains bounded by clinical and epidemiological interpretation. The objective is not to produce a universal
correction algorithm, but to make the assumptions connecting treatment selection, treatment history, exposure
state, event occurrence, observation, and regulatory interpretation explicit.

Keywords: Pharmacovigilance, Pharmacoepidemiology, Confounding by indication, Channeling bias,
Treatment switching, Causal inference

Received: 28 July 2026; Revised: 30 September 2026; Accepted: 03 October 2026
INTRODUCTION

Post-marketing drug safety surveillance now operates across evidence systems that differ fundamentally in what
they observe. Spontaneous reports can identify unusual or clinically salient drug—event combinations without
requiring a prespecified cohort, whereas longitudinal healthcare databases can support explicit denominators,
treatment histories, temporal risk windows, and comparative epidemiological analyses. These sources are
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therefore complementary rather than interchangeable, and sequential analysis of routinely collected data can
extend surveillance beyond one-time retrospective studies [1, 2]. Their combination, however, does not eliminate
the need to specify how treatment exposure arose in the first place.

This distinction matters because a statistical association between a medicine and an adverse event can be
generated, attenuated, or reversed by structures operating before and after treatment initiation. Causal graphs have
become particularly useful for making such structures explicit in pharmacovigilance because they force
investigators to distinguish common causes, selection mechanisms, conditioning variables, mediators, and
reporting processes rather than treating every covariate as a generic adjustment candidate [3]. The graph is not
proof of the causal structure; it is a transparent statement of the structure being assumed.

Interpretive discipline is equally important. Meta-epidemiological evidence indicates that causal wording
originating from disproportionality analyses can become stronger as findings move through the citation literature
[4]. A numerical signal may therefore acquire an apparent mechanistic or causal status that its generating design
never established. This problem is not semantic only: language can influence which safety concerns are escalated,
how regulators and clinicians understand uncertainty, and whether alternative explanations remain visible.
Reporting initiatives such as READUS-PV improve transparency by requiring clearer specification of data,
design, analysis, and interpretation in disproportionality studies [5, 6]. Nevertheless, complete reporting and
causal identification answer different questions. A perfectly reported analysis can remain confounded or selected.
The central argument of this Current Opinion is therefore that drug safety surveillance should model treatment
allocation and subsequent treatment-state evolution explicitly. Indication bias, disease severity, channeling,
switching, time-varying confounding, and informative discontinuation should be treated as related but analytically
separable mechanisms whose consequences depend on the data source, exposure definition, clinical setting, event
phenotype, and time scale.

Why treatment allocation distorts safety evidence

Many drug-safety analyses begin conceptually at the moment an exposure is recorded. Clinically, however, the
causal history begins earlier. Treatment selection reflects diagnosis, prognosis, prior response, contraindications,
prescriber preference, healthcare access, patient behavior, and competing therapeutic options.
Pharmacoepidemiological bias taxonomies consequently distinguish mechanisms arising from the source
population, study design, exposure definition, follow-up, and measurement process [7]. If this upstream structure
is ignored, later statistical adjustment may be aimed at the wrong problem.

Time zero is particularly important. New-user, active-comparator new-user, and prevalent-new-user designs
create different populations because they encode different assumptions about prior treatment and the clinical
decision being compared [8]. An incident user who has never received therapy, a patient initiating a drug after
failure of another agent, and a long-term user switching within a therapeutic class do not enter the same causal
state merely because each has a new prescription on the index date.

Comparator choice is consequently part of causal design. Large-scale empirical methods can help identify
candidate comparators with similar observed treatment-use contexts [9], but statistical similarity alone does not
establish clinical exchangeability. A comparator must represent a plausible alternative at the same decision point.
Otherwise, differences in prognosis, healthcare contact, monitoring, contraindication burden, or treatment stage
may be built into the contrast before outcome follow-up starts.

Nor is every allocation difference confounding by indication. Healthy-user mechanisms illustrate why. Patients
who initiate preventive or chronic therapy can differ from nonusers in health behavior and prognosis, while later
adherence may introduce a second, longitudinal selection process [10]. These baseline and post-initiation
mechanisms require different responses. Drug safety surveillance therefore needs a more specific diagnostic
vocabulary than “adjusted for confounders.”

Confounding by indication

Confounding by indication arises when the clinical reason for treatment is itself associated with the outcome under
study. The indication may be a diagnosis, symptom pattern, prognostic profile, prior treatment failure, or other
clinical feature influencing prescribing. Active comparators can improve exchangeability when they represent
realistic alternatives for the same clinical indication, particularly when combined with new-user design [11]. They
do not, however, guarantee balance in the determinants of why one treatment was chosen over another.

Residual confounding therefore remains relevant even when the headline design appears strong. A systematic
review of observational active-comparator studies found heterogeneous use of sensitivity analyses for
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uncontrolled confounding [12]. Such analyses are valuable because they turn an implicit assumption—“remaining
confounding is probably small”—into an explicit robustness problem. Their output is still conditional on
assumptions about the prevalence and strength of unmeasured factors.

Quantitative bias analysis, high-dimensional disease-risk approaches, and machine-learning implementations of
prognostic or propensity models provide complementary ways to interrogate residual bias [13-15]. Their
performance is not invariant to the data-generating structure. Treatment prevalence, outcome frequency, proxy
quality, model specification, and the strength of unmeasured common causes all matter. More variables or a more
complex algorithm should therefore not be interpreted as automatic evidence of better causal control.

This point is illustrated by high-dimensional proxy analyses in multiple sclerosis, where estimates changed only
modestly across alternative adjustment strategies [16]. Such stability has at least two interpretations: confounding
not captured by conventional covariates may have been limited, or the available proxy variables may have been
insufficient to represent the clinically relevant latent differences. Safety surveillance should preserve that
ambiguity rather than treating estimate stability as proof that residual confounding has been removed.

Disease severity

Disease severity deserves explicit separation from the mere presence of an indication. Two patients can share the
same diagnosis yet occupy very different prognostic and therapeutic states. Severity may determine escalation to
a newer or more intensive therapy while independently increasing risks such as hospitalization, organ dysfunction,
infection, cardiovascular events, or mortality. Thus, an active comparator that successfully aligns diagnostic
indication may still compare patients at unequal points along a disease trajectory [11].

Administrative and claims-based data frequently approximate severity through prior diagnoses, utilization,
procedures, medication history, laboratory availability, or other prognostic proxies. High-dimensional disease-
risk methods can use these variables to improve prognostic balancing where the relevant information is captured
[14]. Yet proxy density should not be confused with severity validity. A large covariate set can still omit clinical
features that drove the prescribing decision.

The multiple-sclerosis proxy analysis reinforces this boundary: limited movement after high-dimensional
adjustment cannot reveal by itself whether severity was already well controlled or remained inadequately
represented [16]. We therefore propose severity residuality as a practical diagnostic state: after standard indication
alignment, investigators should ask whether clinically meaningful variation in prognosis remains capable of
influencing both treatment assignment and the safety event. This is a proposed interpretive distinction, not a
validated score or measurable threshold.

The need for such separation becomes clearer when competing explanations for an observed safety association
are compared side by side. The purpose of Table 1 is to distinguish what is observed from what must still be
inferred when disease severity is a plausible common cause.

Table 1. Distinguishing treatment-related safety signals from residual disease-severity structure

Observable Mechanistic test

Scientific configuration
support and consequence

. o What is L
surveillance case / Event context that can mimic a treatment effect / directl Discriminating
Background-risk structure examination / Permitted safety interpretation observeyd article-level test
. . . Lo . Patients
Manuscript-derived surveillance case: Same indication, different treatment share a

intensity
Event context that can mimic a treatment effect: The more intensive therapy is
used in patients with poorer prognosis
Background-risk structure requiring examination: Severity influences both
escalation and event susceptibility
Permitted safety interpretation: Association remains compatible with residual

diagnosis Determine whether
but receive  severity indicators
therapies  and treatment-stage
representing history are balanced
different or credibly proxied

. . . .. treatment
severity confounding until the treatment-stage explanation is addressed stages
. . . . Standard Examine whether
Manuscript-derived surveillance case: Apparently balanced conventional . .
. measured available proxies
covariates .
covariates represent the
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Event context that can mimic a treatment effect: Clinically decisive severity are similar variables actually
information may be absent from routine data after driving the
Background-risk structure requiring examination: Latent severity can survive  adjustment  prescribing decision
measured balance
Permitted safety interpretation: Covariate balance alone does not establish
severity exchangeability
Manuscript-derived surveillance case: High-dimensional adjustment produces Expanded
little estimate change proxy Test plausibility of
Event context that can mimic a treatment effect: Either residual confounding adjustment  proxy capture using
was small or available proxies failed to capture it does not clinical knowledge
Background-risk structure requiring examination: Competing explanations materially and sensitivity
produce the same apparent stability alter the analyses

Permitted safety interpretation: Estimate stability is diagnostically ambiguous

association

Manuscript-derived surveillance case: Event is also a complication of

. . Adverse
worsening disease L .
L . . outcome Align risk windows
Event context that can mimic a treatment effect: Worsening disease may .
. occurs more and severity
independently produce the same event . :
. D L often trajectory with
Background-risk structure requiring examination: Background event hazard o
s . among treatment initiation
changes with disease progression .
. . . . - . treated or escalation
Permitted safety interpretation: Temporal association is insufficient without patients
accounting for evolving disease state
Manuscript-derived surveillance case: Treatment choice follows prior failure or
intolerance Current Reconstruct prior
Event context that can mimic a treatment effect: Prior failure may identify a treatment treatment state
more difficult-to-treat population begins after  rather than treating
Background-risk structure requiring examination: Treatment history becomes an earlier the index
a marker of prognosis therapeutic  prescription as a de
Permitted safety interpretation: Interpretation should transition from simple course novo decision

severity confounding toward channeling and switching analysis

The interaction among clinical severity, recorded proxies, algorithmic assistance, and safety interpretation is not
adequately represented by a simple adjustment pipeline. Figure 1 therefore places disease severity at a decision
boundary between observable treatment-allocation data and the causal interpretation that surveillance systems are

asked to produce.
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Figure 1. Disease severity as the hidden decision boundary between treatment allocation and safety-signal
interpretation
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Channeling bias

Channeling bias adds treatment history and clinical selection to the indication problem. New therapies are often
adopted unevenly: they may be directed toward patients who failed existing treatment, experienced intolerance,
have particular contraindications, are managed by specialists, or differ in prognosis from patients retained on
established therapy. The prevalent-new-user literature demonstrates that implementation choices vary
substantially and that simply describing a study as PNU does not establish that prior-treatment structure was
handled adequately [17].

The core advantage of the PNU approach is that it can retain clinically relevant switchers while matching them to
users of the established comparator at a comparable point in treatment history. The original time-conditional
propensity-score formulation illustrated this problem in diabetes, where many initiators of a newer therapy had
already used the established comparator [18]. Excluding all such patients can narrow the study to atypical
initiators; including them without reconstructing prior treatment can introduce a different distortion. PNU design
is therefore best understood as one channeling-aware solution, not as a universal correction.

Comparator structure also matters in spontaneous-report data, although the mechanism is not identical to clinical
channeling. Analyses of FAERS have shown that restricting the comparator set can materially alter
disproportionality estimates and that no single comparator strategy performs optimally across all drug—event
structures [19]. In cohort studies, channeling concerns who receives which treatment; in spontaneous reporting,
comparator composition concerns which reports define the expected background. Both demonstrate why a safety
estimate is inseparable from the population against which it is constructed.

Treatment switching

Treatment switching is often handled as a nuisance that occurs after cohort entry, but this framing is inadequate
when switching reflects treatment failure, adverse effects, disease progression, access changes, or clinician
reassessment. Empirical work examining switchers in pharmacoepidemiological analyses has shown that
alternative handling strategies can change the estimated treatment contrast [20]. The prior treatment state is
therefore part of the exposure history, not merely a historical covariate.

A broader scoping review similarly demonstrates that statistical methods used to address switching correspond to
different estimands and assumptions [21]. Intention-to-treat-like strategies, censoring approaches, time-varying
exposure models, weighting strategies, and other adjustments need not answer the same causal question. Choosing
an adjustment because it is familiar, without first specifying whether the target concerns treatment initiation,
sustained treatment, actual treatment history, or another strategy, risks producing a precise answer to an
unintended question.

Switching is simultaneously an exposure-measurement problem. Routinely collected prescribing and dispensing
data provide records from which exposure episodes are inferred; they do not directly measure ingestion or
biological exposure [22]. Overlapping supplies, stockpiling, delayed initiation, gaps, concomitant therapies, and
uncertain discontinuation can all affect when a patient should be considered exposed. A recorded switch can
therefore represent a clinical decision accurately while still leaving uncertainty about the pharmacologically
relevant transition.

Even apparently modest algorithmic choices deserve scrutiny. Simulation work in self-controlled drug—drug
interaction analyses showed that grace periods intended to accommodate uncertainty can under some
circumstances increase exposure misclassification rather than reduce it [23]. The precise direction depends on
which exposure is misclassified and on the temporal structure of the analysis. The broader lesson is that risk
windows should be pharmacologically and clinically motivated, then stress-tested rather than inherited
mechanically.

Finally, censoring at switching can create posttreatment selection. Real-world and simulation analyses comparing
alternative handling strategies show that estimates can diverge when switching or censoring is related to prognosis
[24]. A patient who switches because of worsening disease, emerging toxicity, or inadequate response carries
information about both prior treatment experience and future outcome risk. Removing that patient from
observation does not erase the information; it changes the composition of the risk set.

Time-varying confounding

Longitudinal drug safety surveillance becomes more difficult when a variable both predicts subsequent treatment
and has itself been affected by earlier treatment. In that setting, conventional adjustment can block part of the
treatment pathway while simultaneously attempting to control confounding. Marginal structural modelling has
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been applied to this treatment-confounder feedback structure in longitudinal multiple-sclerosis data, illustrating
why baseline-only causal reasoning is insufficient when treatment and prognosis co-evolve [25].

Related work comparing marginal structural approaches with G-estimation demonstrates the same principle from
another angle: when a time-varying factor influences subsequent exposure yet is altered by prior exposure,
standard time-dependent regression does not automatically estimate the desired causal contrast [26]. G-methods
can address such structures under explicit assumptions concerning exchangeability, positivity, measurement, and
model specification. They should therefore be selected because the causal structure requires them, not because
longitudinal data are intrinsically more sophisticated when analysed with weighting.

Time-varying causal models also inherit the quality of the exposure information supplied to them. Claims- or
EHR-derived treatment states remain inferred constructs [22]. Sophisticated weighting cannot recover a clinically
meaningful exposure history if treatment episodes, overlap, switching, or discontinuation are systematically
misclassified. ldentification and measurement are related but noninterchangeable problems.

Nor should every postbaseline distortion be renamed time-varying confounding. Switching and censoring may
change who remains under observation even when they are not acting as conventional confounders [24]. The
analytical task is therefore to determine which time-varying variables are common causes of later treatment and
outcome, which lie on prior treatment pathways, which define the treatment strategy itself, and which govern
selection into continued observation.

These distinctions are difficult to compare in prose because the same observed event—such as dose escalation,
switching, treatment interruption, or worsening disease—can occupy different causal roles depending on its
temporal position. Table 2 therefore separates the classification basis from clinical seriousness, reversibility, and
the unresolved inferential question.

Table 2. Classifying evolving treatment states before selecting a longitudinal safety analysis

Evidence

State and entry conditions through time

Classification basis in the causal Preventability or reversibility dimension / What standard

history / Clinical seriousness adjustment risks doing / Unresolved drug-safety question Engssr:Z;?:em
relevant to surveillance that must be answered first
C_laSSIf.Ica_tIOI’I bas's. in the causa}l Preventability or reversibility dimension: May be partly .
history: Time-varying prognostic ible clinically with lving inf ial bi Disease
factor influencing subsequent reversible clinically without resolving inferential bias worsening
What standard adjustment risks doing: Treating
treatment - - - - precedes
. - postbaseline severity as an ordinary covariate can block
Clinical seriousness relevant to treatment

pathways affected by earlier treatment
Unresolved drug-safety question that must be answered
first: Is the factor a treatment-affected confounder requiring a
longitudinal causal method?

escalation and
also predicts the
adverse event

surveillance: Potentially high
because event risk may reflect
disease progression rather than
toxicity

Classification basis in the causal Preventability or reversibility dimension: Biological state

history: Treatment-confounder may change after treatment modification Prior treatment
y: feedback What standard adjustment risks doing: Conventional changes a
Clinical seriousness relevant to regression may adjust away part of prior treatment action while biomarker or
- . incompletely controlling later selection clinical state that
surveillance: Depends on whether - -
the evolving state is itself Unresolved drug-safety question that must be answered later influences
g first: Which treatment strategy and longitudinal estimand are switching

clinically consequential being targeted?

Classification basis in the causal Preventability or reversibility dimension: Exposure

history: Exposure-state misclassification may be reducible through alternative episode Prescription
measa/femgnt roblem definitions records show a
- . P What standard adjustment risks doing: A sophisticated switch but actual
Clinical seriousness relevant to . . - .
- AP causal model can still be fitted to the wrong exposure history ~ pharmacological
surveillance: Seriousness depends - oS
on the suspected event and Un!'esolved drgg-sa_fety question that must be a_ns_V\_/ered transition is
first: What risk window and treatment-state definition uncertain

overlap of therapies correspond to plausible biological exposure?

Classification basis in the causal Preventability or reversibility dimension: Analytically S
. . . . - - - Patient is
history: Posttreatment selection reversible only if selection mechanism can be represented censored
process credibly immediately after
Clinical seriousness relevant to What standard adjustment risks doing: Censoring can switchixg

surveillance: Potentially serious if ~ preferentially remove patients with different future event risk
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switching follows toxicity or Unresolved drug-safety question that must be answered
deterioration first: Does censoring create informative loss from the risk set
rather than control switching?

ClaSS_IflcatI.OI’l_baSIS in the causal Preventability or reversibility dimension: Often not _Treatme_nt
history: Time-dependent interruption

feedback between event evolution reversible through simple reclassification follows an
and treatment behavior What standard adjustment risks doing: Adjustment can emerain
e . condition on an early consequence of the event process ging
Clinical seriousness relevant to I P ion th symptom that
surveillance: High when unreso ved drug-safety question that must be answered may be an early
) - first: Is treatment change a cause, consequence, or marker of . .
prodromal symptoms trigger manifestation of

i ?
treatment change the developing event: the outcome

Preventability or reversibility dimension: Measurement Longitudinal
Classification basis in the causal improvement may be possible; causal assumptions remain model is
history: Joint identification-and- ~ What standard adjustment risks doing: Model complexity correctly
measurement limitation can create false reassurance about bias control specified but
Clinical seriousness relevant to Unresolved drug-safety question that must be answered severity or
surveillance: Context dependent first: Are the data sufficiently informative for the assumed treatment state is
causal structure to be credible? poorly measured

Informative discontinuation

Treatment discontinuation is informative when the probability of remaining on therapy or under observation is
related to prognosis. The distinction is important because discontinuation may represent toxicity, inadequate
effectiveness, disease progression, treatment burden, access barriers, or a clinical decision unrelated to the safety
event of interest. In anticoagulation research, predictors of censoring have been shown to differ across treatment
groups, with corresponding consequences for inverse-probability-of-censoring models [27]. A common censoring
model is therefore not automatically appropriate merely because treatment groups share the same outcome
definition.

Analytical censoring should also be distinguished from clinical discontinuation. The former is an investigator-
defined rule governing follow-up; the latter is an observed or inferred treatment-state transition. If a patient stops
therapy because of an emerging symptom, censoring at discontinuation may selectively remove precisely the
person-time most informative about the developing event. Conversely, retaining exposure indefinitely after true
cessation can misclassify the relevant pharmacological risk period. The correct response depends on why
treatment stopped, whether exposure persists biologically, and which treatment strategy the analysis is intended
to represent.

Self-controlled designs provide a useful complementary perspective because stable characteristics that differ
between patients are controlled by construction. Their strength does not extend to every longitudinal bias. Time-
varying disease activity, treatment changes, event-dependent exposure, and altered observation can still threaten
interpretation [28]. They therefore provide an alternative design under suitable exposure—outcome structures
rather than a universal solution to confounding by indication or discontinuation.

We propose that safety surveillance explicitly distinguish three post-initiation states: treatment cessation as a
clinical event, change in biologically relevant exposure, and loss or restriction of analytical observation. These
states may coincide, but they need not. Treating them as synonymous can obscure whether a changing estimate
reflects pharmacology, clinical selection, exposure misclassification, or modification of the observed risk set.
The practical value of this distinction is adjudicative rather than taxonomic. Table 3 organizes recurrent
discontinuation claims around what would need to be observed before a stronger safety interpretation is justified.

Table 3. Adjudicating safety interpretations when discontinuation changes exposure or observation

Evidence configuration Adjudication requirement
Discontinuation case / Cross-source Exposure denominator Minimum validation need /
Preventability or concordance / Signal P - Drug-safety synthesis
- problem / Escalation rule
reversibility source consequence
. . . . Cross-source . Minimum validation need:
Discontinuation case: Exposure denominator

Event-onset and treatment-
stop chronology

concordance required:

Therapy stops after a Confirm whether

symptom that may
represent an early adverse
event

problem: Post-

o discontinuation person-time .
longitudinal records and may be incorrectly excluded Drug-safety synthesis

spontaneous reports or attributed consequence: F_’roposed
show compatible timing interpretation:
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Preventability or
reversibility: Clinical
action may prevent further
exposure, but the original
event process may already
be underway

Signal source:
Longitudinal data with
possible spontaneous-

report support

Escalation rule: Escalate
only if temporal
reconstruction supports
symptom onset before or
around cessation

discontinuation may be part
of the event pathway rather
than independent censoring

Discontinuation case:
Therapy stops because
disease control deteriorates
Preventability or
reversibility: Potentially
reversible through
alternative treatment, but
underlying prognosis
remains changed

Cross-source
concordance required:
Compare disease-activity

trajectory across
treatment alternatives

Signal source:
Longitudinal healthcare

data

Exposure denominator
problem: Remaining treated
population becomes
progressively selected for
better response
Escalation rule: Do not
interpret lower post-
discontinuation event rates as
treatment protection without
selection assessment

Minimum validation need:
Time-varying disease-
severity reconstruction
Drug-safety synthesis

consequence: Worsening
disease can generate
informative discontinuation
without implying treatment
toxicity

Discontinuation case:
Switch occurs after
suspected toxicity
Preventability or
reversibility: Exposure may
be reversible; biological
risk can persist after the
recorded switch

Cross-source
concordance required:
Seek agreement among
prescribing history, event

timing, and clinically
relevant follow-up
Signal source: Clinical
RWD plus
pharmacovigilance
where available

Exposure denominator
problem: New and previous
therapies may overlap
biologically
Escalation rule: Escalate
when event timing remains
plausible under realistic
washout and overlap
assumptions

Minimum validation need:
Pharmacologically credible
risk-window analysis
Drug-safety synthesis
consequence: Switching
should not automatically
terminate attribution to the
previous treatment

Discontinuation case:
Administrative follow-up
ends near treatment
cessation
Preventability or
reversibility: Not a clinical
state and not inherently
reversible analytically once
data are absent

Cross-source
concordance required:
Cross-source evidence
may be needed to
distinguish care
migration from true
cessation
Signal source:
Claims/EHR

Exposure denominator
problem: Denominator may
shrink for reasons unrelated to
treatment biology
Escalation rule: Treat as a
selection problem until the
loss mechanism is
characterized

Minimum validation need:
Sensitivity analysis for
censoring assumptions
Drug-safety synthesis

consequence: Absence of
recorded events after loss to
follow-up is not evidence of
safety

Discontinuation case:
Treatment persists in
records despite probable
nonuse
Preventability or
reversibility: Measurement
may be improved through
episode reconstruction but
true adherence can remain
unknown

Cross-source
concordance required:
Pharmacy, prescribing,

and clinical-contact

patterns should be
checked where available
Signal source: Routinely
collected medication data

Exposure denominator
problem: Nominal exposed
person-time may exceed
biologically exposed time
Escalation rule: Avoid
stronger causal interpretation
when exposure-state
uncertainty dominates

Minimum validation need:
Alternative exposure
definitions and risk windows
Drug-safety synthesis
consequence: Exposure
measurement and
discontinuation uncertainty
remain separate from causal
adjustment

Discontinuation case:
Different treatment groups
discontinue for different
prognostic reasons
Preventability or
reversibility: Some
mechanisms may be
clinically modifiable, but
analytic consequences
remain

Cross-source
concordance required:
Treatment-specific
longitudinal patterns are
required
Signal source:
Comparative RWD

Exposure denominator
problem: Risk sets cease to
represent comparable
prognostic populations
Escalation rule: Consider
treatment-specific censoring
models when clinically and
statistically justified

Minimum validation need:
Positivity and censoring-
model diagnostics
Drug-safety synthesis
consequence: Proposed
interpretation:
discontinuation mechanism
should be part of the bias
diagnosis before effect
estimation

These distinctions also require a visual representation in which discontinuation can redirect, rather than simply
terminate, the surveillance process. Figure 2 therefore treats discontinuation as a set of feedback pathways
connecting treatment state, observation, event evolution, and signal interpretation.
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Pharmacovigilance Surveillance Loop Centered on Informative Discontinuation
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Figure 2. When leaving treatment changes the risk set: feedback paths from discontinuation to safety
interpretation

Causal graphs for safety surveillance

Causal graphs are useful because they require the analyst to specify the temporal and causal roles of variables
before adjustment. In safety surveillance, treatment indication, severity, prior therapy, switching, evolving disease
state, adverse-event development, healthcare contact, discontinuation, and reporting can occupy different
positions in the graph. Pharmacovigilance-specific work demonstrates how conditioning choices can create or
amplify bias in disproportionality analyses [3]. The same discipline should extend to longitudinal safety analyses.
The proposed use is not a single universal graph. Each drug—event question requires a context-specific structure.
A variable representing disease activity might be a baseline confounder in one study, a treatment-affected time-
varying confounder in another, or an intermediate on the pathway to an outcome in a third. Similarly,
discontinuation can represent a treatment decision, an event consequence, a selection mechanism, or several of
these simultaneously.

Causal language should follow this identification logic. Systematic evaluation of observational health research
has shown substantial inconsistency in how causal and associational language is used [29]. The appropriate
response is not to prohibit causal questions in observational research, but to make the required assumptions visible.
We therefore propose that every major safety association be accompanied conceptually by an explicit statement
of treatment allocation, treatment history, time-varying confounding, selection, exposure measurement, and
reporting pathways that could generate the observed result.

Design and analytical countermeasures

No single analytical method resolves every bias described here. Distributed data networks can expand sample
size, population diversity, and the reproducibility of multi-database surveillance, yet common data models and
shared protocols do not make the underlying patient populations or prescribing processes causally identical [30].
Cross-database consistency should increase confidence only after differences in coding, treatment selection,
exposure ascertainment, event capture, and healthcare context have been examined.

Artificial intelligence and machine-learning methods can support phenotyping, covariate construction, comparator
discovery, prioritization, and workflow automation, but they inherit the causal limitations of the data and design
in which they are used [31]. Predictive discrimination does not establish exchangeability, resolve treatment-
confounder feedback, or distinguish a prodromal event from a cause of discontinuation. Human clinical and
epidemiological judgment therefore remains part of the analytical system rather than an optional validation layer.
Spontaneous-report disproportionality likewise requires structural interpretation. Recent methodological work
shows how confounding by indication or comedication, masking, notoriety, effect modification, misclassification,
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and collider structures can create or obscure disproportionality [32]. Stratification and comparator restriction can
sometimes help but can also introduce new distortions. Signal magnitude should therefore trigger investigation,
not substitute for it.

Interpretation itself is a countermeasure. Meta-epidemiological evidence documents substantial spin in published
disproportionality research [33]. A mature safety workflow should consequently audit not only the model but also
the inferential language applied to its output. “Detected,” “associated,” “compatible with,” “supports
investigation,” and “causal” are not interchangeable states.

A bias-diagnostic framework

We propose a bias-diagnostic framework that organizes the foregoing mechanisms by where in the treatment-and-
observation process they enter. The framework begins with baseline allocation: indication, disease severity,
comparator choice, and treatment history. It then asks whether channeling or prior therapy changes the clinical
meaning of treatment initiation. Next, it reconstructs switching and the biologically relevant exposure state.
Longitudinal assessment then distinguishes treatment-confounder feedback from other postbaseline processes.
Finally, discontinuation, censoring, event ascertainment, and reporting are examined before signal interpretation.
The framework is deliberately diagnostic rather than algorithmic. New-user design may address one allocation
problem but not another [8]. Sensitivity analysis may reveal fragility to unmeasured confounding without
correcting it [12]. Treatment-switching methods estimate different targets [21]. Self-controlled methods remove
stable between-person differences while retaining important temporal assumptions [28]. Distributed networks
increase evidential reach but do not create automatic transportability [30]. Al and machine learning can assist
these tasks but do not select the correct causal estimand independently [31].

For each observed drug—event association, the proposed framework asks five questions. First, what clinical
process generated the treated and comparator groups? Second, what prior treatment and disease-severity
information is needed to make their risk states comparable? Third, how did treatment and exposure evolve after
index time? Fourth, did switching, worsening disease, emerging events, or discontinuation alter subsequent
treatment or observation? Fifth, what evidence remains after these plausible alternative structures are considered?
These questions should be answered before assigning interpretive weight to a numerical signal.

The output is therefore not “causal” versus “noncausal.” It is a qualified inference state describing which
competing explanations have been addressed, which remain plausible, and which data would discriminate among
them. This restraint is particularly important in pharmacovigilance, where disproportionality signals can be
structurally biased [32] and where causal language itself can outrun identification assumptions [29].

Regulatory and safety-prioritization decisions also require more than association magnitude. Reviews of drug-
safety prioritization frameworks show that strength of evidence, public-health importance, seriousness, novelty,
and related considerations have been used to prioritize emerging issues, while validation of formal frameworks
remains limited [34]. The proposed bias-diagnostic framework should therefore inform expert and regulatory
judgment rather than replace it. It has not been prospectively validated, does not assign a numerical certainty
score, and should not be interpreted as a regulatory decision rule.

CONCLUSION

Drug safety surveillance cannot be made causally reliable simply by adding more data, more covariates, more
databases, or more sophisticated algorithms. The critical problem is whether the analysis represents the clinical
and temporal processes that generated treatment exposure and continued observation. Indication, disease severity,
channeling, prior treatment, switching, treatment-confounder feedback, discontinuation, censoring, and reporting
are related but distinct mechanisms.

The proposed bias-diagnostic framework makes those mechanisms explicit before stronger interpretation of a
safety association. Its purpose is to align causal structure with comparator choice, exposure definition, longitudinal
analysis, source triangulation, and interpretive language. It is a conceptual aid rather than a validated prediction
or regulatory system. Its value will depend on future empirical evaluation across therapies, outcomes, databases,
and surveillance settings in which the competing explanations for an observed drug-event association are
sufficiently measurable to be tested.
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