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Abstract
Background and Aim  Disproportionality analysis is traditionally used in spontaneous reporting systems to generate working 
hypotheses about potential adverse drug reactions: the so-called disproportionality signals. We aim to map the methods used 
by researchers to assess and increase the validity of their published disproportionality signals.
Methods  From a systematic literature search of published disproportionality analyses up until 1 January 2020, we randomly 
selected and analyzed 100 studies. We considered five domains: (1) rationale for the study, (2) design of disproportionality 
analyses, (3) case-by-case assessment, (4) use of complementary data sources, and (5) contextualization of the results within 
existing evidence.
Results  Among the articles, multiple strategies were adopted to assess and enhance the results validity. The rationale, in 
95 articles, was explicitly referred to the accrued evidence, mostly observational data (n = 46) and regulatory documents 
(n = 45). A statistical adjustment was performed in 34 studies, and specific strategies to correct for biases were implemented 
in 33 studies. A case-by-case assessment was complementarily performed in 35 studies, most often by investigating temporal 
plausibility (n = 26). Complementary data sources were used in 25 articles. In 78 articles, results were contextualized using 
accrued evidence from the literature and regulatory documents, the most important sources being observational (n = 45), 
other disproportionalities (n = 37), and case reports (n = 36).
Conclusions  This meta-research study highlighted the heterogeneity in methods and strategies used by researchers to assess 
the validity of disproportionality signals. Mapping these strategies is a first step towards testing their utility in different 
scenarios and developing guidelines for designing future disproportionality analysis.

Key Points 

Validity of disproportionality is enhanced when combin-
ing evidence and robust methods.

No consensus on better approaches exists.

We found high heterogeneity in 100 published studies.

1  Introduction

Spontaneous reporting systems play a key role in monitor-
ing the safety of drugs after they have been approved for 
the market, complementing drugs’ safety profile obtained 
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from clinical trials [1]. Disproportionality analyses [2] 
are the most common statistical approach to analyze these 
reports and identify potential adverse drug reactions. They 
are used by health agencies, research centers, and pharma-
ceutical companies [3], for both signal detection (generat-
ing new hypotheses about potential adverse drug reactions) 
and signal refinement (characterizing unknown features of 
expected adverse drug reactions). Disproportionality analy-
ses look for patterns of disproportional reporting of a spe-
cific adverse event in patients who have taken a certain drug, 
when compared with the overall rates in the database [4]. 
These statistical disproportions do not imply any kind of 
causal relationship: the association may also be the result of 
reverse causality (the drug is taken to treat the event when 
the event has already been diagnosed [5]), protopathic bias 
(the drug is taken to treat a prodromic symptom of the event 
when the event has not yet been diagnosed [6]), indica-
tion bias (the reason for using the drug makes the patient 
more susceptible to the event [7]), notoriety bias (regula-
tory and media attention increase the reporting likelihood 
[8]), selective reporting and differences in reporters [9, 10]. 
In summary, disproportionality signals alone are not suf-
ficient evidence to establish a causal relationship between a 
drug and an adverse event [2, 11]. They should, instead, be 
considered as working hypotheses [12] and integrated with 
evidence from multiple types of studies (e.g., clinical tri-
als, observational studies, pharmacovigilance analyses, and 
animal experiments), each with its strengths and weaknesses 
[13]. Healthcare agencies perform this integration to decide, 
based on the place in therapy of the medicine, whether regu-
latory decisions are needed [14, 15].

Despite being a starting evidence, disproportionality sig-
nals are increasingly published in the literature, with hun-
dreds of safety signals generated each year [2, 13, 16]. These 
published analyses can be very different in nature: some are 
hypothesis-based, others purely rely on disproportionality 
in the reporting (i.e., the agnostic approach). Accordingly, 
the validity of safety signals may vary greatly [16]. Multiple 
strategies have been developed to assess and enhance the 
plausibility of disproportionality signals and to prioritize 
them [17]. These may involve clinical and pharmacological 
reasoning, theoretically-based design of disproportionality 
analyses, implementation and comparison of multiple opera-
tive choices (the so-called sensitivity analyses), case-by-case 
causality assessment, and integration with other data sources 
(e.g., prescriptions data to approximate incidence, pharma-
codynamic data to investigate the mechanism, regulatory 
documents to distinguish between expected and unexpected 
reactions) [2, 18, 19]. However, there is no gold standard to 
guide researchers in the design of disproportionality analysis 
and a large heterogeneity exists in published studies.

In this meta-research study, we investigated the strategies 
used to assess and enhance the validity of disproportionality 
signals. We did so by operationalizing a notion of signals 
validity, including (a) a priori plausibility of the hypothesis 
based on already accrued evidence, and (b) methodological 
robustness, verified as resistance from errors in the results 
when performing different operative choices and comple-
mentary analyses. By creating a mapping of these strategies, 
the study will provide a foundation for the development of 
guidelines for assessing the validity of published dispropor-
tionality signals.

2 � Materials and Methods

2.1 � Design of the Study and Article Selection

To obtain a description of strategies used to assess and 
enhance the validity of safety signals from disproportional-
ity analyses, we conducted a meta-research study based on 
a previous systematic review [16]. Briefly, a systematic lit-
erature search was performed on Medline to identify all pub-
lished disproportionality analyses since inception up until 1 
January 2020, using the search terms “case-non case,” “dis-
proportionality analysis,” “pharmacovigilance analysis,” or 
“pharmacovigilance study.” In the second step, 100 studies 
were randomly selected for analysis through random selec-
tion of article numbers on Excel.

2.2 � Development of the Extraction Table

Based on previous research on safety signals prioritization, 
on Bradford Hill criteria [20], and on the authors’ experience 
in designing disproportionality analyses and assessing safety 
signals, we identified the variables of interest and designed 
an extraction table.

Overall, we distinguished five domains in the assessment 
and enhancing of the validity of a disproportionality safety 
signal:

1.	 The explicit rationale for performing the study.
2.	 The strategies adopted in the design of disproportional-

ity analyses.
3.	 The strategies adopted in the case-by-case assessment.
4.	 The implementation of complementary analyses, inte-

grating spontaneous reports with other kinds of data.
5.	 The contextualization of the results within the existing 

evidence, including the literature, regulatory documents, 
and unpublished data.
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Domains one and five are strictly related to the a pri-
ori plausibility of the hypothesis, given accrued evidence. 
Domains two, three, and four are related to methodological 
robustness and the resistance to errors when performing dif-
ferent operative choices.

For each domain, we identified variables of interest and 
possible associated values (Table S1 in Supplementary 
Material 1).

2.3 � Data Extraction Process and Descriptive 
Analysis

For each study, two authors extracted the data in parallel 
(MF, MI, CB, CK, ER). A pilot study was performed on 
five studies to train the authors in the extraction approach. 
Disagreements were resolved through discussion and con-
sensus among all the authors. The same procedure—includ-
ing a phase of extraction led separately by two authors, and a 
phase of comparison and consensus among all the authors—
was repeated for the remaining studies.

A descriptive analysis was performed to summarize the 
strategies used by the 100 articles to assess and enhance the 
validity of disproportionality signals.

2.4 � Software and Preregistration

R studio (version 4.1.2) was used to process, analyze, and 
visualize the data. The protocol, together with the original 
extraction table and the definition of each variable extracted, 
was preregistered in the OSF platform [21].

3 � Results

3.1 � Articles Selection and Description

The articles retrieved through the systematic literature 
search were published between 1983 and 2019. The 100 arti-
cles randomly selected for inclusion were published between 
1997 and 2019, with 70% of them published after January 
2015 (see Supplementary Material 2). Among them, 26% 
were conceived as brief articles, 40% of the studies were 
published in specialized clinical journals, and 60% in phar-
macological journals, with the most recurrent journals being 
“Drug Safety” (13%), the “European Journal of Clinical 
Pharmacology” (8%), and “Pharmacotherapy” (7%). Each 
study investigated a median of six drugs [interquartile range 
(IQR): 1–14] and one event (IQR: 1–5), with four articles 
investigating all drugs found in the database for one or more 

events, and three articles investigating all the events for one 
or more drugs. The drugs more commonly analyzed targeted 
the nervous system (24%), followed by antineoplastic agents 
(20%) and antiinfective drugs (11%). The most frequently 
studied adverse events were neurological (11%), cardiac 
(11%), and vascular disorders (7%) [16]. In 55 articles, a 
combination of MedDRA®1 terms was used to retrieve cases.

Among the analyzed articles, the most commonly used 
spontaneous reporting systems were the US Food and Drug 
Administration (FDA) Adverse Event Reporting System 
(FAERS, n = 40), the World Health Organization reporting 
system (VigiBase, n = 28), and the French national data-
base (BNPV, n = 20). In 11 articles, more than one data-
base was used. In 78 articles, the entire database was used 
for disproportionality analysis. Most common restrictions 
were applied, limiting the analysis to specific demographics 
(n = 14), therapeutic areas (n = 7), time ranges (n = 2), and 
serious events only (n = 2).

3.2 � Strategies to Assess and Increase Validity

3.2.1 � Rationale for the Study

All of the analyzed articles provided a rationale for their 
study (see Fig. 1). Among the articles, 95 clearly defined 
the type of evidence over which the study was designed, the 
most reported ones being observational evidence (n = 46) 
(e.g., pharmacoepidemiological prospective or retrospec-
tive studies), regulatory documents (n = 45) (e.g., safety 
warning issued by health authorities, information included 
in package inserts or summaries of product characteristics), 
and case reports (n = 38), followed by other previous dis-
proportionalities in the same or other spontaneous reporting 
systems (n = 36), clinical trials (n = 33), and preclinical 
studies (n = 11). Three studies proposed a methodological 
rationale (e.g., the implementation of a new technique). Two 
studies preregistered their protocol.

3.2.2 � Design of Disproportionality Analyses

In 83 articles the authors adopted at least one strategy to 
implement or test the validity of the disproportionality 
signals; in 48 more than one strategy was implemented 
(Fig. 1). In the remaining 17 articles, only a raw dispropor-
tionality analysis was performed. The most frequently used 
method was statistical adjustment for general variables not 

1  MedDRA® the Medical Dictionary for Regulatory Activities termi-
nology is the international medical terminology developed under the 
auspices of the International Conference on Harmonization of Tech-
nical Requirements for Registration of Pharmaceuticals for Human 
Use (ICH). MedDRA® trademark is owned by the International Fed-
eration of Pharmaceutical Manufacturers and Associations (IFPMA) 
on behalf of ICH.
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explicitly assumed to be effect modifiers or confounders 
(n = 34), particularly for age (n = 26), gender (n = 23), 
and comedications (n = 21). Moreover, specific strategies 
to correct for anticipated or identified biases were imple-
mented in 33 articles, the most frequent being indication 
bias (n = 11), comedication bias (n = 9), and masking bias 
(n = 7). In 25 studies, the signal stability (i.e., consist-
ency) was tested on multiple subpopulations, particularly 
on different age groups (n = 8) and indications for use 
(n = 5). In 22 articles, control was implemented: 9 were 
only positive, 1 was only negative, and 12 were both. In 16 
studies, multiple disproportionality methods were used: in 
13 cases a Bayesian approach combined with a frequentist 
approach was used to maximize specificity and sensitivity, 
and in 3 cases multiple frequentist methods were used. In 
12 articles, the time trend of the signal was investigated, 
and 11 articles accessed multiple spontaneous reporting 
systems. Two studies corrected the statistical significance 
for multiple testing.

3.2.3 � Case‑by‑Case Causality Assessment

Together with the disproportionality analysis, a case-by-
case assessment was also performed in 35 studies (Fig. 1). 
The most common form was investigating time to onset 
and temporal plausibility (n = 26). Among the 100 articles 
revised, 19 performed some kind of causality assessment. 
In 14 articles this consisted only of a differential diagnosis 
excluding alternative causes, such as comorbidities [e.g., 
human immunodefificency virus (HIV) is a confounder 
in the investigation of TNF-α inhibitors-related Kaposi 
sarcoma [22]] and concomitants (e.g., LiverTox and 
AZCERT lists of hepatotoxic and torsadogenic drugs [23, 
24]). Five articles also adopted a validated causality algo-
rithm (two adopted the WHO algorithm [25], one adopted 
the French Agency BNPV algorithm [26], and two adopted 
both of these algorithms). The reversibility (dechallenge/

rechallenge) was investigated in 11 articles, and the dose 
gradient in 9 articles.

Among the 17 articles performing only a raw dispro-
portionality analysis, 4 also performed a case-by-case 
assessment.

3.2.4 � Complementary Analyses

In 25 articles, the authors complemented the analyses on 
spontaneous reporting data with information from other data 
sources (Fig. 1). In 23 cases, the biological plausibility was 
investigated by linking spontaneous reports with pharmaco-
metrics (pharmacodynamics in 15 articles, pharmacokinetics 
in 11 articles, genetic data in two articles). In two articles, 
the authors linked drug utilization data to overcome the 
lack of exposure data, in the attempt to estimate reporting 
incidence measures. In two studies, one or more additional 
case reports were published and discussed together with the 
disproportionality analysis.

Among the 17 articles performing only a raw dispro-
portionality analysis, 5 also performed a pharmacometric 
evaluation.

3.2.5 � Contextualization Within Existing Evidence

In 78 articles, the results of the disproportionality analyses 
were contextualized within accrued evidence from the litera-
ture and regulatory documents (Fig. 1), the most important 
sources being observational (n = 45), other disproportionali-
ties (n = 37), and case reports (n = 36), followed by clinical 
trials (n = 29), regulatory documents (n = 25), systematic 
reviews (n = 23), and preclinical data (n = 21). Five articles 
reported a formal active systematic review or a meta-analysis 
of the evidence for and against the investigated hypothesis.

4 � Discussion

Our meta-research study mapped strategies used in the 
assessment and enhancement of the validity of safety sig-
nals from disproportionality analyses. We here present and 
discuss our findings, contextualizing them within methodo-
logical debates about disproportionality analyses from the 
literature.

Among the 100 selected articles, we observed a large 
heterogeneity in the approaches to assess and enhance the 
validity of disproportionality signals.

The heterogeneity of study designs in disproportionality 
analysis should not always be seen as a threat to study valid-
ity. It is important to acknowledge that different research 
questions necessitate different study designs. Some studies 
aim to uncover general associations between a drug and an 
adverse event, while others focus on specific subpopulations, 

Fig. 1   Use of strategies to assess/enhance validity in the 100 dispro-
portionality studies randomly selected, grouped by domain. The five 
colored bars represent the five domains. Each domain has a gauge 
plot on the left, showing the percentage of studies using at least a 
technique of the domain, and an UpSet plot on the right, showing the 
frequency of use of each technique (side bar plot) and of each com-
bination (bar plot on the top). In some cases, a rationale or a litera-
ture support was provided based on preexisting works, for which the 
underlying evidence was not clearly specified, as it came from narra-
tive reviews, opinions, and commentaries. Articles with underspeci-
fied rationale or literature support were counted in the gauge plot, but 
not reported in the UpSet plot. Legend: MT correction, correction for 
multiple testing; multi DA, multiple disproportionality analysis; multi 
SRS, multiple spontaneous reporting system. Created with biorender.
com

◂
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explore interactions with concurrent factors, or investigate 
variations among countries. This diversity of study designs 
allows researchers to effectively address their specific 
research objectives and specific bias. However, the omission 
of a case-by-case assessment can jeopardize the validity of 
the findings, as it plays a crucial role in accurately defining 
a signal. On the other hand, the assessment of reversibil-
ity, which is rarely irrelevant to the research question (e.g., 
for fatal events, pregnancy-related outcomes, or situations 
where drug suspension is not feasible), is often neglected. 
The absence of standardized guidelines frequently leaves 
researchers to make subjective decisions on study design, 
leading to a broader range of approaches and methodologies.

In this study, we grouped these strategies in five domains: 
(1) the rationale for the study, (2) the design of dispropor-
tionality analyses, (3) the case-by-case assessment, (4) the 
use of complementary data sources, and (5) the contextu-
alization of the results within existing evidence. Domains 
one and five were related to the a priori plausibility of the 
hypothesis. Domains two, three, and four were, instead, 
more strictly related to methodological robustness and infer-
ential validity of the quantitative and qualitative methods. In 
the following paragraphs, we will discuss separately each of 
these two components of signals validity.

4.1 � A Priori Evidence

Health agencies like the European Medicines Agency 
(EMA) or the FDA mainly use disproportionality analysis 
in the agnostic (i.e., non-targeted) routine detection of new 
signals, with no prespecified hypothesis [3, 27]. Most of 
the published disproportionality analyses are conceived and 
conducted to add further knowledge on an already identified 
safety signal or hypothesis, which is usually emerging from 
other observational studies, clinical trials, or case reports. 
Researchers’ disproportionality analyses, therefore, comple-
ment regulatory signal detection with a more targeted signal 
refinement.

First, starting from prespecified hypotheses, it is essential 
to contextualize the study within accrued evidence, to assess 
the a priori plausibility of the hypothesis. Ideally, this may 
consist in a systematic presentation of clinical and pre-clin-
ical evidence in favor and against the hypothesis of a causal 
link between the drug(s) and the adverse event(s) of interest 
[28], taking into account the external validity of preclinical 
findings (relevance of model, surrogate outcome, exposure, 
route of administration, dose, and drug) [29]. In our sample, 
only five studies performed a formal systematic review of 
the evidence, rarely together with a proper meta-analysis 
[30]. While the timeliness of signal detection in dispropor-
tionality analysis is important, it should not compromise the 
thoroughness of signal refinement. Conducting a system-
atic review is time-consuming, and it is crucial to strike a 

balance between two essential factors: the need to provide a 
comprehensive synthesis of existing evidence alongside the 
identified signal, and the potential risk of delaying necessary 
regulatory actions. In fact, more research is warranted to 
study the timeliness of the publication of disproportionality 
analyses in the evolution of a safety signal, from the first 
warning to the potential final validation or refutation [31].

Second, starting from prespecified hypotheses, it is essen-
tial to justify the study, given already accrued evidence. 
For example, if the study is conceived on results from an 
observational study, which, by definition, should be used to 
confirm or refute disproportionality signals from spontane-
ous reporting systems, the relevance of disproportionality 
analyses is questionable [32] and the added value should be 
clearly specified. In this case, a disproportionality analysis 
may be justified by the focus on populations not previously 
addressed by observational studies, or by obsolete results 
due to significant changes in clinical practice (e.g., changes 
in the dose administered).

4.2 � Methodological Robustness of the Qualitative 
and Quantitative Analyses

4.2.1 � Design of Disproportionality Analysis

To achieve methodological robustness, disproportional-
ity analysis should account for potential confounders and 
address the inherent variability of results stemming from 
subjective design choices. These operative choices involve 
discretionary decisions made during the analysis, such as the 
choice of background population, statistical methodologies 
employed, and the determination of signal detection thresh-
olds. It is important to justify and report these subjective 
choices to enhance the transparency and reproducibility of 
the analysis. Additionally, different operative choices can 
be simultaneously employed to explore the robustness and 
consistency of findings.

As previously emphasized [9], we found a high amount 
of heterogeneity in statistical methods used to calculate 
disproportionality.

The most commonly used technique was to statistically 
adjust or control for one or more variables. This adjustment 
was often made on general variables, such as sex and age, 
without explicitly assuming that these variables would affect 
the outcome in any specific way. While sex and age may 
affect the outcomes, any adjustment for covariates should 
be supported by a transparent a priori defined causal model, 
otherwise it may even introduce new biases [33]. Further-
more, because non-complete fields in spontaneous reporting 
are common, the practice of adjusting may lead to spurious 
and hardly interpretable results and should instead be lim-
ited to expected confounding factors (a targeted approach 
that we referred to, in the extraction table, as controlling for 
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bias). Conversely, searching for consistency in subpopula-
tions (i.e., subgroup or stratified analyses), which identified 
the lack or the presence of a specific confounder, is recom-
mended [34].

The adoption of multiple frequentist disproportional-
ity estimates (e.g., RRR, ROR, PRR) is also debated since 
their results overlap in big databases [35]. The adoption of 
a frequentist and a Bayesian approach instead may help to 
prioritize among signals, integrating the higher sensitivity 
of the former and the highest specificity of the latter [36]. 
Furthermore, running the analyses on multiple spontane-
ous reporting systems usually has consistent results [35] and 
may not be necessary apart from specific drug-event pairs, 
depending on the database-specific pattern of use [37].

Finally, when agnostic signal detection is performed, 
strategies to control for false discovery rates and to prior-
itize signals can also reduce spurious signal generation [32, 
38], but there is still no consensus on criteria and thresholds 
[28, 39, 40].

Protocols are a relatively new development, which has 
still not gained widespread adoption in pharmacovigilance 
disproportionality analyses. Given the retrospective nature 
of spontaneous reporting data and the absence of prereg-
istered protocols, there is risk for publication bias, selec-
tive outcome, and selective analysis reporting. Therefore, 
the results of only one analysis, in particular when imple-
mented with unusual thresholds and comparator groups, 
need to be interpreted very cautiously. Instead, we advo-
cate for the presentation of a set of motivated analyses (e.g., 
signal detection thresholds, comparator groups, adjustment 
strategies, and population subgrouping), ideally prespeci-
fied in a protocol, and an assessment of the consistency of 
the estimates presented alongside crude results [9, 16]. The 
assessment of the variability of the results according to event 
and drug terms selection is also an important point, given 
their impact on the results [34, 41, 42].

4.2.2 � Case‑by‑Case Assessment

Case-by-case analysis and causality assessment, including 
the evaluation of temporal and pharmacological plausibil-
ity, as well as a differential diagnosis to exclude alterna-
tive explanations, is an important step in the evaluation of 
safety signals by drug agencies. Even if case narratives are 
not always available in international databases due to data 
privacy policies, other data useful for causality assessment 
are often reported (time to onset, drug dose, action taken, 
and evolution). We recommend, if appropriate and when-
ever possible, the implementation of a causality assessment, 
especially for designated medical events such as Torsade de 
Pointes, drug-induced liver injury, and severe skin reactions, 
for example using the WHO causality assessment method 
[25] or Bradford Hill criteria [20]. Even if these methods 

cannot be fully implemented, researchers should still attempt 
to apply these criteria or their adapted form for spontane-
ous reporting systems [43, 44] to the reports inherent to the 
investigated signal. Doing so may reveal previously unde-
tected duplicates and non-predicted confounders.

4.2.3 � Complementary Analyses

New clinical data are sometimes published together with 
disproportionality analyses, presented as the evidence driv-
ing the disproportionality (e.g., case reports) or as a part 
of the study (e.g., considering prescription flows). Combin-
ing multiple data sources, albeit challenging, may provide 
a broader perspective and a more precise evaluation of the 
safety profile of a given drug [45, 46].

The integration with drug utilization data, a practice 
emerging thanks to the tracking of all the coronavirus dis-
ease 2019 (COVID-19) vaccines administered, is a way 
to partly map the exposure to the drug and try to estimate 
reporting rate measures [47]. Drug utilization data can be 
also useful as a tool for signal prioritization or to identify 
drug- and country-specific scenarios [48].

Correlating spontaneous reporting data with other phar-
macometrics data, performed at least in a speculative man-
ner in 22 of the 100 investigated studies, is a new and prom-
ising method to explore the underlying pharmacological 
basis. Nonetheless, a consensus on this approach has still 
not been reached [49–51].

4.3 � Limitations

We investigated techniques used by researchers to assess 
or enhance the validity of their disproportionality signals, 
without checking whether the signal was found to be valid. 
Also, we did not aim to assess the comparative utility of the 
different techniques. Furthermore, our findings should be 
considered in light of several limitations. Because some of 
the selected articles were conducted in the late 1990s, pre-
registration of protocols would not have been possible given 
the non-existence of such registries. Because of the sam-
pling, we may have missed some less-used or more recent 
techniques. Although we tried to minimize data-collection 
errors by performing extraction in parallel by two authors, 
sometimes the lack of transparency and the fact that we did 
not contact authors for clarification may have introduced 
minor misinterpretation of methods.

However, this meta-research is an initial attempt to for-
mally and comprehensively characterize criteria to define 
the validity of published disproportionality analyses, in the 
promotion of high-quality research in pharmacovigilance, 
namely conception, conduction, and reporting of dispro-
portionality analyses. We strongly believe that harmoniz-
ing these approaches will finally increase the transferability 
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of results from spontaneous reporting systems in clinical 
practice.

5 � Conclusions

This meta-research study highlights the heterogeneity in 
methods and strategies used by researchers to assess and 
increase the validity of disproportionality signals. This 
validity is built on both plausibility (derived from exist-
ing evidence) and methodological robustness. Mapping 
available strategies is the first step toward validation stud-
ies and formal pharmacovigilance expert consensus on 
guidelines for designing disproportionality analyses and 
for assessing the validity of a published disproportionality 
analysis. Standardization of items and the development 
of a checklist will allow researchers to better design and 
transparently present the strengths and weaknesses of their 
study. Standardization of items would also allow readers, 
editors, and clinicians to assess the validity of dispropor-
tionality signals.

A more valid signal refinement activity, providing not 
only a transparent report of a methodologically robust dis-
proportion pattern, but also its assessment and contextual-
ization within existing evidence, would support regulatory 
agencies in more easily prioritizing and getting the most 
from published results, thus avoiding the accumulation 
of hard-to-handle disproportionality noise. We encour-
age more complete, valid, and transparent—even if a bit 
delayed—disproportionality studies to better manage 
safety signals by regulatory agencies and increase clinical 
transferability [52].

Supplementary Information  The online version contains supplemen-
tary material available at https://​doi.​org/​10.​1007/​s40264-​023-​01329-w.
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