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Abstract

Introduction Disproportionality analysis, finding associations in the co-reporting of drugs and events, is widely used in phar-
macovigilance to detect potential safety signals of adverse drug reactions. However, inherent biases and unique data features
often cause disproportionality to diverge from causation, and a comprehensive framework to address these issues is lacking.
Objective We showcase how directed acyclic graphs (DAGs) can enhance disproportionality analysis-related inferences,
better qualifying its limitations and catalysing its inclusion in the broader evidence landscape.

Methods We introduce a DAG-based causal framework to systematically document and address biases in disproportional-
ity analyses (e.g., confounding, colliders, measurement and reporting biases). We illustrate its application to case studies
from the Food & Drug Administration (FDA) Adverse Event Reporting System—using the Information Component as a
disproportionality metric and restriction as conditioning.

Results Directed acyclic graphs facilitate the formalisation of existing knowledge and causal assumptions, optimise the
design of disproportionality analysis to mitigate biases—thereby enhancing sensitivity and specificity—improve transpar-
ency, better enable the formulation of critiques, highlight limitations of disproportionality and guide follow-up studies to
address residual confounding and broader evidence synthesis.

Conclusion Using DAGs to map and mitigate biases requires caution and does not allow to obtain definitive answers to causal
questions. Still, it results in more reliable and knowledge-based safety signals, reducing and mapping the gap between what
we find (association) and what we look for (causation). Additional research should further tailor DAGs to pharmacovigilance
challenges, map the generative mechanisms of pharmacovigilance data, and better integrate disproportionality analysis results
into evidence-synthesis workflows.
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Neglecting biases results in misleading or unqualified
disproportionality results.

A cautious use of directed acyclic graphs facilitates
evidence synthesis, increases the predictive value of dis-
proportionality analysis and highlights its limitations.

1 Background
1.1 Adverse Event Reports
Reports of suspected adverse drug reactions (ADRs) are

collected by pharmacovigilance systems to document real-
world settings and complement observational studies and
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randomised clinical trials (RCTs) [1], which frequently miss
events related to drug interactions, comorbidity and specific
populations [2, 3]. The data are standardised according to
the International Council for Harmonisation (ICH) guide-
line E2B, and can include administrative and identification
information, suspected ADRs, patient characteristics, con-
comitant drugs, indications, relevant medical history includ-
ing tests and procedures, and narrative case summaries [4].
The generative process of adverse event reports is complex
and difficult to track—even more than that of epidemiologi-
cal records. The spontaneous reporting of potential ADRs,
peculiar to pharmacovigilance, is affected by many poorly
understood factors. Therefore, the rates calculated on reports
are not representative of occurrence rates [5, 6] and quan-
tifying causal effects from these data alone is not possible,
but it requires careful integration into the epidemiological
and clinical evidence landscape.

1.2 Disproportionality Analysis and Signal
Management

Nevertheless, as millions of reports are collected annually,
the generation of hypotheses concerning ADRSs (signal
detection) makes increasing use of fast quantitative ana-
lytical techniques beyond traditional and slower qualitative
analyses (case-by-case and case series review [7-9]). Dis-
proportionality analysis (DPA), on which this work focuses,
detects signals of disproportionate reporting when the expo-
sure to a drug (D) is disproportionally associated with the
occurrence of an adverse event (E), as derived from reports,
compared to what would be expected by chance if they were
reported independently [1, 10]. In other words, the primary
goal of disproportionality analysis is to identify drug-event
combinations that are plausible ADRs. This relies on impor-
tant assumptions that must be carefully assessed and should
not have the pretence of quantifying the causal effect. The
emerging working hypotheses, when validated through
clinical and pharmacological reasoning, may justify further
resource allocation for comprehensive signal assessment,
encompassing all available evidence, and evaluation through
tailored trials and epidemiological studies.

1.3 The Importance of Avoiding Overstatements

Associations inferred from adverse event reports might be
biased by data generating mechanisms in common with epi-
demiology (e.g., confounding and measurement error), but
also by mechanisms specific to the field: different reporting
habits, duplicates, incomplete and unverified data [11], all
mean that statistical association alone does not imply causa-
tion. Despite this, exaggerating the meaning of associations
or neglecting measurement error and reporting (i.e., spin) is
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common in pharmacovigilance [12]. To avoid unwarranted
claims, more conservative practices confine DPA to find-
ing associations and refrain from discussing causality [13].
Aside from occasional—often poorly justified—sensitivity
analyses, biases are typically relegated to the “limitations”
sections, and causal implications are shallowly avoided by
adopting terms like “association”, “link”, “increased report-
ing”, “correlation”, and “pattern”.

1.4 The Harm Related to Understatements

Paradoxically, avoiding causal discussions might foster
a comfort zone where the impact of biases and the con-
ditions under which causality could be inferred remain
under-explored. Pharmacovigilance aims to minimise
medicine-related harms and should not be satisfied with
merely identifying associations. The ease of conducting
DPA generates thousands of otherwise unqualified signals,
which can be misinterpreted by researchers and the pub-
lic, especially if biases are only superficially acknowledged
and not properly discussed [14, 15]. Even regulators can be
easily overwhelmed by the amount of disproportionality-
generated signals, despite existing prioritisation strategies
[16, 17]. Nonetheless, reports and DPA can still provide
important—however preliminary—evidence of medicine-
related problems. Dismissing them and expecting—even in
principle—causality to be only inferred through RCTs or
pharmacoepidemiological studies [18] is problematic, since
timely warnings might have important implications.

Recent work by Scosyrev and colleagues algebraically
formalises the strong, and often unrealistic, assumptions
required for DPA metrics to equal a causal risk ratio, con-
cluding that most signals are likely non-causal [5]. Rather
than seeing this as a reason to abandon causal inquiry,
we take it as a call for more structured reasoning. If these
assumptions are consistently violated, it is imperative to
use tools that can: a) formally map why they are violated
(e.g., confounding, selection bias [6]), b) guide analyses that
attempt to mitigate these issues, and c) catalyse better efforts
to synthesise evidence from multiple sources to better iden-
tify the effects. As Bradford Hill emphasised: “All scientific
work is incomplete—whether it be observational or experi-
mental. All scientific work is liable to be upset or modi-
fied by advancing knowledge. That does not confer upon
us a freedom to ignore the knowledge we already have, or
to postpone the action that it appears to demand at a given
time” [19]. In such scenarios where both overstatements and
understatements can lead to problematic conclusions, it is
essential to use tools that qualify causal claims by explicitly
connecting them to underlying assumptions and data pat-
terns [20].
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1.5 Causal Inference: Qualifying Statements
on Underlying Assumptions

Directed acyclic graphs (DAGs) have emerged across disci-
plines like computer science, epidemiology, economics, and
psychology to provide a structured framework for addressing
causal questions [21-24]. In principle, their utility lies in
offering a true representation of causal relationships in the
world. However, as human knowledge of these relationships
is generally limited, DAGs are crucial to visually represent
the assumed relationships between variables based on the
researcher’s current knowledge or beliefs. Thus, DAGs make
assumptions explicit, identify potential biases, and coher-
ently guide analytical decisions. Even after a study has been
performed, DAGs can highlight relevant missing informa-
tion, catalyse further evidence synthesis to fill these gaps,
and enable easier communication and collective scientific
development.

Crucially, the use of DAGs in DPA cannot per se quantify
causal effects nor provide definitive answers to causal ques-
tions from adverse event reports alone. The DAGs do not
constitute a new statistical estimator requiring validation, but
rather an epistemological framework for structuring, devel-
oping and communicating the assumptions that underlie any
disproportionality analysis. DAGs are tools to enhance the
rigor of causal reasoning by bridging data and theory, allow-
ing a pragmatic approach to research that explicitly builds
on previous evidence, accounts for uncertainty, and can be
more easily criticised and further developed by successive
studies. In other words, the goal of such causal inference
framework is to make analytic reasoning transparent and
criticisable, moving the field towards a more rigorous and
cumulative scientific process of critical epistemic iteration,
in which models are iteratively proposed, criticised and built
upon [25].

1.6 Aim

In this paper, we propose integrating DAGs within DPAs to
tackle the challenges of providing qualified causal hypoth-
eses, anchored in clearly articulated assumptions and sources
of uncertainty. Qualitative studies already use causal infer-
ence techniques to address these challenges in individual
case assessment [7] and case-series, either by excluding
alternative causes or by following Bradford Hill’s view-
points [26, 27]. On the contrary, explicit implementation of
causal inference techniques in DPA is rare (e.g., to address
confounding by indication and concomitance [11]). Causal
inference techniques can help pharmacovigilance better fulfil
its goal by clarifying the conditions under which an identi-
fied disproportionality could support a potential causal rela-
tionship between a drug and an event. They highlight, the
information that is still missing, the potential sensitivity to

biases, the inability to correct for unmapped confounders,
the need for improved information capture, and the impor-
tant aspects that should be accounted for when planning the
integration of further evidence sources, including designing
evaluation studies [13, 14]. This approach prioritises the reli-
ability of identifying potential causation rather than estimat-
ing effect magnitude (or influence [28]), given the unique
features of reports. We here provide a tutorial demonstrating
the use and utility of DAGs, discussing their current benefits
and limitations for DPA, providing indications for deepen-
ing one’s understanding on how to use causal inference, and
suggesting future research directions.

2 Materials and Methods

To showcase the integration of causal inference with DPA,
we introduce DAGs as a formalised tool to address both sim-
ple and complex causal scenarios. To maintain a clear peda-
gogical flow, we first (Sect. 3.1) isolate the causal inquiry
from the effects of sampling variability and structural biases
(confounders, colliders, measurement errors, and reporting
biases), which are then gradually addressed in Sect. 3.2 and
exemplified in Sect. 3.3. The DAG examples provided are
thus initially simplistic representations of potential effects
for pedagogical purposes and should not be taken as gen-
eralisable DPAs. They increase in complexity throughout
the article, up to the complex example of Sect. 3.4. These
examples from the Food and Drug Administration Adverse
Event Reporting System (FAERS) crucially demonstrate
how biases can be tackled beyond mere acknowledgment.
Even though causal models may not fully reflect reality in
all its complexity (i.e., may not be completely accurate),
they can still capture important aspects of the clinical reality
and of the data generation process and therefore be useful to
address causal questions [29].

We used DAGs to explicitly represent expected biases and
identify the most suitable study design to address them (i.e.,
using D-separation criteria; see Sect. 3.2). We calculated
association as disproportionality using both a crude study
design (with the entire FAERS as background) and a more
nuanced design (selecting the background to reduce vari-
ability in variables that introduce distortion). We compared
the results using forest plots to illustrate how DAGs can help
predict and address biases in pharmacovigilance, given an
appropriate causal model.

As a disproportionality metric, we used the Information
Component (IC), often conceptualised as a Bayesian meas-
ure, with a prior centred on 0, which deals with chance asso-
ciations due to limited sampling by conservatively shrinking
associations towards the null, albeit at the cost of distorting
the effect size estimate [30] (see Supplementary Table S1).
A signal of disproportionate reporting is identified by the IC
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when the lower limit of its 95% credibility interval IC,s > 0
. Consistent with current pharmacovigilance practices, we
interpret disproportionality results as either significant or
non-significant regardless of effect size.

Analyses were performed using the DiAna R package
version 2.1.0: an open-access toolkit for DIsproportional-
ity ANAlysis and other pharmacovigilance investigations in
FAERS [31], considering data from January 2004 to March
2023. Directed acyclic graphs were drawn using functions
made available through the PVdagger R package version
1.0.0: visualisation of causal structures in pharmacovigi-
lance data using DAGs [31]. A step-by-step tutorial, includ-
ing the R code and its description, is provided in the supple-
mentary materials for full transparency and reproducibility.

3 DAGs Framework for DPA
3.1 DAGs to Explore Simple Scenarios

Directed acyclic graphs are a graphical representation of the
assumed causal relations between variables relevant to the
study. Directed acyclic graphs represent variables as nodes
and causal connections as directed edges (i.e., arrows), pro-
viding a structured framework for predicting which asso-
ciations we would observe if the DAGs were accurately
reflecting reality. Arrows indicate generic causal relations,
which could take any mathematical form (e.g., y = 3x; or y
= 2 + ¢"). Often researchers do not yet know the specific
mathematical relation, beyond that there is a relation. Nev-
ertheless, DAGs by definition enforce the key principle of
acyclicity, that is, that:

e The connection between two links can only be in one
direction (e.g. if x causes y, y cannot cause x).

e There is no cyclical path (i.e., a path starting in one vari-
able and ending back in the same variable by following
the direction of the connections).

If DAGs respect this principle, even in absence of fur-
ther knowledge about the specific mathematical form of
the connections, they can be used to inform scientific infer-
ences, e.g. identifying confounders and colliders. If more
is known, scientific inferences can be further informed. We
start with the simple case of acyclicity, but, for instance, in
Sect. 3.2, we showcase that if we know or assume that links
identify monotonic homogenous relationships, then we can

! Note that according to Bayesian conventions and IC literature [30],
we discuss credibility and not confidence intervals, that is, the range
of estimated values compatible with the observed data given the
model assumptions.
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talk about signed DAGs, which have useful properties for
identifying the direction and impact of biases.

Consider the hypothesis that D is a direct cause of E
(Fig. 1). p :, g formalises our inquiry, contrasting the hypo-
thetical scenarios where D causes E (D — E) and where D
does not cause E (D E). Under the assumption of infinite
sample sizes and no distortion from external variables or
measurement error, statistical findings are assumed to be
“faithful”’: causal dependence reliably manifests as statistical
associations [32]. Under these assumptions, lack of statisti-
cal association suggests lack of causal relationship (panel
A), while statistical association suggests causal relationship.
Even in this over-simplified scenario, statistical association
cannot discriminate between direct causality (panel B, where
drug D causes event E) and reverse causality (panel C, where
condition E causes drug D administration), which can only
be discerned by domain-knowledge, considering factors like
on-label or off-label drug use and the possibility of paradoxi-
cal reactions [33].

3.2 DAGs to Explore Complex Scenarios

Once introduced the simple scenarios of Sect. 3.1, we can
gradually show how DAGs help navigate more realistic
causal scenarios involving multiple interconnected factors
and complex relationships [11]. In particular, we will rely
on the following features from traditional DAGs (see Fig. 2,
left panel, and Sect. 3.3 for concrete examples):

e Front-door paths: D - E and D - M — E (indirect),
with M as a mediator of D’s effect on E.

® Back-door path: D < C — E identifies C as a common
cause of both D and E (i.e., a confounder).

e Collider: D — F « E identifies F as a common effect of
D and E.

e Independent risk factor: J — E identifies J as a compet-
ing exposure.

Front-door paths, regardless of the number of media-
tors, correspond to the DAG in Fig. 1B, indicating that the
event is a reaction to the drug. However, even excluding
reverse causality, a reaction is not the only possible expla-
nation for a statistical association between D and E. Back-
door paths allow the flow of information, as variability in
the confounder affects both the exposure and the outcome,
potentially leading to statistical dependence even without
direct causal relationship. In contrast, colliders only affect
inference if included in the statistical model, and competing
exposures never affect the flow of information.

In complex scenarios with multiple elements, we can pre-
dict which statistical associations should be present if the
DAG was accurate using D-separation criteria [23]: a sta-
tistical association indicates a causal association only when
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Fig. 1 Statistical and causal
dependence: our inquiry (grey
arrow with a question mark)
concerns the existence of

a direct causal relationship
between drug D and event E.
Assuming, for the sake of the
example, a simplified scenario
with infinite sample size and no
systematic bias, there are only
two possible scenarios: statisti-
cal independence suggesting
causal independence (panel

A) or statistical dependence
suggesting causal dependence
(panels B and C). Dispropor-
tionality analysis (DPA) helps to
discriminate between these two
scenarios but cannot distinguish
between (B) direct and (C)
reverse causality on its own.
Forest plots display the informa-
tion component (IC) on the
X-axis, with a vertical dashed
line indicating the threshold

for statistical significance. The
result of the DPA is shown as

a dot (placed at the IC point
estimate) with a 95% credibility
interval. An association exists
when the entire credibility
interval is above the threshold
(red vs grey). Note that these
introductory examples still
ignore reporting biases and
therefore should not be consid-
ered generalisable approaches to
DPA analyses

A

C—D

CONFOUNDER

COMPETING
EXPOSURE

Fig.2 Complex directed acyclic graphs (DAGs). In the left panel (A),
we show DAG components. In the right panel (B), we show four pos-
sible scenarios involving two different bias directions: red paths (C;:

DRUG\M /V EVENT

MEDIATOR

J
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&

STATISTICAL
INDEPENDENCE

STATISTICAL
DEPENDENCE

ORC

Causal Independence

Ex: D = paracetamol;
E = breast cancer

Ex:

Direct Causality

D = pramipexole;
E = impulsivity

0.0

E— F

COLLIDER

positive confounder, F,: positive collider) potentially result in false

) N -

T T

2 4 6

Ex:

o_._-___

Reverse Causality

D = edaravone;

E = amyiotrophic lateral sclerosis

9 |

positives; blue paths (C,: negative confounder, F,: negative collider)
potentially result in false negatives. Enclosing the variable in a square
means it has been conditioned on
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Table 1 Mechanisms potentially underlying association. The table shows the different mechanisms that can underlie a signal of disproportionate

reporting, formalised using directed acyclic graphs (DAGs)

Mechanism Explanation

Prototypical DAG

Examples

Direct Causality D causes E.

Adverse drug reaction

Reverse Causality E causes the prescription of D.

Exposure driven by the event
‘—. (approved, off-label, or improper
use).

Confounding
Biases
(Section 3.3.1)

D and E have a common cause C.

o Confounding by:

e sex/age
comorbidity/coprescription

D and E have a common effect F
which is conditioned on.

Collider Biases
(Section 3.3.2)

o e indication/contraindication
L]

Collider bias by:
o e prophylaxis
e outcome

Measurement
Error
(Section 3.3.3)

Taking the drug D affects the
chance of detecting and reporting
E, or vice versa.

dan: ]

Measurement errors for
exposure and outcome.

Noise from confounder and
collider measures.

Composite measures
Ascertainment bias (by drug or

/*///— D*

+

and resources) can influence
whether an occurrence is
reported or not. This selection,
related to the peculiar generative

Reporting
Biases
(Section 3.3.4)
potentially introduces colliders
and confounders as we include
other drugs and events in the
causal models.

event)
Systematic Any occurrence, to be reported, B b Positive reporting biases
Biases needs at least one suspected drug G ()= e  notoriety bias: >> reports
(Rd) and one event (Re). (o TH R with both D and E (DE*)
Moreover, external factors (such o iy ! e  background dilution: >>
as reporter education, motivation, oO—— S reports with other drugs
e -

process of adverse event reports, @

................. D2 -t Re

%, Causal Inquiry

and events (nDnE*)

7 Negative reporting biases

e event competition bias: >>
reports with same drug but

5 other events (DnE*)

drug competition bias: >>

reports with same event
e but other drugs (nDE*)

+* L4

Event Competiti

A random sample can by chance
show an association. Particularly
with few cases.

Chance association

> O

all back-door paths are blocked (suppressing the informa-
tion flow), and colliders are not accidentally opened [34,
35], ensuring that information flows only through front-
door paths. To change the status of a path (close a back-
door or open a collider) we apply conditioning procedures.
Randomisation of exposure would be the gold standard for
closing all known and unknown back-door paths. However,
this is not feasible with adverse event reports, which are
observational in nature. In the analysis of reports we can
achieve conditioning through background restriction (limit-
ing analysis to a subset that is homogeneous for the value
of the confounder) and covariate adjustment (including an
interaction term between exposure and confounder).

The D-separation criteria follow the direction of causality,
independently of whether the cause increases or decreases
the effect. However, if we assume that causal links follow
a monotonic function (where an increase in the exposure
consistently influences the outcome in the same direction)
and effect homogeneity (no difference in effect directions

A\ Adis

across subpopulations), we can represent signed DAGs,
where arrows indicate direct (+) or inverse (—) proportion-
ality (see Fig. 2, right panel) [36]. These assumptions, while
non-trivial and requiring cautious assessment, add valua-
ble information to DAGs, expanding the range of possible
inferences regarding the direction of biases and the expected
impact of conditioning on different variables.

In particular, when dealing with confounders, we can
expect that back-door paths with an even number of—or
zero—negative signs create positive confounding (C,),
which in a lack of true causal relation could potentially
lead to a false positive (red path, affecting specificity). Con-
versely, an odd number of negative signs creates negative
confounding (C,), which in the case of a true causal relation
could potentially lead to a false negative (blue path, affect-
ing sensitivity). The expectation is reversed for colliders: an
even number of negative signs indicates negative collider
bias, while an odd number indicates positive collider bias.
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Fig.3 Confounding biases.
Confounding can introduce
either a positive (red) or
negative (blue) distortion,
and can result from more or
less complex paths. Proto-
typical structures are shown
here together with examples
showing the effect of restrict-
ing on reports recording the
confounder (gold) compared to

Confounder

POSITIVE

Causal Inquiry

the crude analysis on the entire )
FAERS (gray). With positive t}@ : @
confounding, conditioning @ = 54
decreases the information e T e
component (IC). With negative 11} . . T : £ indicati
confounding, conditioning L' Ex: Confounding by indication Ex: go_n?lﬂ:drl:gbw contraindication
increases the IC. Note that these o D= halopngQOP, E - lvoluma ’d li .
exemplary biases—established g E= Imp.u|S|V|ty, ) : premature delivery;
and named in the literature— ()] = schizophrenia = pregnancy
are not exhaustive, but share - T T
analogous causal structures in J 1 —— | 1
the graphs. In all these cases, ‘, ! ; ! ] 1] ! :
different subset populations are -2 -1 0 1 2 -2 -1 0
differently exposed to the drug IC IC
and differently susceptible to
the event. Therefore, condition- )
ing on the subset population o : ’@ @
is necessary to account for the + =
bias. The yellow square marks > e |
the variable used for condition- 5
e Nt W) | Gontounding by copresciption | Ex. Confouning by sex
biases and therefore should not g g = gydr(;chlp fothiazide; g - g;ssttl:tzrgzg(;: or
: : = ayspnonia; = ;
approaches o DPA analyses O ci=hypertension; = sex (male);
valsartan C2 = breast cancer
[ ' ; '
- *—9 ’
4 ' ; ; . ' ' : }
0.00 0.25 0.50 0.75 1.00 -7.5 -5.0 -2.5 0.0
IC IC

As the underlying assumptions do not always hold, these
predictions require caution.

Using these basic building blocks, Table 1 provides an
overview of the mechanisms that could underlie an observed
statistical dependence, based on common pharmacovigilance
biases, formalised using a DAG framework. In the next sec-
tion, we demonstrate, through concrete examples, how this
DAG framework enables a more systematic accounting of
biases using consistent D-separation criteria.

3.3 Formalising Different Kinds of Bias
and Examples

3.3.1 Confounding Bias
Many biases commonly observed in pharmacovigilance can

be reframed as confounding biases, such as confounding
by indication (Fig. 3, panel A), co-prescription (panel B),

contraindication (panel C), and sex (panel D). Confounding
biases are open back-door paths through which information
flows even in the absence of causal dependencies. To close
the back-door, we must condition on any nodes along the
back-door path or, if not possible, on an effect of the con-
founder as a proxy (a surrogate confounder, which shares
some of its variance).”

The flow of information introduced by a confounder can
positively distort the association (e.g., individuals exposed
to D might have been so due to C, which also makes them
susceptible to E). This positive distortion can result in false
positives, if of sufficient magnitude and in the lack of a
causal effect.

Consider a case of indication bias (panel A). Even if,
based on current knowledge, haloperidol does not cause

2 We could condition on a cause of the confounder as well, which is a
common cause and therefore a confounder on its own.
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impulsivity, haloperidol and impulsivity are positively
associated in FAERS. Schizophrenia is both an indication
for haloperidol and a cause of impulsivity, thus introduc-
ing positive confounding. Restricting to reports recording
schizophrenia among indications (closing the back-door),
the association disappears (gold), suggesting a lack of causa-
tion® and allowing us to discard a spurious signal of dispro-
portionate reporting.

Similar considerations apply to confounding by co-pre-
scription (or, potentially, comorbidity), even if the causal
diagram is slightly more complex (panel B). When exam-
ining the potential role of hydrochlorothiazide in inducing
dysphonia, we find a statistical association. Nonetheless, its
co-prescription with valsartan (a known cause of cough-
related dysphonia), for hypertension, introduces positive
confounding. Restricting to reports mentioning valsartan,
the association vanished (gold), suggesting that hydrochlo-
rothiazide-related dysphonia may be solely due to co-pre-
scription with valsartan.

The flow of information can also negatively distort
the association (e.g., C, while causing the exposure to D,
reduces the susceptibility to E), potentially resulting in false
negatives.

Consider a case of contraindication bias (panel C). When
investigating the role of nivolumab in causing premature
delivery, we find a negative statistical association, indicat-
ing no evidence of positive association according to phar-
macovigilance standards (see footnote 2). Pregnancy is a
necessary condition (and therefore a cause) for premature
delivery, but it is also a partial contraindication to using
nivolumab (due to lack of safety evidence®). This negative
confounder means that nivolumab is less used in pregnancy
and therefore less co-reported with premature delivery.
Restricting the background to reports concerning pregnant
patients reveals a positive association between nivolumab
and premature delivery (gold). Not conditioning on the con-
founder would have led to missing a potential signal.

Similar considerations apply to the case of confounding
by sex shown in panel D. When assessing the potential role

3 The observed negative association (i.e., an association with the
upper limit of the credibility interval lower than the significance
threshold) might suggest a protective effect of haloperidol against
impulsivity. This seems plausible: by treating schizophrenia, which
also causes impulsivity, haloperidol reduces impulsivity. However,
in pharmacovigilance, a cautionary principle suggests not to interpret
negative associations because: a) DPA aims to identify early warn-
ings of ADRs, not unexpected therapeutic effects; b) DPA compares
reports not with control but with non-cases (other reports of sus-
pected ADR). Whether a causal inference informed pharmacovigi-
lance could make better use of negative associations is outside the
scope of this article.

4 And, plausibly, there is also a lower frequency of cancer in reports
recording pregnancy than in other individual case safety reports
(ICSRs).
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of trastuzumab in causing prostate cancer, we find a nega-
tive association. But trastuzumab is primarily prescribed for
breast cancer, and therefore mainly to females, who have a
null risk of prostate cancer. Restricting to males, we address
this negative confounding and observe an increase in the IC
(gold), even if not of magnitude sufficient to identify a signal
of disproportionate reporting.

3.3.2 Formalising Collider Bias

Collider biases can arise from various scenarios, including
restricting to an outcome (Fig. 4, panel A) or a prophylactic
measure that also serves as a treatment (panel B). Collider
biases occur when both drug D and event E independently
affect a third variable F (a common effect). When F is not
conditioned upon, no information flows through it, and no
bias is present. Conditioning on F opens a path and intro-
duces bias.

A positive collider bias can occur, for example, when D
reduces the chance of F, which is instead made more likely
by E. Investigating the causal dependence between Chimeric
Antigen Receptor T (CAR-T) therapy and infections shows
a positive association in FAERS (panel A). If we restrict
the analysis to fatal reports, we introduce a positive collider
(red), as CAR-Ts improve survival, but infections pose a
risk of death.

Conversely, a negative collider bias can occur when both
D and E increase the chance of F. In this case the occur-
rence of F makes it more plausible for E to have occurred
if D has not. Consider the known role of aspirin in induc-
ing gastric ulcers (panel B). In the entire FAERS, we see a
positive association. Knowing that proton pump inhibitors
(PPIs) are used to prevent aspirin-related gastric ulcers, we
might restrict the analysis to reports mentioning them. How-
ever, since they also treat existing gastric ulcers, patients
taking PPIs, but not aspirin, are more likely already under
treatment. This negative collider bias deflates the IC when
restricting to PPIs, risking losing potential signals.

Conditioning on a collider is a well-known source of bias
in causal inference, famously demonstrated in examples
like the ‘low birth weight paradox’ [37]. This highlights the
critical awareness that by incorrectly specifying the causal
model before conditioning on variables might result in incor-
rect inferences. And yet specifying one’s model even when
incorrect allows for more transparent communication of the
assumptions and an easier discussion and improvement of
the assumed models within the scientific community.

3.3.3 Formalising Measurement Errors
So far, we have pedagogically assumed direct access to con-

structs (e.g., drug exposure, event occurrence), but reports
only provide measurements (here denoted with an asterisk *;
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Fig.4 Collider bias. Colliders
can introduce either a positive
(red) or negative (blue) distor-
tion. Prototypical structures
are shown here together with
examples showing the effect
of incautiously restricting on
reports recording the collider
(red) compared to the analysis
on the entire Food and Drug
Administration Adverse Event
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Reporting System (FAERS).
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Information Component (IC),
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Fig. 5) [38—41]. Measurements act as surrogate variables for
their underlying constructs, and disproportionality (associa-
tion between D*—measurement of D— and E*—measurement
of E) suggests a reaction when our conditioning makes it
so that D causing E remains the only possible explanation.
While all previous considerations still apply, measurements
introduce additional complexity.

Conditioning on surrogate variables (e.g., C* or F*) has
the same effect as conditioning on the underlying construct
(e.g., C or F) to the extent that the construct and measure-
ment share relevant variance. This is often not the case in
reports due to measurement errors, which introduce noise
because of inaccurate recording or, more often, incomplete-
ness. As a rule of thumb, if something is reported, it likely
happened; if not reported, we cannot draw firm conclusions.
Incomplete reports can result from factors such as complex-
ity and time demands of submitting a report [42-44], man-
datory fields limited to the suspected drug and reaction, and
heterogenous encoding (e.g., misclassification or ambiguity
[45]). Conditioning on an unreliable proxy of a confounder
fails to close the back-door (panel A, and C for similar con-
siderations on colliders). The inadequacy of the proxy is a
serious concern, particularly in pharmacovigilance, where
the lack of a confounder cannot be inferred from the lack
of its reporting (e.g., a drug not reported does not imply it
was not taken). In such cases, restricting to reports in which
the confounder was reported is more effective than restrict-
ing to reports in which it was not reported (note that the
latter did not diverge from the crude analysis on the entire
FAERS in panel A). Subsequently, even pooling together

results from different strata, as in the case of pooled strati-
fication or adjustment, should be avoided in pharmacovigi-
lance whenever any of the strata are derived from lack of
information. Still, restricting can result in a small number
of cases, leading to wide credibility intervals and loss of
significance. Sometimes it is possible to combine multiple
measurements that are surrogates of the same confounder
to increase the sample size when there are missing data. For
instance, investigating whether cisplatin causes thrombosis
shows an association, but cancer is a likely positive con-
founder (panel B). Conditioning just on the indication of
cancer or on concomitant antineoplastic agents may reduce
sample size and accuracy due to missing information. To
address this challenge, we might restrict to reports that sat-
isfy either criterion (gold).

Another source of complexity emerging from measure-
ments is ascertainment bias (panel D), which occurs when
drug exposure increases the chance of detecting and report-
ing a specific event (or when manifesting an event increases
the chance of reporting a specific drug). Clozapine’s risk of
agranulocytosis leads to frequent blood tests and a higher
probability of detecting and reporting hyperkalaemia.
Among reports not recording hyperkalaemia or clozapine,
it is plausible that several cases were undetected due to the
absence of blood tests, which inflated the IC. In fact, the
crude analysis shows a higher (although non-significant)
IC compared to when restricting to reports recording any
laboratory investigations (gold). Beyond this example—
which illustrates ascertainment bias due to increased moni-
toring in exposed patients—numerous other factors, often
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Fig.5 Measurement errors. When analysing adverse event reports,
we rely on measurements (surrogate variables) rather than actual con-
structs. Reporting provides more information than the lack of it, and
restricting on the lack of reporting of a variable does not effectively
address (or introduce) biases (A and C). When conditioning on the
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reporting of a variable results in too few cases and wide credibility
intervals, composite measurements can be used to map constructs
(B). In ascertainment bias (C), drug exposure increases the detection

of an event (or vice versa). Coloured squares mark subgrouping vari-
ables
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unmeasurable or unrecorded in adverse event report data,
may influence the association between drug exposure and the
reporting or coding of the outcome (or conversely, between
the outcome and the reporting or coding of the drug), includ-
ing differential access to healthcare.

3.3.4 Formalising Reporting Biases

A specific challenge in adverse event reports is the report-
ing process. For an instance to be reported, a drug must
be taken, measured, and reported (Rd) and an event must
be manifested, measured, and reported (Re). All drugs and
events in the database contribute to Rd and Re, potentially
creating colliders, already open due to reporting (i.e., drug
exposure without adverse events and events without drug
administration remain unobserved). Additionally, reporting
depends on factors such as awareness, motivation, reporter
occupation, pharmacovigilance system, and clinical setting
[42-44]. The resulting reporting biases can introduce posi-
tive or negative distortions based on the affected cell of the
contingency table (Fig. 6). Traditionally, the solution is to
restrict the analysis to unaffected reports.

Reporting biases that inflate reports with D* and E*
(panel A) positively distort the IC. An example is notori-
ety bias resulting from regulatory warnings or media atten-
tion [46, 47], which increases the reporting rate of both D*
and E*. Restricting to reports collected before the warning
mitigates this bias (gold) [26, 46]. As a proof of concept,
restricting to reports following the regulatory warning fur-
ther inflates the IC (blue). A similar example of notoriety
bias resulting in the emergence of a spurious disproportion-
ality occurred after the fraudulent publication on the asso-
ciation between autism and measles-mumps-rubella vaccine
by Wakefield in 1998 [6]. Another example is precautionary
bias, which involves an increased reporting rate from patient
support programs [48]. Conversely, reports may occur with-
out an actual event—as in cases of superficial diagnostic
verification (e.g., reporting drug-induced liver injury with-
out verifying all diagnostic criteria) and malicious report-
ing (as speculated for court litigations [49])—or may pro-
liferate from a single report into many duplicates [50, 51].
Despite potential biases, all reports should be encouraged,
and bias considerations should be limited to analysis, not
data collection.

Masking/cloaking (panels B and C) includes drug com-
petition bias (inflating reports with E* related to another
drug) and event competition bias (inflating reports with D*
and another event) [52], which can be formalised as collid-
ers at the level of Rd or Re. Masking introduces a negative
distortion and can be tackled by excluding competing drug-
event pairs from the database [53]. For instance, the statisti-
cal dependence between cariprazine and gambling increases
when removing competing dopamine agonists reports (panel

B). Similarly, the association between warfarin and skin
discoloration increases when removing competing bleeding
reports (panel C). These masking effects are less pronounced
than other discussed biases, consistent with studies question-
ing their significance [54], but unmasking can still allow an
earlier detection of an ADR [6].

Background dilution (panel E) is a less characterised
bias where the IC is inflated by a sudden influx of reports
concerning another drug and another event. It can be for-
malised as a double collider, where the drug and the event
are associated because another drug in the database causes
another event, and these two are linked to the drug and event
of interest through the colliders Rd and Re. The presence
of the double collider inverts the sign twice, resulting in a
positive distortion. While more common in small databases,
background dilution was also observed in the WHO global
database of adverse event reports for medicines and vac-
cines, VigiBase: the solicited reporting of events following
immunisation with COVID-19 vaccines at the same time
tapered signals for other drugs and related events (drug-com-
petition bias) but also boosted associations for other drugs
and unrelated events [55].

3.4 A Workflow for Systematically Using DAGs
in Complex Scenarios

Having introduced DAGs for both simple and complex
causal scenarios, this section presents a workflow for their
systematic use, applied to a realistic example involving an
established ADR: aripiprazole-induced impulse control dis-
orders [56, 57] (Figs 7 and 8).

The first steps (al-2) involve defining the drug (e.g., ari-
piprazole) and event under investigation (e.g., impulse con-
trol disorders). Next, consider the possibility that the drug
might be prescribed to treat the event, indicating reverse
causality (a3). Although aripiprazole may be prescribed
off-label to prevent impulsivity in head trauma [58], this
is uncommon and unlikely to explain an association. Ari-
piprazole is also prescribed for conditions that commonly
manifest with impulsivity (e.g., psychotic and mood dis-
orders). Even if impulsivity is not generally the reason
for administering aripiprazole, disproportionality cannot
exclude an association due to peculiar coding practices (e.g.,
reporting impulse control issues as adverse events even if
they might have pre-existed the drug administration). A
case-by-case analysis may be essential to understand the
relationship between aripiprazole and impulsivity when
reported together. Still, the indication is a common cause
(i.e., a confounder), and to reduce its variability we focus
on bipolar disorder. Confounders are placed on the leftmost
layer of the graph (a4). Common effects (a5, colliders) are
added to the right to preserve the left-to-right temporal
flow. In this case, no colliders were identified. Unobserved
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«Fig.6 Reporting bias. Acknowledging in causal graphs that reporting
at least one drug (Rd) and at least one event (Re) are minimal criteria
for reports helps address reporting bias. Notoriety bias (A) increases
reports with D* and E*, inflating the information component (IC).
Masking results from drug competition bias (increased reports with
E* and another drug, B) or event competition bias (increased reports
with D* and another event, C). Background distortion (D) occurs par-
ticularly in small databases: the influx of COVID-19 vaccine reports
with site reactions (i.e., another drug and another event) increases the
IC of other drugs with events unrelated to site reactions

variables are explored and linked to surrogate variables
capturing part of their variability (a6). Since the indication
is often unreported, lithium is used as a surrogate of bipo-
lar disorder. Other drugs used for bipolar disorder are not
included because they are less specific. The measurements
layer is added on the right. Then, we should assess how
well measurements capture the underlying constructs (a7).
Drug names in FAERS are reported as free text and mapped
to active ingredients during preprocessing, introducing sub-
jectivity. For aripiprazole, 443 terms including “Abilify”,
“aripiprazole”, and “aripipazole” were used. Similarly,
ICDs are coded using MedDRA, and we referred to a multi-
term query from a scoping review tailored to FAERS [59]
to address redundancy and coding variability. For the con-
founder, a composite measure looking for either the high-
level group term (HLGT) manic and bipolar mood disorders
in the indication or lithium among the concomitants was
used. A reporting bias layer was introduced (a8), complet-
ing the DAG. We included notoriety bias due to a 2016 FDA
regulatory warning [56] and masking by dopamine agonists
(ATC N04C), commonly used in Parkinson’s disease and
known to cause impulsivity [60]. Finally, arrows are anno-
tated with signs to indicate assumed monotonic relationships
where applicable (a9). Bipolar disorder increases the chance
of both being prescribed aripiprazole and manifesting impul-
sivity, marked with a +.

Once knowledge-based DAGs are established, we should
be careful to still consider them a “work in progress”, a ten-
tative step towards a better understanding of the true under-
lying mechanisms. While keeping this caution in mind,
knowledge-informed DAGs can drive the design of the DPA
by identifying potential confounders and colliders, thereby
streamlining conditioning techniques. The resulting DAG
indicates the best possible analysis design based on given
data and causal assumptions, identifying variables for sub-
grouping to close back-doors and open colliders (b1) with-
out opening new colliders (b2). The DAG of the example
reveals positive confounding by bipolar disorder—condi-
tioned on using the composite measure of bipolar disorder
and lithium—, positive reporting bias from the FDA warn-
ing—addressed restricting to reports before the warning—,
and negative collider bias from masking by other dopa-
mine agonists—addressed by removing competing reports.

Finally, sensitivity analyses are run and compared using a
forest plot (b3).

Results are interpreted based on the specified assumptions
(c1). Assuming the appropriateness of the underlying DAG,
the observed associations (consistent even when addressing
the expected biases) align more closely with a scenario in
which aripiprazole causes impulse control disorders than
with one where it does not. The forest plot confirms that
subgroup analyses effectively correct the association in the
expected direction, with almost no effect of removing the
masking. Despite these analyses, uncharted biases and reli-
ance on surrogate variables introduce residual bias (c2),
indicating the need for further evaluation using additional
data sources (d1), not affected by reporting biases and with
more reliable measurements of exposure, outcome, and con-
founder (potentially measuring impulsivity before and after
the exposure).

4 Discussion

Pharmacovigilance relies on adverse event reports to infer
potential ADRs, but biases can distort association and
impact the generation of valid signals for further assessment
and evaluation using complementary data sources. This cre-
ates a dilemma: how can findings utility be maximised while
avoiding overstatements? The proposed causal inference
framework for DPA using DAGs grounds analysis on exist-
ing knowledge, identifies necessary assumptions for causal
interpretation, and guides future study designs.

Causal inference techniques can be integrated in DPA
in two ways. First, DPA can more traditionally be used for
agnostic hypothesis generation in routine drug monitoring,
and causal inference can be used to structure the evaluation
of emerging associations in the light of clinical knowledge
and existing evidence. While many scientific publications
discuss biases [61], we still lack a standardised framework
to describe and tackle them systematically [6]. Knowledge-
based DAGs drive DPA design by identifying potential con-
founders and colliders, ensuring alignment with underly-
ing assumptions. Formalising biases within a unified DAG
framework reduces their complexity to a few causal mecha-
nisms that can be combined to build highly specific complex
diagrams with formalised rules for addressing them. This
approach minimises errors when accounting for multiple
concurrent biases, strengthens the theoretical foundation
of the analysis, and combats p-hacking (arbitrarily altering
parameters to produce significant results [62, 63]). Thus,
DAGs can enhance hypothesis-driven analyses, promoting
DPA’s utility in evidence synthesis while preserving its tra-
ditional exploratory role.

Once the study is run, DAGs help interpret results by con-
textualising them within expected causal scenarios. Despite
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A. Formalizing existing
knowledge

al. Drug definition

a2. Event definition

a3. Consider reverse causality

a4. Confounders

a5. Colliders

a6. Unobserved and surrogates

a7. Measurement errors

a8. Reporting bias

a9. Arrow signs

B. Designing study

b1. Identify backdoors and colliders
made open by the selection

b2. Identify closed colliders that
should not be opened

b3. Run sensitivity analyses by
subgrouping and visualize results

c1. Interpret based on specified
assumptions

c2. Discuss residual and uncharted
biases

Fig.7 Workflow for drawing directed acyclic graphs (DAGs) and sys-
tematic stratification of DAGs visualisation. The PVdagger R package
simplifies the formalisation of causal inquiries and assumptions in
pharmacovigilance, showing the stage at which the distortion is intro-

the inherent limitations of DPA, by mapping the conditions
at which the inference would be causal, we can better assess
the presence of confounders and colliders, and the potential
impact of unobserved biases can be visualised and better
assessed. Thus, the gap between correlation and causation
can be better qualified and, in some cases, reduced, although
not eliminated due to measurement error and reporting. The
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DAGs clarify the limits of causal interpretation by showing
how residual and unobserved biases could undermine ADR
inference and highlighting biases from not knowing the true
non-exposed population, indicating that DPA results should
not be treated as precise risk estimates [64—66].

Even in the common scenario where not all confounding
can be removed, DAGs help predict the direction of residual
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Fig.8 Complex example, showing the causal model underlying our investigation into the causal inquiry of whether aripiprazole causes impulse
control disorders, and comparing the results of the individual and composite sensitivity analyses.

confounding, providing insights into which signals and con-
founds require further assessment. A statistical dependence
with unaccounted negative bias is not expected to disappear
when removing biases. A statistical independence with unac-
counted positive bias is not expected to appear when remov-
ing bias. Residual bias can be further addressed in evaluation
studies, ensuring key variables are measured accurately for
proper adjustment (i.e., pooling different strata) rather than
relying solely on subgroup analyses. Quantifying the mag-
nitude of a causal effect requires evaluation studies unaf-
fected by reporting biases, a defined background population,

accurate mapping of exposure, non-exposure, and temporal-
ity. When additional evaluation studies are necessary, DAGs
identify confounders and colliders that should be considered,
guiding researchers toward existing data sources (e.g., elec-
tronic health records [67]) or suggesting additional tailored
data collection.

However, DAGs on their own, do not ensure valid causal
inferences, since they can be misunderstood, misapplied
and even misused. Causal inference techniques are quickly
evolving and challenging to master (see paragraph 4.1.8 with
recommendations for further readings). Further, for the use
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of DAGs to be effective, certain assumptions should not be
critically violated, such as the accurate reporting of adverse
events and the correct specification of the causal model. For
this reason, inference on adverse event reports is fraught, due
to the highly biased data-generating mechanisms and the
complex nature of the relations between drugs and poten-
tial adverse events—see Fusaroli et al. [6] for an overview
on common pitfalls in these contexts. As a result, incom-
plete or even mis-specified DAGs could be quite common.
Further research will help refine the proposed (canonical)
DAG structures, so they more accurately capture our evolv-
ing understanding of pharmacovigilance data-generating
processes.

Nevertheless, DAGs empower researchers in formalising
and visualising causal questions, existing knowledge, and
assumptions [68], and help readers to understand and chal-
lenge them. By doing so, honest attempts at DAGs, even in
presence of incompleteness and incorrectness, can provide
a framework for reviewers and readers to more easily chal-
lenge the assumptions in an analysis, propose alternative
underlying causal scenarios, and suggest different analyses
or interpretation. Thus, DAGs facilitate critical collective
scientific developments [62, 63, 67, 69, 70].

4.1 Limitations and Further Methodological
Advancements

4.1.1 Ontological Versus Pragmatic Tools

Directed acyclic graphs might seem to overstate hypotheses
and current states of knowledge as ontological causal struc-
tures. Writing down assumptions in a diagram might feel
like condoning subjective choices. However, transparency
allows us to more easily criticise and build upon the work,
improving it. The choice in any analysis is not between
a perfectly specified DAG and no model, but between an
explicit model whose assumptions are open to debate, and
an implicit one whose assumptions are hidden. While a mis-
specified DAG can be harmful, making it explicit at least
allows for its identification and correction through scien-
tific discourse. Directed acyclic graphs are representations
of current knowledge and assumptions, serving as pragmatic
tools for causal discovery through iterative design and col-
lective scientific efforts [69, 71-73]. To ensure that the DAG
is an appropriate, even if not completely accurate, model
of reality, it is crucial to overcome the traditional separa-
tion between data scientists (performing quantitative signal
detection) and healthcare experts (performing clinical causal
assessments), formalising both adverse event reports’ gen-
erative mechanisms (e.g., reporting bias and measurement)
and biases related to specific drug-event combinations (e.g.,
confounders, colliders, biological plausibility) [74]. Incor-
rect models can increase residual bias, particularly when
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key variables are omitted or incorrectly specified. This is
a significant concern in both epidemiology and pharma-
covigilance. However, explicitly modelling the knowledge
justifying a specific analysis, even if the model is initially
incorrect, can still be beneficial in the collaborative process
of science. It allows other researchers to critique, question,
and propose alternative analyses, serving as a starting point
for further refinement and improvement of models and a
better understanding of the data.

Ultimately, DAGs are not a panacea. Their application
requires substantial domain knowledge, and they do not
eliminate uncertainty or the problem of unmeasured con-
founders. Their primary utility is in enforcing intellectual
honesty by compelling researchers to translate their qualita-
tive beliefs into a formal, testable structure. This transpar-
ency is, in our view, the first and most crucial step toward
more reliable and knowledge-based safety signals. Drawing
DAGs requires a high level of expertise in causal modelling.
Our tutorial aims to lower the barriers to accessing DAGs
and to introduce important aspects that need to be further
mastered, thus providing a starting point for further reading
and practice (see Sect. 4.1.8).

4.1.2 Upfront Investment

Directed acyclic graphs may require substantial upfront
investment and epistemic labour. While large-scale semi-
automated analyses might seem more suitable for prompt
ADR warnings, this assumes that the current cost of false
negatives and positives is acceptable. Better integration of
DPA results into the scientific process could reduce miscom-
munication risks [12], improve the quality and clarity of
safety signals, and lessen the regulatory burden of unquali-
fied signals needing resource-intensive follow-up. Creating
repositories of documented assumptions could streamline
future analyses, reducing redundancy and epistemic labour.
Efforts in this direction are already underway in fields such
as economics [75] and language evolution [68].

4.1.3 Complexity

The causal structures presented may not fully capture the
complexity of drug-adverse event relations. This manuscript
introduces key DAG techniques for pharmacovigilance but
does not exhaust available techniques. G-methods can con-
ceptually remove variables from DAGs, blocking surrogate
confounders without opening colliders [76]. Mediation-
analysis decomposes the total exposure-outcome effect into
indirect effects, elucidating composite mechanisms [77].
Conditioning on competing exposures can enhance preci-
sion by addressing heterogeneity sources [78]. While outside
the scope of this paper, the generative models embodied
by DAGs could be further specified in their mathematical
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form (e.g., using structural equation modelling) beyond
monotonic relationships. This is a beneficial development,
which will rely on considerable efforts of evidence synthesis
(e.g. including pharmaco-dynamic knowledge) and targeted
studies [79]. Measurement errors and reporting biases could
be better mapped (e.g., tracking which ADRs are reported
and why) to include observed mechanisms and estimates
of measurement error in the model as mitigation factors.
Using DAGs, the impact of various biases on the sign and
magnitude of the association can be simulated, illustrating
different levels of reporting bias even without knowledge of
actual levels [80]. Simulation studies could also be used to
better investigate the effect of the violation of assumptions
and of unobserved biases, and semi-automated tools could
be developed to identify contexts in which the assumption
violation could become problematic [6]. In the meantime,
simplified DAGs, while not suitable for structural equations,
can still be useful for addressing expected biases, but should
not be blindly applied as they are incomplete.

Longitudinal information from individual case safety
reports (ICSRs) or longitudinal medical records could be
included in temporal DAGs to address cyclical feedback
loops and bidirectionality [67, 81]. Data on the actual num-
ber of exposed and the background incidence rate can pro-
vide better insight into the frequency and magnitude of the
effect (e.g., observed over expected analyses [82]). Finally,
DPAs do not remove the need for case series assessment but
aim to reduce the number of spurious associations needing
in-depth assessment.

4.1.4 Sample Size and Bias Correction

There is a risk of losing important signals due to limited
sample sizes when conditioning on under-reported con-
founders. Using the IC instead of the reporting odds ratio
partially addresses this concern, as the credibility interval
depends only on the number of cases, not the background
size [30]. Future research should explore balancing sample
size and bias correction effectively.

4.1.5 Better Measurements

Improving report completeness, developing standardised
queries, and implementing algorithms to reliably identify
reports with specific variables (e.g., pregnancy [83, 84])
could further mitigate residual bias. This requires acting
from above, promoting standardisation of report-based data
through global harmonisation (ICH E2B). Region-specific
differences in coding and follow-up persist [85], affecting the
reliability of data processing and subsequent analyses, but
increasing digitalisation of reports will ultimately improve
harmonisation [86]. It also requires acting from below, pro-
moting completeness, accuracy, and relevance of reporting

among market authorisation holders, health professionals
and the public.

4.1.6 Generalisability

Restricting the database may sacrifice generalisability of the
findings (e.g., would the causal dependencies inferred in a
subset of reports apply outside of that subset?). Adjustment
would allow the association between D and E to vary accord-
ing to the confounder’s value, preserving generalisability.
However, under-reporting in the confounding variable invali-
dates adjustment, often making restriction the only possible
conditioning.

4.1.7 Importance for Reporting

The biggest potential of DAG techniques and causal infer-
ence is in improving reporting in the quickly evolving
pharmacovigilance literature [87]. Directed acyclic graphs
support authors in their responsibility to make explicit
assumptions and study design, reviewers in their respon-
sibility to assess and challenge these assumptions, and the
scientific community in understanding, criticising, and using
DPA results.

4.1.8 Further Readings

Causal inference is a fast-evolving field of inquiry, with
many complex techniques to master. This manuscript pro-
vides a pedagogical entry point, but we highly recommend
the reader to further improve their understanding of causal
inference. More extensive generic introductions to causal
inference can be found in Hernan and Robbin’s “Causal
Inference: What If” book [88], in Hernan’s “Causal Dia-
grams: Draw Your Assumptions Before Your Conclusions”
online course (see https://www.harvardonline.harvard.edu/
course/causal-diagrams-draw-your-assumptions-your-concl
usions#), and in Huntington-Klein’s book “The Effect: An
Introduction to Research Design and Causality” [89]. The
mathematical treatment of DAG-related issues can be further
explored in Pearl’s book “Causality” [90] and in Hiinermund
and Bareinboim’s paper “Causal inference and data fusion in
econometrics” [91]. For a mathematical formulation of the
assumptions underlying causal inference in DPA see Sco-
syrev et al paper “Disproportionality Analysis and Causal
Inference in Drug Safety” [5]. For an example-driven peda-
gogical paper on the results of violating such assumptions
see Fusaroli et al “Charting and Sidestepping the Pitfalls of
Disproportionality Analysis” [6].

A\ Adis


https://www.harvardonline.harvard.edu/course/causal-diagrams-draw-your-assumptions-your-conclusions#
https://www.harvardonline.harvard.edu/course/causal-diagrams-draw-your-assumptions-your-conclusions#
https://www.harvardonline.harvard.edu/course/causal-diagrams-draw-your-assumptions-your-conclusions#

M. Fusaroli et al.

5 Conclusion

Pharmacovigilance faces the challenge of promptly and
reliably identifying potential causal dependencies between
drugs and adverse events using information-rich albeit
sparse and indirect evidence. While there is still much work
to do to provide solid causal inference in pharmacovigilance,
such as better mapping reporting biases and improving tri-
angulation across evidence sources, DAGs offer a structured
approach to begin this process. Building DAGs is complex,
requiring deep domain and methodological knowledge but
it can lead to more principled DPA and improved signal
reliability. Not least, DAGs can foster tighter integration
between pharmacovigilance and epidemiological studies,
contributing to a more comprehensive evidence synthesis
in drug safety.
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