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Abstract
Disproportionality analysis is used by many pharmacovigilance organizations for detecting and assessing signals of potential 
adverse drug reactions. However, its goal is often misunderstood and the approach misapplied, leading to erroneous conclu-
sions due to neglected violated assumptions. In this paper we illustrate how simplistic use and interpretation of dispropor-
tionality analysis can lead to incorrect conclusions. Using VigiBase, the WHO global database of adverse event reports, 
and the Information Component disproportionality metric, we provide selected examples to highlight common sources of 
error that can introduce spurious disproportionalities or lead to missing important signals: confounding (by age, sex, indica-
tion, comedication), effect modification (by age), notoriety bias, masking, misclassification (by miscoding, incomplete or 
imprecise event retrieval), neglecting report utility, and violated independence assumption. Additionally, we present how 
sophisticated analyses may introduce new biases or amplify existing ones, such as collider bias or masking amplification. 
Due to its pitfalls, disproportionality analysis plays a supportive rather than decisive role in signal detection and assessment. 
Careful design and interpretation of disproportionality analysis, with appropriate subgrouping and clinical assessment, are 
essential. While subgrouping can mitigate some pitfalls, it reduces sample size and may introduce or amplify existing biases 
and needs to be used with care. Further development of tools to detect and mitigate biases in disproportionality analyses, 
and to assess their risk of bias, is needed.

Key Points 

The goal of disproportionality analysis is often misun-
derstood and the approach misapplied, leading to errone-
ous conclusions.

The types of pitfalls to be aware of include confounding, 
effect modification, notoriety bias, masking, misclassi-
fication, neglecting report utility, violated independence 
assumption, and collider biases.

Careful design and interpretation of disproportional-
ity analysis, with appropriate subgrouping and clinical 
assessment, are essential.

1  Introduction

Disproportionality analysis is a core method in pharma-
covigilance, aiding researchers and professionals in identi-
fying and assessing signals of potential adverse reactions by 
analyzing vast databases of adverse event (AE) reports [1–4]. 
Conceptualized in the 1970s [5], and first implemented by 
Stricker and Tijssen in 1992 [6], disproportionality analysis 
was originally adopted for routine screening by a small set 
of pharmacovigilance stakeholders worldwide, starting in 
the late 1990s [7–10]. Its primary purpose is to detect and 
prioritize possible signals, directing clinical experts’ atten-
tion for in-depth assessment. With the growing number of 
AE reports, disproportionality analysis is now widely used 
across numerous pharmacovigilance organizations [11, 12]. 
Disproportionality analysis can also contextualize the size 
of a case series during signal validation and assessment. 
Recently, the increasing availability of public databases 
(e.g., FAERS–FDA Adverse Event Reporting System) [13], 
the deceptive simplicity of its calculations [14], and the 
rise of large language models [15] have triggered an explo-
sion of studies using this method alone to draw conclusions 
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about causality [16–18], which is a questionable practice at 
best. Even when disproportionality results are presented as 
inconclusive, they can still be problematic: identifying mere 
statistical associations between reports does not inherently 
advance scientific understanding [19] or improve drug safety 
[20].

While disproportionality analysis can offer valuable 
insights, it comes with risks of misinterpretation that users 
must be aware of. Researchers who uncritically apply dispro-
portionality analysis may fall prey to apophenia—perceiving 
meaningful connections between unrelated things, specifi-
cally leading to false-positive and false-negative dispropor-
tionalities, drawing misleading conclusions [21–24]. These 
misinterpretations contribute to research waste [21]. Effec-
tively, they carry the risk of selecting non-relevant drug-
event combinations for the clinical review of case series in 
signal validation and assessment (e.g., when reporting hab-
its, confounding or masking fully explain disproportionality 
but are not accounted for [25–27]), but also of missing true 
signals. Ultimately, poor quality disproportionality analy-
ses harm pharmacovigilance and patient safety. Although 
the theoretical limitations and assumptions behind dispro-
portionality analysis have been discussed by many [3, 24, 
28–33], these discussions are often highly technical, and 
their practical implications may not be clear to all pharma-
covigilance professionals.

2 � Aim

This manuscript aims to provide an overview of possible pit-
falls1 of disproportionality analysis, and strategies to avoid 
or to minimize them.

Specifically, after introducing AE reports (Sect. 3.1) and 
disproportionality analysis (Sect. 3.2), we use real-world 
examples from VigiBase—the WHO global database of 
adverse event reports for medicines and vaccines—to illus-
trate how a simplistic or careless application of dispropor-
tionality analysis can yield false positive and false negative 
results, and mislead researchers (Sect. 4, Fig. 1). Using the 
same examples, we emphasize how a thoughtful, informed 
design can help researchers avoid common biases2 and other 
pitfalls, ultimately leading to more accurate and meaning-
ful findings. Finally, we point to some possible mitigation 
strategies (Sect. 5).

3 � Material and Methods

3.1 � Adverse Event Reports

Adverse event reports document suspected adverse reactions 
and other AEs seemingly occurring following the exposure 
to medicinal products (henceforth: drugs). These reports 
can be submitted by healthcare professionals, patients, and 
others, and are collected by regulatory bodies and pharma-
ceutical companies. They do not represent a comprehensive 
or unbiased sample of all AEs. Instead, they are shaped by 
a complex generative process (see Fig. 1), in which several 
stages of information capture and processing may introduce 
sources of systematic variability that can lead to distortions 
in subsequent analyses, unless properly accounted for:

Exposure and Occurrence: By design, no reports are 
available for individuals who did not experience any AE 
or were not exposed to any drug3. Certain AEs may occur 
more frequently in individuals exposed to a specific drug 
due to higher susceptibility in these patients independent 
of the drug itself (e.g., because of underlying diseases 
or disorders, demographic factors, common co-medica-
tions).
Recognition: Not all AEs are easy to recognize. Some 
require specialized tests or expert knowledge, which may 
not be equally available or applied to different patient 
groups. Some exposures, such as over-the-counter medi-
cations, traditional medications and herbals, can also be 
difficult to recognize—especially for healthcare profes-
sionals. Other exposures may not be recalled due to a 
long delay from the last administration to the event onset. 
Whether AEs are labeled in product information may also 
influence the extent to which they are recognized and sus-
pected as reactions in the individual patient.
Reporting: Only a fraction of all AEs are reported after 
drug use. The likelihood of a recognized AE or exposure 
being reported (i.e., reporting rate) depends on factors 
that are relative to the event (like its severity), the drug 
(like its novelty), and the drug-event combination (like 
media attention and labeling in product information), 
as well as on reporters’ awareness on the opportunity of 
reporting and motivation to do so. Also, reporting rates 
may vary over time, between countries, etc.
Coding: Events are generally coded using the Medi-
cal Dictionary for Regulatory Activities (MedDRA). 
Despite general guidelines for coding, variability in 
practical application can introduce redundancies and 
ambiguities. For example, the same event might be 1  From the Oxford English Dictionary, a pitfall is a hidden or unsus-

pected danger, difficulty, or opportunity for error.
2  From the Oxford English Dictionary, a bias is a [systematic] distor-
tion of a statistical result arising from the method of sampling, meas-
urement, analysis, etc.

3  With the exception of a few cases reporting “no adverse event”, and 
of some centers accepting reports on exposure to drugs not followed 
by an adverse event.
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recorded with one or multiple (more or less specific) 
terms. Similar considerations apply to drugs, which are 
often reported as free text and need to be coded to a 
standardized lexicon [34].
Data Transmission, Storage, Transformation, and 
Standardization: Transmission between clinical investi-
gators, pharmaceutical companies and regulatory authori-
ties does not always occur for every report, nor is the pro-
cedure of transmission the same. For example, the extent 
to which solicited reports are shared with VigiBase can 
vary between member organizations, and this variability 
is often difficult to account for [35, 36]. The choice of the 
storage format can result in data loss or auto-compilation 
of partial fields [13]. Procedures such as duplicate detec-
tion and removal, pre-computation of time to onset, and 
flagging of certain types of reports (e.g., those related to 
pregnancy [37, 38]) vary over time and between organiza-
tions and can affect data quality and completeness.

Analyses should seek to mitigate any distortion due to 
systematic variability. Because signal detection relies on 
general designs believed to be broadly effective, it will often 

be relevant to design and execute additional analyses for the 
assessment of a detected signal, bearing in mind all potential 
distortions.

3.2 � Disproportionality Analysis and Its Fragility

Disproportionality analysis is a quantitative method used 
to support the identification of potential adverse reactions 
by determining whether a drug-event pair is reported more 
frequently than expected by chance, according to some 
model and assumptions [1, 11]. Specifically, disproportion-
ality analysis compares the proportion of an AE of interest 
between a foreground (reports recording the exposure to 
the drug of interest) and a background (reports recording 
any other drugs but not the one of interest) (Fig. 2). Since 
disproportionality analysis uses AE reports, the results can 
be influenced by biases from the data generative process 
and the specific population represented in the analyzed data-
base [39]. These biases emerge from either the nature of AE 
reports or the specific assumptions on which the dispropor-
tionality analytical approach is built.

Fig. 1   Conceptual overview of pitfalls. Pitfalls are systematized 
according to the stage of the generative and analytical process. 
Squared brackets denote the sections of the manuscript presenting the 

specific pitfalls. The assumptions that when violated result in the pit-
falls are presented in round brackets (see also Sect. 5)
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4 � Examples of Disproportionality Analysis 
Pitfalls

This section illustrates examples of how crude dispropor-
tionality analysis can lead to misleading conclusions and 
how more nuanced approaches can help mitigate (but 
sometimes exacerbate) these pitfalls. In these analyses, 
we use VigiBase (accessed December 31st, 2024, exclud-
ing suspected duplicates [40] and non-domestic reports4: 
39,908,928 reports), and we use the Information Compo-
nent (IC) as a disproportionality metric, along with its 95% 
credibility interval to identify statistical signals of dispro-
portionate reporting (IC025 > 0) [41]. Any disproportionality 
suggests an association between a drug and an AE, which 
could be either causal or purely statistical. The shrinkage 
applied by the IC pulls the point estimate towards 0 and 
reduces the risk of false positives but does not formally con-
trol the familywise error or false discovery rates. The use of 
confidence intervals (CIs) provides further protection against 
spurious disproportionalities, although it only accounts for 
random variability and not systematic biases. Each of these 
strategies may of course come at the cost of missing some 
weaker signals. Examples are provided together with the 
observed and expected counts and forest plots showing the 
IC. Analyses were performed using the DiAna R package 
version 2.1.0 [42].

4.1 � Confounding

Confounding occurs when an external factor influences 
both drug exposure and the outcome risk (or their report-
ing), resulting in a different susceptibility or reporting in 
exposed and non-exposed. Common confounders include 
age, sex, indication, and country.

4.1.1 � Confounding by Age: Growth Retardation 
with Poliomyelitis Vaccine

A crude, database-wide disproportionality analysis suggests 
an association between the poliomyelitis vaccine and growth 
retardation (36 observed reports vs 11 expected) (Fig. 3). 
However, patients most at risk for growth retardation are 
also the typical recipients of the vaccine. This can introduce 
confounding by age. To obtain a less biased estimate, the 
foreground and background must be comparably susceptible 
to the outcome, and we have therefore to account for age in 
our analysis. Stratifying by age, we find approximately as 
many reports as expected in each age group (e.g., 34 reports 
vs 31 expected in the 28 days to 2 years age group, with a 
non-significant credibility interval), or even fewer (e.g., 0 
reports vs 33 expected in the 2 to 11 years age group), thus 
dismissing a plausibly spurious disproportionality.

4.1.2 � Confounding by Indication: Ischemic Stroke 
with Insulin

A crude analysis highlights a disproportionality between 
ischemic stroke and insulin (167 observed vs 114 expected; 
Fig. 4). However, the underlying reason for prescribing 

Fig. 2   Definition of foreground and background for disproportionality analysis, within the dataset of AE reports. The stacked bars within the 
contingency table show the different proportions of reports with the event of interest in the foreground and the background

4  Reports submitted from a member organization different from the 
country in which the adverse event occurred.
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insulin, diabetes mellitus, is a risk factor for ischemic 
stroke, suggesting a possibility of confounding by indica-
tion. When looking within the stratum reporting a diabetes 
indication, there are fewer reports in the foreground than we 
would expect based on the background (i.e., 81 observed vs 
166 expected when restricting to the therapeutic indication 
“hyperglycaemia/new onset diabetes mellitus Standardized 
MedDRA Queries [SMQ])”). That the association disap-
pears (is even reversed, with fewer reports than expected) 
when accounting for diabetes, indicates that the confounding 
by indication fully explains the association. In the stratum 
without a diabetes indication, the IC is still positive although 
the lower limit falls just below 0, but this is likely residually 
confounded due to misclassification (not all reports list an 
indication for treatment, and we know insulin is exclusively 
used in diabetes5).

4.1.3 � Confounding by Comedication: Cough 
with Hydrochlorothiazide

Analyzing cough with hydrochlorothiazide shows a dis-
proportionality (512 observed vs 455 expected; Fig. 5). 
However, hydrochlorothiazide is frequently co-prescribed 
with angiotensin converting enzyme inhibitors (ACEIs), 
which are known causes of cough. Here, confounding by 
comedication could frame hydrochlorothiazide as “culprit”, 
even though hydrochlorothiazide is not believed to have a 
causal role in inducing cough (i.e., it is just an “innocent 
bystander”). When excluding reports with ACEIs from both 
foreground and background, the disproportionality is not 
observed (322 observed vs 331 expected)6.

4.1.4 � Confounding by Sex: Breast Cancer with Finasteride

No disproportionality is observed between finasteride and 
breast cancer in a crude analysis of the entire database (59 
reports vs 47 expected, with non-significant interval; Fig. 6). 
However, finasteride is predominantly prescribed to men, 
who have a lower baseline risk of breast cancer, suggesting 

Fig. 3   Positive confounding by 
age: poliomyelitis vaccine and 
growth retardation

Fig. 4   Positive confounding by 
indication: ischemic stroke with 
insulin

Fig. 5   Positive confounding 
by comedication: cough with 
hydrochlorothiazide

5  See also Sect. 4.5 (and Section 3.3.3 of [33] for a presentation of 
how misclassification by incompleteness can invalidate the reliability 
of subgrouping in achieving homogeneity of susceptibility between 
foreground and background.

6  Hydrochlorothiazide is also indicated for heart failure, which can 
itself cause coughing complaints, also introducing a potential con-
founding by indication.
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the possibility of confounding by sex. Stratifying by sex 
reveals a strong disproportionality in males (47 observed vs 
1 expected), and a weaker but significant disproportionality 
in females (7 observed vs 2 expected). The higher suscep-
tibility in the background (which includes more women) 
relative to the foreground results in negative confounding 
that is sufficient to obscure the disproportionality. In fact, 
male breast cancer is included in the product information of 
finasteride based on an assessment of case reports [43], but 
registry studies have given conflicting results, and the asso-
ciation could also result from further confounding beyond 
that generated by the systematic difference in sex distribu-
tion (e.g., related with different occupation, radiation expo-
sure, physical inactivity) [44].

4.2 � Effect Modifiers

Effect modifiers influence how different subsets of the popu-
lation respond to a drug. Sex, age, pharmacokinetic, and 
pharmacodynamic factors (e.g., liver/kidney injury, obesity) 
can be significant effect modifiers. Neglecting effect modifi-
cation can lead to missing signals or misinterpreting adverse 
effects in certain subpopulations as applying to the entire 
exposed population.

4.2.1 � Age‑Specific Effect: Hepatitis with Ceftriaxone

Crude analysis of ceftriaxone and hepatitis shows slightly 
fewer reports than one would expect (297 reports vs 350 

expected; Fig. 7). However, a feasibility study of signal 
detection for risk groups in VigiBase identified a signal of 
hepatitis due to ceftriaxone in the elderly based on dispro-
portional reporting in this subgroup [45, 46]. After strati-
fying by age, disproportionality emerges (58 reports vs 34 
expected for the 75 to 86 years age group, and 31 reports 
vs 13 expected for the > 85 years age group). Indeed, hepa-
titis is now labeled for ceftriaxone. As there is no known 
hepatotoxic effect in younger patients without severe hepatic 
impairment, searching for a causal effect on the entire 
exposed population may dilute the effect and miss it.

4.3 � Notoriety Bias

Notoriety bias may result when an AE has a greater chance 
of being recognized and reported (and coded using a specific 
term) because the drug is known or thought to cause it [47].

4.3.1 � Notoriety Bias: Autism with MMR Vaccine

A sharp increase in the reporting of the MMR (measles, 
mumps, rubella) vaccine with autism occurred in 1999 (42 
reports vs 0.4 expected), while up to 1998 no significant 
disproportionality could be seen (1 report vs 0.03 expected; 
Fig. 8). This can be explained by the now retracted publica-
tion of fraudulent findings claiming a link between the two 
[48, 49], and the subsequent heightened media and societal 
attention. The increased reporting also led to a ripple effect 

Fig. 6   Negative confound-
ing by sex: breast cancer with 
finasteride

Fig. 7   Age-specific effect: 
hepatitis with ceftriaxone



153Charting and Sidestepping the Pitfalls of Disproportionality Analysis

of the disproportionality of autism with other vaccines, 
despite the lack of any causal relation [47, 49].

4.4 � Masking

Disproportionality analysis considers the overall number of 
reports including the drug of interest and the overall pro-
portion of reports including the AE, in order to compute 
an expected value for the number of reports including the 
two together. Litigation, regulatory action, or general public-
ity may lead to very large numbers of reports on a specific 
drug—AE combinations. This may inflate the expected val-
ues for other combinations involving the same drug or AEs 
and suppress disproportionality—a phenomenon referred to 
as masking, cloaking, or competition bias. It may lead to 
missed or delayed detection of essential safety signals. A 
related but reverse effect is the so-called background dilution 
[25, 33] where large numbers of reports unrelated to both 
the drug and AE of interest decrease their expected value, 
inflating disproportionality.

4.4.1 � Masking: Rhabdomyolysis with Venlafaxine

Crude analysis identifies a disproportionality between rhab-
domyolysis and venlafaxine (274 vs 71 expected, with IC 

= 1.9 [1.7; 2.1]). When looking at the time trend of the IC, 
the disproportionality is only visible since 2010 (81 reports 
vs 23 expected), notwithstanding venlafaxine was already 
approved by FDA in the 1993. In fact, we know statins are 
an established cause of rhabdomyolysis [50] and constitute 
a large proportion of rhabdomyolysis reports in the data-
base (43% today), improperly increasing the number of 
expected reports and masking the signal. Removing reports 
of statins with rhabdomyolysis from the database (unmask-
ing) increases the disproportionality at the end of 2024 even 
further (255 vs 36 expected, with IC = 2.8 [2.6; 2.9]) and 
allows the disproportionality to emerge already in 2003 (14 
vs 6 expected, compared to 15 vs 23 expected in the crude 
analysis) (Fig. 9). This example shows how masking can 
delay the detection of a signal. The dilution of the masking 
with time could be due to reduced reporting of expected 
reactions and an attenuated notoriety bias when cerivastatin 
was removed from the market.

4.5 � Misclassification

Misclassification leads to inaccurate measurements of key 
study variables (e.g., due to incorrect or incomplete coding), 
potentially resulting in a distortion, systematic or not, in the 
measure of disproportionality (i.e., information bias).

Fig. 8   Notoriety bias: autism 
with MMR vaccine

Fig. 9   Masking: rhabdomyoly-
sis with venlafaxine. The size of 
the points is proportional to the 
count of observed
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Misclassification can occur at various stages: recogni-
tion (e.g., misdiagnosis or failure to diagnose), reporting 
and coding (e.g., coding using false friends, when done 
by non-native English speakers, as in the case of mistak-
ing delirium for delusion due to similar spelling in Italian 
[51]), processing (e.g., data loss and improper harmoniza-
tion), and analysis (e.g., suboptimal phenotyping, as in the 
case of missing reports of oculo-muco-cutaneous syndrome 
because only symptoms are recorded). Beyond outcomes, 
misclassification can also affect exposures (e.g., reports 
from blinded clinical trials can report both drug and pla-
cebo without being necessarily exposed to both), drug-event 
relationships (e.g., the drug was taken before the AE or for 
treating the AE, or the AE resulted from drug inefficacy, 
without a suspicion of ADR), or covariates (impeding the 
achievement of homogeneity when subgrouping, resulting 
in residual bias [52]).

4.5.1 � Miscoding Indication as AE: Hereditary Angioedema 
with Lanadelumab

A strong disproportionality is observed for hereditary angi-
oedema with lanadelumab (1707 reports vs 0.6 expected; 
Fig. 10). However, lanadelumab is exclusively prescribed 
for hereditary angioedema, and the disproportionality can 
be explained by reverse causality. This misclassification 
can be due to precautionary reporting (i.e., reporting any 
event that occurs in connection with drug exposure, even 
when there is no suspicion that the drug caused the event), 
including that from patient support programs [27]. It can 
also result from inappropriate coding of the indication as 
an AE. The term hereditary itself should raise concerns, 
regardless of the drug of interest. However, drugs may 
worsen a hereditary condition and trigger symptomatic 
flares. Clinical knowledge is usually sufficient to identify 
reverse causality. In contrast, reverse causality can be very 
difficult to identify with purely statistical methods.

4.5.2 � Incomplete Event Retrieval: Infections 
with Tisagenlecleucel

Investigating ‘respiratory tract infection’ with tisagen-
lecleucel shows no disproportionality (3 reports vs 2 
expected, with an IC credibility interval spanning 0; 
Fig. 11). However, any analysis based on MedDRA must 
account for the many different ways in which similar AEs 
may be reported and coded. Expanding the search to the 
HLT level to include additional respiratory infection terms 
reveals a disproportionality (109 reports vs 83 expected, 
including 57 “pneumonia” cases and 28 “sinusitis” cases). 
A disproportionality is also seen at the SOC level, includ-
ing all infections and infestations (659 reports vs 304 
expected). In fact, tisagenlecleucel can result in immuno-
suppression and increase the risk for infections, particu-
larly serious ones, including respiratory tract infections. 
Relying solely on one MedDRA preferred term without 
considering the different diagnoses and codes related to 
respiratory tract infections can miss the disproportionality 
through fragmentation of the relevant case series.

4.5.3 � Imprecise Event Retrieval: Peripheral Neuropathies 
with Efalizumab

Investigating peripheral neuropathies with efalizumab, no 
disproportionality emerges for the PT nor for the HLGT for 
“neuropathy peripheral” (1 vs 9 and 23 vs 16, respectively, 
with non-significant interval; Fig. 12). However, both of 
these case definitions are very broad. Considering the more 
specific terms “demyelinating polyneuropathy” and “Guil-
lain Barré” a disproportionality emerges (10 vs 2 and 3 vs 
0.1, respectively), as has already been presented by Hill et al 
[53]. Although Sect. 4.5.2 showed the potential appropriate-
ness of using higher levels of the MedDRA hierarchy, here it 
would be insufficient to detecting a signal of disproportion-
ate reporting. The HLGT peripheral neuropathies introduces 
related but unspecific terms in the background.

Fig. 10   Miscoding indication as 
adverse event: hereditary angi-
oedema with lanadelumab

Fig. 11   Incomplete event 
retrieval: respiratory infections 
with tisagenlecleucel
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4.6 � Neglecting Report Utility

Distinct reports can have different utility based on their com-
pleteness and relevance for causality assessment. Reports 
may differ in reporters’ suspicion levels (see precautionary 
reports [27]), clinical utility [54, 55] for causal assessment, 
and completeness [56, 57]. However, this is not accounted 
for in disproportionality analysis, which attributes the same 
weight to all reports. Some reports can be strong enough to 
identify a signal in the absence of disproportionality [58, 
59], while others clearly do not support a signal even if there 
is disproportionality.

4.6.1 � Reports with High Pharmacovigilance Utility: 
Photosensitivity with Montelukast

Montelukast and photosensitivity are not disproportionally 
reported overall (31 reports vs 37 expected), or in any of the 
subgroups that we have considered; nor does a dispropor-
tionality between the two appear to be subject to masking by 
a specific event7 (Fig. 13). However, this was identified as 
a signal by the UMC in 2009 based on a strong underlying 
case series [60]: the 16 cases available at the time came from 
8 different countries, and 15 reported montelukast as the 
solely suspected drug; in 4 cases, photosensitivity resolved 
upon de-challenge (montelukast discontinuation) and in 2 

of these the event recurred upon rechallenge (montelukast 
reintroduction). A small number of reports with high clini-
cal utility, as in this case, can often offer more meaningful 
insights for causality assessment than even a knowledge-
driven disproportionality analysis. This is because scientific 
understanding evolves iteratively, with reasonable assump-
tions potentially shifting over time. Patterns that are not 
currently observable may emerge in the future. Therefore, 
signals should never be dismissed solely due to the absence 
of disproportionality.

4.7 � Violated Independence

One common assumption in statistical analyses is that indi-
vidual data points are independent of each other. In AE 
reports, dependence can arise in cases such as duplicate 
entries or clusters of reports generated during a study or 
legal proceedings.

4.7.1 � Clusters of Reports from Court Litigations: Anhedonia 
with Docetaxel

Docetaxel and anhedonia show a strong disproportionality in 
the crude analysis (886 observed vs 101 expected; Fig. 14). 
However, most of these reports were submitted between 
2018 and 2019, and 95% of them record all of the following 
AEs: anhedonia, alopecia, anxiety, discomfort, emotional 
distress, injury, pain. This is a very unusual combination 
only reported six other times in all VigiBase. It is highly 
likely that these are dependent reports, plausibly produced in 
a cluster due to a single court litigation [61]. After removing 

Fig. 12   Imprecise event 
retrieval: peripheral neuropa-
thies with efalizumab

Fig. 13   High pharmacovigi-
lance utility: photosensitivity 
with montelukast

Fig. 14   Violated independence: 
anhedonia with docetaxel

7  While it is possible that many events commonly reported with 
montelukast – particularly those of a neuropsychiatric nature because 
of notoriety and solicited reporting – are contributing to a form of dif-
fuse masking, especially difficult to detect and address.
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all the reports in the database co-reporting these seven AEs, 
the disproportionality disappears (67 vs 97 expected).

4.8 � Biases Introduced by Sophisticated Analyses

Finally, sophisticated analyses can introduce or amplify 
biases if not carefully applied [62, 63]. Restricting to a spe-
cific subpopulation with a less-representative background 
can amplify masking, and restricting on effects shared by 
exposure and outcome can introduce collider biases.

4.8.1 � Amplification of Masking: Anemia 
with Tisagenlecleucel

Investigating anemia with tisagenlecleucel, a CAR-T cell 
therapy used to treat acute lymphoblastic leukemia, shows 
a significant disproportionality in the crude analysis (70 
reports vs 23 expected; Fig. 15). However, leukemia can 
itself cause anemia, suggesting a potential confounding by 
indication. Restricting to reports recording leukemias as an 
indication for treatment, the disproportionality disappears 
(33 reports vs 36 expected). While this could suggest that 
the disproportionality is spurious, the background restric-
tion also amplifies masking. In fact, the background after 
restriction has a clear over-representation of drugs (13% 
ibrutinib, 10% imatinib, 10% venetoclax) associated with 
anemia (both as treatment and cause). As a consequence, the 
background includes more reports on anemia, and, even in 
the presence of a potential causal effect, the disproportional-
ity with tisagenlecleucel is masked. The analysis based on 
reports that do not list leukemia as the indication indicates 
disproportional reporting (37 reports vs 14 expected), but 
this analysis—while avoiding masking amplification—likely 
suffers from residual confounding due to misclassification 
(many reports do not list an indication for treatment).

4.8.2 � Introduction of a Collider Bias: Cardiac Failure 
with Pembrolizumab

Crude analysis shows disproportionality for cardiac failure 
with pembrolizumab (359 vs 152 expected; Fig. 16). To 
account for different reporting practices, one may be tempted 
to restrict the analysis to serious reports, which eliminates 
the disproportionality (261 vs 291). The cardiotoxicity of 
pembrolizumab is well established [64]. The fact that a plau-
sible signal disappears when restricting to serious reports is 
due to a collider bias because both the event of interest and 
the drug of interest (or its indication for use, in this case 
cancer) increase the likelihood of the report being classified 
as serious. Intuitively, by restricting to serious reports, we 
retain a higher percentage of reports on pembrolizumab—
compared to other drugs—where the AEs are not inherently 
serious, because patients using pembrolizumab are frailer. 
This leads to a higher relative frequency of cardiac failure in 
the background after restricting to serious reports, ultimately 
reducing the IC.

5 � Assumptions of Disproportionality 
Analysis and Strategies to Mitigate Pitfalls

This section presents a conceptual overview of the key 
assumptions of disproportionality analysis, and mitigation 
strategies to address the presented pitfalls.

5.1 � Assumptions Underlying Disproportionality 
Analysis

For disproportionality analysis to be effective, the propor-
tion of the events in the foreground and background should 
correlate with the risk of the event in the exposed popula-
tion and an equally susceptible reference group, respectively. 

Fig. 15   Amplification of mask-
ing: anemia with tisagenlecleu-
cel

Fig. 16   Collider bias introduced 
by restricting to only serious 
reports: cardiac failure with 
pembrolizumab
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These assumptions can be violated at different stages of the 
generative process of the AE reports (Fig. 1), and, while 
frequently overlooked, rarely hold true. For an overview of 
the different assumptions, refer to Table 1.

All assumptions should be explicitly stated at the design 
stage and critically evaluated during analysis and interpre-
tation. The evaluation should consider differences between 
datasets of AE reports, as these may affect the degree to 
which assumptions are violated and the ability to capture 
and correct for important factors. Realistically, all dispro-
portionality analyses violate at least one of the assump-
tions, but when violations are minor, disproportionality 
analysis can still be useful, when properly contextualized. 
Similarly, while more sophisticated epidemiological meth-
ods have proven to be powerful in structured real-world 
data, their application in disproportionality analysis must 
be approached with caution. This is because the founda-
tional assumptions of these methods often do not hold in AE 
reports databases. In traditional epidemiology, multivariate 
adjustment is generally preferred over subgrouping, as the 
latter can reduce statistical power, complicate interpreta-
tion, and limit generalizability. However, in the context of 
AE reports, subgrouping may often be more appropriate. 
This is because it avoids relying on assumptions that are 
frequently majorly violated in these data sources—particu-
larly regarding the completeness and accuracy of covariate 
information. For instance, we can place greater confidence 
in the presence of an indication when it is explicitly recorded 
in a report than in its absence when it is not mentioned. 
A disproportionality analysis based on reports without the 
indication of interest may suffer from residual confounding 
due to misclassification, and this bias would typically carry 
over to an adjusted analysis.

Finally, while disproportionality analyses do rely on 
strong assumptions, they were developed in part to address 
challenges posed by other approaches—particularly those 
that combine numerator and denominator data from different 
sources, combinations that can introduce additional layers 
of bias and distortion [65].

5.2 � Mitigation Strategies

To address these pitfalls, one may account for heterogeneity 
in susceptibility, effect, and reporting using subgrouping, 
stratification, regression [8, 33, 66–68], devise queries to 
reduce the impact of misclassification (e.g., based on Med-
DRA hierarchy, Standardized MedDRA Queries, knowledge 
engineering techniques, or clinical knowledge [53]), and 
integrate disproportionality with a case-by-case assessment.

If pitfalls are addressed appropriately, disproportional-
ity analysis may be used beyond signal detection, in signal 
assessment. So, mitigation strategies for disproportionality 
analysis will vary depending on its intended use and should 
consider the general characteristics of the database.

5.2.1 � For Signal Detection

For signal detection, mitigation strategies may prioritize sen-
sitivity and timeliness to avoid missing important signals. 
However, one must also account for the potential opportu-
nity costs associated with overly sensitive thresholds that 
may trigger excessive false positives, resource-intensive 
follow-up, and alert fatigue [12].

Possible strategies include: stratification by common 
confounders, effect modifiers (e.g., sex, age), and reporting 

Table 1   Assumptions 
underlying disproportionality 
analysis

*When the drug and event are each in scope with the research inquiry, the report can still refer to an out-of-
scope relationship (e.g., incompatible temporal relationship)
**Non-systematic variations in reporting at the level of specific drugs or adverse events should cancel out 
with disproportionality analysis

Assumption Description

Valid phenotyping (a) Only outcomes, exposures, and relationships* relevant to the 
research question are retrieved

(b) All outcomes, exposures, and relationships relevant to the 
research question are retrieved

Homogeneity (a) Homogeneity of susceptibility to the event between foreground 
and background

(b) Homogeneity of drug effect across individuals in the foreground
(c) Homogeneity of reporting (and recognition and coding) across 

strata and drug-event combinations**
Reports independence (a) Different reports document different events

(b) Reports are produced independently
Reports utility (a) Reports have the same degree of reporter suspicion

(b) Reports have the same degree of assessor suspicion
(c) Perfect capture of relevant variables allows correct classification
(d) Reports support the causal relation with the same strength
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practices (e.g., country, reporter type), followed by the 
inspection of subgroup-specific estimates [66, 67]. However, 
subgrouping can reduce sample size (risk of missing signals 
because of lack of sufficient evidence) and may introduce 
collider biases or amplify masking. Also, performing mul-
tiple variations of the same analysis in parallel increases 
the risk of spurious disproportionalities and requires correc-
tions. For example, beyond looking at 95% CIs and shrink-
age used in regular IC analysis, one may use a 99% CI or 
any other method in order to control the false discovery rate 
[66, 69].

Ensuring proper capture of variables and running the 
analysis on multiple queries, potentially also using the 
MedDRA hierarchy, can address misclassifications [70, 71]. 
Unsupervised machine learning approaches may help iden-
tify case series of interest based on the co-reported events 
[72–75].

Filtering out precautionary reports can be very diffi-
cult, because there are no methods to clearly flag them 
at the stage of reporting. However, when successfully 
implemented, these methods help reduce spurious dispro-
portionalities—such as those related to reverse causal-
ity introduced by miscoding [27]. Predictive models for 
disproportionality analysis that account for other aspects 
of strength of evidence [76–78] can identify signals that 
would not be detected using disproportionality alone. 
Finally, once an unexpected disproportionality is identi-
fied, case-by-case review can help refine the study design 
by accounting for drug event-specific pitfalls that may 
not have been apparent from the broader design choices 
used in hypothesis-free, untargeted signal detection. For 
example, individual case review may identify a violation 
of independence when many cases are submitted simulta-
neously by a single source, like a poison control center. 
Extremely high disproportionality scores can sometimes 
suggest a misclassification of the indication for use as an 
AE, but they can also emerge from highly specific or well-
known reactions.

5.2.2 � For Signal Assessment

Generally, mitigation strategies for signal assessment should 
seek to increase specificity. However, if disproportionality 
is used to assess signals detected in other types of evidence, 
one should also consider negative biases, which could 
reduce sensitivity.

In signal assessment, a general characterization of the 
foreground relative to the background can be useful a priori 
to better inform the analysis and interpretation. Such char-
acterization, together with the assumptions derived from a 
priori knowledge, should drive the subgrouping on expected 
confounders, effect modifiers, and reporting practices. To 

account for potential notoriety bias, one might use time 
series analyses of disproportionality in relation to regula-
tory warnings, court litigations, and other factors that may 
impact the reporting rate. Sudden shifts of disproportionality 
score over time can be indicative of either emerging issues 
or the impact of reporting biases. To account for masking 
and background dilution, one should exclude competing 
drugs or events and large inputs of unrelated reports, when 
relevant. Subgrouping on variables influenced by prescrip-
tions and outcomes should generally be avoided, as this may 
introduce collider bias (e.g., not only outcome seriousness, 
but also other drugs and events). Inspecting the background 
after restrictions helps detect and adjust over-representation 
of specific drugs and events, which may amplify masking.

Unmeasured confounders can limit the effectiveness of 
pooling or subgrouping (e.g., many reports without smok-
ing history could still relate to smokers), leading to residual 
confounding in the stratum without a specific covariate. 
Subgrouping can also reduce sensitivity, by decreasing the 
population size enough to lose true signals and generaliz-
ability. Also, apparent confounding by co-medication (e.g., 
rhabdomyolysis with azithromycin co-reported with statins) 
does not rule out drug-drug interactions [79].

To address misclassification, it is important to apply clini-
cal judgment in selecting queries, assessing retrieved cases 
individually to ensure relevance, and using sensitivity analy-
ses when uncertain. As there is no universally applicable 
choice of coded terms or sets thereof, any choice of terms 
should be commensurate with the specific inquiry at hand 
and requires extensive familiarity with (inter)national report-
ing practices, medical terminologies, and coding practices 
and conventions.

Moreover, disproportionality analysis usually does not 
account for time to onset (TTO), dose-response relationship, 
or reversibility, which can contextualize findings [80].

Deduplication can help avoid some false positives [40], 
and the same methods sometimes identify clusters of reports 
that violate the assumption of report independence [40, 81].

6 � Discussion

The potential pitfalls in disproportionality analysis are wide 
ranging and can have substantial impact. Some of them apply 
to any analysis of AE reports. We hope to have demonstrated 
the challenge related with pitfalls and to have highlighted 
the assumptions underpinning disproportionality analysis, 
the conditions in which they can be violated, and strategies 
to mitigate the risk of false positives and false negatives.

Our examples demonstrate that subgroup analysis can 
help uncover and avoid many of the pitfalls inherent in dis-
proportionality analysis, although careless subgrouping may 
itself introduce or exacerbate bias. These findings support a 
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more nuanced approach—one that relies on prior knowledge 
to guide subgrouping—challenging the view that the nature 
of AE reports and disproportionality analysis precludes more 
sophisticated analytical methods [20].

The use of disproportionality analysis should be justified 
and its ability to address the question of interest explicitly 
assessed. The latter engenders proper design, based on exist-
ing causal knowledge, and minimizes the gap between the 
potential and actual value of disproportionality analysis. 
Similarly, assumptions should be assessed and transpar-
ently reported, and their violations addressed, as we have 
shown to be at least partly possible. Failure to do either, 
renders disproportionality analysis vulnerable to deliberate 
malpractice, or oversights, leading to poor quality studies, 
potentially missing important signals, generating unjustified 
alerts, and dissipating clinical review resources on spurious 
disproportionalities. With growing use by scientists who 
may not have a full appreciation of the underlying data and 
the strengths and limitations of disproportionality analy-
sis, there is an increased risk of succumbing to the pitfalls 
that may have a consequential impact on public health and 
patient safety.

Even when following best practices for disproportional-
ity analysis, and applying the most appropriate strategies to 
address biases, there remains a large gap between dispropor-
tionality and causation. So, associational and causal terms 
should be used accordingly [19]. Even more fundamentally, 
proportions of AEs in the database do not reflect the true 
frequency of events in the general population, and dispropor-
tionality analysis does not correspond to relative risk, even 
after adjustments like those proposed in this article. There-
fore, disproportionality should not be interpreted as a meas-
ure of effect, but rather as a mere indicator of the potential 
presence or absence of a causal relation. The assumption-
based methods presented above should be viewed merely as 
strategies to improve the predictive validity of this indica-
tor. Moreover, disproportionality should never be used in 
isolation for establishing causality, but as one component 
of a broader evidence puzzle. A case review is crucial, and 
other factors supporting the existence of the signal must be 
considered.

This work is not a complete inventory of all possible pit-
falls and is anecdotal by design. It does not discuss how 
common and consequential different pitfalls are. The pitfalls 
illustrated here generally apply to a wide variety of databases 
of AE reports, but there may still be some variability. For 
example, some pitfalls related to geographical variability 
may be less evident in national databases, while databases 
of pharmaceutical companies with a limited sample of drugs 
may be more susceptible to masking. Moreover, when apply-
ing disproportionality analysis to other data sources one has 
to consider that further data source-specific pitfalls may 
become relevant [82–84]. Beyond affecting the reliability 

of disproportionality analysis, several of these pitfalls also 
apply to any other analysis of AE reports. For example, if the 
case definition is too narrow, this will result in incomplete 
case series and impact any subsequent analyses.

Future research may focus on developing a systematic 
framework to identify confounders, avoid colliders, and 
address measurement errors and differential reporting. 
Such a framework should be built on a more comprehen-
sive understanding of the generative process of AE reports, 
than the one we used. Studies that systematically assess the 
frequency, detectability, and public health consequences of 
the presented biases—especially when signals are either 
falsely amplified or obscured—would significantly advance 
the field.

This manuscript, together with other efforts [28, 29, 33, 
85], may contribute to the formalization of biases in dispro-
portionality analysis and AE reports in a common catalogue 
of bias, alongside other observational and experimental 
biases (e.g., https://​catal​ogofb​ias.​org/), and in the develop-
ment of a risk of bias tool. Such a tool could allow for better 
qualified and more useful disproportionality analysis.

7 � Conclusion

This work highlights the complexity of disproportional-
ity analysis in pharmacovigilance, emphasizing the risks 
of conflating disproportionality with causality. While dis-
proportionality analysis is valuable for signal detection and 
assessment, it operates on several assumptions that must be 
carefully considered and addressed to avoid misleading con-
clusions. Future research may seek to develop a systematic 
framework for incorporating knowledge about the biases 
affecting AE reports into the design of pharmacovigilance 
analyses.
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