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Abstract
Introduction  Spontaneous reporting of adverse events has increased steadily over the past decades, and although this trend 
has contributed to improving post-marketing surveillance pharmacovigilance activities, the consequent amount of data 
generated is challenging to manually review during assessment, with each individual report requiring review by pharma-
covigilance experts. This highlights a clear need for alternative or complementary methodologies to help prioritise review.
Objective  Here, we aimed to develop and test an automated methodology, the Clinical Utility Score for Prioritisation (CUSP), 
to assist pharmacovigilance experts in prioritising clinical assessment of safety data to improve the rapidity of case series 
review when case volumes are large.
Methods  The CUSP method was tested on a reference dataset of individual case safety reports (ICSRs) associated to five 
drug-event pairs that led to labelling changes. The selected drug-event pairs were of varying characteristics across the port-
folio of GSK’s products.
Results  The mean CUSP score for ‘key cases’ and ‘cases of low utility’ was 19.7 (median: 21; range: 7–27) and 17.3 (median: 
19; range: 4–27), respectively. CUSP distribution for ‘key cases’ were skewed toward the higher range of scores compared 
with ‘all cases’. The overall performance across each individual drug-event pair varied considerably, showing higher predic-
tive power for ‘key cases’ for three of the drug-event pairs (average CUSP between these three: 22.8; range: 22.5–23.0) and 
lesser power for the remaining two (average CUSP between these two: 17.6; range: 14.5–20.7).
Conclusion  Although several tools have been developed to assess ICSR completeness and regulatory utility, this is the first 
attempt to successfully develop an automated clinical utility scoring system that can support the prioritisation of ICSRs for 
clinical review.

Key Points 

Techniques to systematically identify and distinguish 
ICSRs of higher clinical utility from lower utility ones 
will improve timeliness of case series review during 
safety assessment when case volumes are large.

We developed an automated methodology to assist 
pharmacovigilance experts in the prioritisation of ICSRs 
for clinical assessment of safety data within a safety 
database.

The method’s performance demonstrated the feasibility 
of this approach, but also highlighted opportunities for 
further refinement.

1  Introduction

Spontaneous reporting remains critical for identifying 
emerging safety issues once a drug has been approved [1–3]. 
Whilst safety concerns can be detected from a wide range 
of sources, such as clinical studies, scientific literature and 
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spontaneous reports, the latter remain the most commonly 
cited data source supporting regulatory actions [4–6]. Spon-
taneous reporting is therefore an efficient way to monitor 
safety concerns. Whilst statistical methods can support 
screening large spontaneous reporting databases, qualita-
tive review of individual case safety reports (ICSRs) forms 
a vital step following the initial identification supporting 
any subsequent validation or assessment activities. This pro-
cess relies heavily on manual assessment by safety experts 
through the use of existing frameworks (e.g. Bradford Hill 
[7], Naranjo et al. [8]) which provide guidance in the assess-
ment of causality.

Overall reporting of adverse events (AEs) has steadily 
increased over the past decades, resulting in a larger body 
of data which offers the potential to identify safety signals 
earlier and more accurately [9]. However, the processing of 
this sheer amount of data has appeared as an obstacle to the 
optimal detection of clinically significant AEs and adverse 
drug reactions, impeding manual review of safety reports 
and highlighting the need for alternative or complementary 
automated data review systems [4].

In addition, the review of spontaneous safety reports is 
complicated by qualitative issues: ICSRs are often incom-
plete, making the establishment of any causal relationships 
between a reported AE and a drug difficult. Although inter-
national guidelines recommend that all detected AEs must 
be reported with the aim of improving and better understand-
ing product safety, follow-up is often unsuccessful and does 
not improve the overall information needed for assessment 
of a causal relationship. Indeed, a review of a random sam-
ple of 1000 AEs noted, across potentially important data 
elements used in causality assessment, an average of only 
12.7 out of 26 were included in initial reports [10]. While 
follow-up should theoretically provide additional data and 
contribute to higher completeness of reports, studies sug-
gest successful follow-up is relatively rare (only 13.7% of 
ICSRs received follow-up) [11] and generally fail to provide 
much additional data (ICSRs with a follow-up contained 
an average of 15.5 out of the 26 potentially important data 
elements) [10].

For this reason, in addition to including an automated 
component to support assessment of increasing case vol-
umes, new approaches should enable the rapid and effective 
identification of reports that have the highest potential to 
contribute, either alone or combined with other reports (e.g. 
case series), to safety signal assessment (i.e. the detection of 
AEs that may be causally linked with the drug of interest).

Because of the increasing volume of ICSRs and the need 
for manual review by safety stakeholders, systematic scoring 
methodologies assisting in the prioritisation of ICSRs, both 
at the drug-event level and ICSR level are quickly gaining 
popularity in the field of pharmacovigilance. These algo-
rithms include methods based on case report completeness 

(vigiGrade [12]), regulatory utility (Food and Drug Admin-
istration [FDA] [13]); prediction models based on algorithm 
from the Netherlands Pharmacovigilance Centre Lareb [14]), 
or those developed for specific use cases (ClinDoc [15]; 
IMI WEB-RADR [16]), the purpose of which is to inte-
grate qualitative attributes to support signal management 
activities.

The vigiGrade scoring system, developed to highlight 
quality issues in ICSR datasets by scoring the complete-
ness of case reports, is currently the most widely used of 
these tools (predominantly in the field of pharmaceutical 
regulatory science), and both the vigiGrade and modified 
vigiGrade methods have previously been used success-
fully in several countries [12, 17–19]. However, a previous 
attempt to apply vigiGrade for prioritisation within a market-
ing authorisation holder (MAH) database failed to improve 
quantitative signal detection [20], suggesting that ‘complete-
ness’ does not necessarily imply ‘utility’ (i.e. the potential 
for information to provide true drug safety insights) [13]. 
Similarly, regulatory utility scoring systems developed by 
Muñoz et al. [13] and Scholl et al. [14], while proven effec-
tive for their respective databases, require information that 
is not systematically included in MAH databases or differ in 
terms of regulatory requirements (e.g. expedited reporting) 
and therefore, may not be directly suited to the purpose of 
safety assessment in MAH datasets.

The goal of our research was to develop and test a system-
atic scoring methodology applied in an automated manner to 
assist pharmacovigilance experts when a case series review 
is required through prioritisation on the basis of clinical util-
ity. In this study, clinical utility is defined as the likelihood 
of an ICSR containing information that will contribute to 
a meaningful clinical assessment of that case based on the 
presence of data within historically important fields to sup-
port a decision on the potential causal association between 
a drug-event pair.

With regard to safety data within safety databases, a 
major flaw of current approaches is that all cases are initially 
given the same weight and that manual review of ICSRs 
(sometimes > 1000) is required to isolate a small cluster 
of clinically meaningful and sufficiently well-documented 
cases that can support a causality assessment.

2 � Methods

2.1 � Methodology Presentation

We established a new method, called the Clinical Utility 
Score for Prioritisation (CUSP), built upon the literature for 
completeness and regulatory utility described above, and 
including a few notable additions relevant for overall clinical 
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assessment of causality not accounted for in other methods 
(e.g. duration of AE).

2.2 � Variable Identification

Variables used in existing methods for the assessment of 
spontaneous report completeness (vigiGrade [12]; modi-
fied vigiGrade [17–19]), clinical quality scoring (ClinDoc 
[15]), and utility (FDA pharmacovigilance utility scoring 
[13]) were reviewed, evaluated and agreed upon by the con-
sensus of a group of eight safety experts with a diversity of 
experiences who routinely conduct safety assessments. In 
addition, variables commonly used by safety staff, but not 
included in the aforementioned methodologies, were also 
considered. A comparison of variables included in CUSP 
and other pharmacovigilance scoring systems is presented 
in Supplementary Information SI1.

A total of 30 variables of interest were deemed to con-
tribute to the clinical utility of ICSRs and were included in 
the CUSP method (Table 1).

2.3 � Variable Scoring

In the context of the CUSP methodology, variable fields 
were assigned a score of 1 if (1) they contained any infor-
mation (regardless of the actual data entered) and (2) met 
variable-specific criteria if applicable (e.g. 'medical history' 
or 'indication' variable fields containing the information 
‘unknown’, as in ‘unknown medical history’ or ‘unknown 
indication’, would be assigned a score of 0; the 'narrative 
length' field would be assigned a score of 1 if the length of 
the narrative was > 1 standard deviation above the average 
length of narratives across all cases). Inclusion/exclusion 

criteria specific to CUSP variable fields are listed in Sup-
plementary Information SI2.

The CUSP score for a given ICSR is calculated as the sum 
of the scores of each variable field, with a minimum score 
of 2 (all ICSRs contain information relative to the 'suspect 
drug' and 'event' variable fields) and in theory a maximum 
score of 30.

2.4 � ICSR Data Source and Mapping of Variables

Data used for the analysis were all ICSRs from GSK’s 
internal safety database, made up of spontaneous reports 
up to the second quarter of 2021, where a GSK product was 
reported as the suspect drug.

The CUSP variables of interest were mapped to relevant 
data fields contained within GSK’s internal safety database. 
This mapping was validated through an independent code 
review against the requirements.

2.5 � Reference Dataset for Evaluation

A reference dataset was created to evaluate the performance 
of the CUSP methodology. The reference dataset was built 
from selected safety signals previously evaluated and com-
pleted by GSK safety experts, where a manual review of 
ICSRs had been undertaken prior to the implementation of 
the CUSP score to support the assessment of causality (i.e. 
case classification was independent of ICSR CUSP score). 
Of these signal evaluations, only those meeting the following 
criteria were included:

•	 Conducted prior to December 2020 (data lock point)

Table 1   CUSP variables of interest, categorised according to information type

AE adverse event, CUSP Clinical Utility Score for Prioritisation, DME designated medical event, HCP healthcare professional

Patient general 
information

Patient medical history Drug information Event information Miscellaneous information

Age Historical drug Suspect drug Event HCP report
Gender Medical history Number of suspect drugs Number of events Dechallenge
Weight Indication DME Rechallenge

Dose Event onset date Verbatim narrative
Concentration Event duration Narrative length
Dosing regimen Time to onset
Route of administration Results of test and procedure
Start/stop Treatment product
Lot number Outcome of AE
Disposition of drug
Concomitant medications
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•	 Regulatory action (e.g. labelling change) was recom-
mended beyond the continuation of routine pharma-
covigilance

•	 Data from the GSK safety database was the main data 
source evaluated

•	 Represented a range of drugs and events with varying 
attributes.

Of the resulting evaluations, five drug-event pairs with 
varying characteristics across GSK’s product portfolio were 
selected to test the CUSP method. Events with a short time 
to onset (TTO) and those manifesting over longer periods 
of exposure were included in the analyses. For each evalua-
tion, we noted the total number of ICSRs that had previously 
undergone manual review. Of those, we reported the total 
number of ICSRs that were determined to be of poor quality 
and/or lacking the sufficient clarity to be assessed, the total 
number of ICSRs that were of sufficient quality for assess-
ment, and those that could be considered as ‘key cases’. A 
‘key case’ is a case or group of cases most suggestive of a 
causal relationship [21].

The five safety evaluations included in the reference data-
set contained a total of 773 ICSRs, of which 33 were con-
sidered ‘key cases’ (positive control), 344 of poor quality 
(negative control; henceforth referred to as ‘cases of low 
utility’) (Table 2), and 396 reports containing alternative 
explanations (medical history and/or concurrent medica-
tions). These datasets (‘key cases’ and ‘cases of low utility’) 
were thereafter used along with ‘all cases’ within the safety 
database to assess distribution of CUSP scores, performance 
of CUSP methodology, and contribution of individual vari-
able fields to the score.

3 � Results

3.1 � Overall Performance of the CUSP Methodology 
for All Data

The mean CUSP scores for ‘key cases’ and ‘cases of low 
utility’ were 19.7 (median: 21; range: 7–27) and 17.3 
(median: 19; range: 4–27), respectively. The distribution 
of CUSP scores for ‘key cases’ were clearly skewed toward 
the higher range of scores as compared with ‘all cases’ 
(Fig. 1).

The number and proportion of ‘key cases’ were assessed 
with regard to ranges of CUSP score thresholds (e.g. top 
95%, top 85%, etc.). The overall distribution of CUSP 
scores according to percentiles is presented in Table 3.

As an example of using CUSP thresholds as cutoff 
points for case retrieval and prioritisation for subsequent 
manual evaluation by safety experts: if only ICSRs in the 

top 20% of all CUSP scores were selected (i.e. ICSRs with 
CUSP scores in the 80th percentile), 72.7% (n = 24) of 
‘key cases’ would be retrieved versus only 58.1% (n = 
200) of ‘cases of low utility’. In other words, 41.9% (n 
= 144) of ‘cases of low utility’ would not be prioritised 
for subsequent manual evaluation by safety experts versus 
only 27.3% (n = 9) of ‘key cases’.

3.2 � Variables of Interest Contributing to the CUSP

The proportions of reports including specific CUSP varia-
bles varied across the reference dataset (Fig. 2; a table detail-
ing these data is presented in Supplementary Information 
SI3). Differences were most pronounced for the designated 
medical event (DME; 73% for ‘key cases’ versus 16% for ‘all 
cases’), TTO (94% for ‘key cases’ versus 47% for ‘all cases’) 
and long narrative (70% for ‘key cases’ versus 26% for ‘all 
cases’) case attributes.

Table 2   Number of ‘key cases’ and ‘cases of low utility’ extracted 
from the reference dataset (for each drug-event pair and in total)

Drug-event pair Number of ‘key cases’
(positive control)

Number of 
‘cases of low 
utility’
(negative con-
trol)

Drug-Event #1 5 16
Drug-Event #2 7 195
Drug-Event #3 10 77
Drug-Event #4 2 56
Drug-Event #5 9 0
Total 33 344

Fig. 1   Distribution of CUSP scores in ‘key cases’ subset and full ref-
erence dataset (‘all cases’). CUSP Clinical Utility Score for Prioriti-
sation
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3.3 � Performance of CUSP for Specific Drug‑Event 
Pairs

The overall performance across each individual drug-event 
pair varied greatly, with ‘key cases’ retrieval ranging from 
20% to 60% when applying an 80th percentile CUSP score 
threshold (Table 4). Three of the drug-event pairs (#1, #2 
and #4) demonstrated a discrimination of ‘key cases’ com-
pared with the data for the drug-event pair of at least 50% 
(at the 80th percentile), whereas performance for the other 
two drug-event pairs (#3 and #5) was < 50% (Table 4; 
Fig. 3). The average CUSP score for drug-event pairs #1, 
#2 and #4 was 22.8 (range: 22.5–23.0), while the aver-
age CUSP score for drug-event pairs #3 and #5 was 17.6 
(range: 14.5–20.7).

4 � Discussion

Building upon prior work done for completeness and regu-
latory utility assessment, as well as internal expertise, our 
present research aimed to develop and test CUSP, an auto-
mated methodology to support the clinical assessment of 

safety data within a case series by ranking ICSRs on the 
basis of clinical utility.

The CUSP method for the overall dataset of five drug-
event pairs was able to retrieve 72.7% of ‘key cases’ at the 
80th percentile, producing higher average CUSP score for 
‘key cases’ than ‘cases of low utility’, and score distributions 
skewing towards higher CUSP scores for the ‘key cases’ stra-
tum compared with the ‘cases of low utility’ stratum. Fur-
thermore, the use of thresholds/cutoff points based on per-
centiles of CUSP scores for the reference dataset promoted 

Table 3   Performance of the 
CUSP score based on reference 
dataset.

CUSP Clinical Utility Score for Prioritisation, N cases included in given datasets, n cases retrieved from 
given datasets depending on cutoff points (percentiles) applied
a The 15th percentile was the lowest threshold at which all ‘key cases’ were retrieved

Percentiles from overall CUSP score 
distribution (‘all cases’)

Total

95 90 85 80 15a

‘Key cases’
(N = 33)

Number of retrieved cases (n) 12 20 22 24 33 33
Proportion of retrieved cases (%) 36.4 60.6 66.7 72.7 100 100

‘Cases of low utility’
(N = 344)

Number of retrieved cases (n) 104 160 183 200 332 344
Proportion of retrieved cases (%) 30.2 46.5 53.2 58.1 96.5 100

Fig. 2   Presence (%) of selected 
CUSP variables in the safety 
database (‘all cases’) and ‘key 
cases’ subset, listed by decreas-
ing difference (top 10 highest) 
between the ‘key cases’ subset 
and the full reference dataset. 
CUSP Clinical Utility Score for 
Prioritisation, DME designated 
medical event, HCP healthcare 
professional, ICSRs individual 
case safety reports, TTO time 
to onset

Table 4   Proportion (%) of ‘key cases’ in 80th percentile (defined 
from ‘all cases’ of given drug-event pairs)

Drug-event pairs ‘Key cases’ at 
80th percentile 
(%)

Drug-Event #1 60
Drug-Event #2 57
Drug-Event #3 20
Drug-Event #4 50
Drug-Event #5 22
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a preferential retrieval of ‘key cases’ (72.7% retrieval with 
an 80th percentile cutoff point) compared with ‘cases of low 
utility’ (58.1% retrieval with an 80th percentile cutoff point). 
This highlights the potential of the scoring system to dis-
criminate between cases of higher and lower clinical utility 
and assist in prioritisation of reports.

Although questions could be raised concerning that not 
all ‘key cases’ were always ranked highly using the CUSP 
method, it is important to frame this result in the context 
of real-world pharmacovigilance activities. A small num-
ber of cases reports (as low as one, if a strong and well-
documented report is isolated) can be enough to justify 
regulatory action [22, 23], however, this is generally rare. 
Typically, a safety assessment is supported by numerous 
cases, such that the absence of some ‘key cases’ is unlikely 
to change the overall assessment of the drug-event pair. 
In practice however, the application of a CUSP threshold 
is arbitrary, due to the variability in performance across 
drug-event pairs, and all cases can be reviewed when 
needed. The CUSP offers a systematic approach for prior-
itisation which will often, but not always, reduce time, as a 
sufficient body of evidence for considering next steps will 
often surface to the top of a sorted list for clinical review.

Another analysis was carried out to evaluate the relative 
contribution of variables to the CUSP score. Since vari-
ables considered for the CUSP method were selected with 
the aim of facilitating the establishment of possible links 
between a drug and an event, it is unsurprising that high-
scoring ICSRs therefore contain a considerable amount 

of information directly related to the suspected drug and 
reported event. In particular, DME, TTO and long nar-
ratives were frequently present in high CUSP scoring 
reports, and would therefore be likely to contribute to the 
identification of ‘key cases’. This too is unsurprising if 
we consider the nature of these attributes. The DME list 
includes designated important medical events appearing 
on the European Medicines Agency important medical 
events list, which details serious and usually drug-related 
medical conditions using standardised terminology [24]. 
In addition, TTO supports the establishment of a temporal 
relationship between the drug and event. Finally, ICSRs 
containing longer narratives are hypothesised to contain 
more clinically rich information that may help understand 
the chronology of the AE.

Assessment of the method for the five individual drug-
event pairs included in the reference dataset revealed vari-
ations of performance: CUSP performed well (of at least 
50%, at the 80th percentile) for three of the pairs, enabling 
retrieval of 50–60% of ‘key cases’ compared with 20–22% 
for the two other pairs. It is also worth noting that the aver-
age CUSP score for ‘key cases’ obtained for the three drug-
event pairs for which the method performed better was 
higher (22.8) than the scores obtained for the reference 
dataset (12.9 for ‘all cases’, 19.7 for ‘key cases’, and 17.3 
for ‘cases of low utility’). This further highlights the fact that 
the current iteration of the CUSP method is likely to benefit 
the pharmacovigilance activities surrounding some drug or 
event types more than others.

Fig. 3   Distributions of CUSP scores for drug-event pairs. CUSP Clinical Utility Score for Prioritisation
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Variables that are suggestive of a given ICSR clinical 
utility may differ considerably depending on the safety 
issue(s) being assessed [13]. For instance, the CUSP method 
is expected to perform less well for events which are con-
sidered less clinically complex and/or require very few 
attributes to diagnose (e.g. hypersensitivity reactions). In 
the example of hypersensitivity reactions, some CUSP vari-
ables are likely to be less relevant (e.g. concomitant medica-
tions) than others (e.g. TTO, dechallenge, rechallenge). In 
addition, CUSP scoring may be impacted for events which 
have highly complex diagnostic criteria (e.g. psychiatric 
disorders), where a healthcare professional may not know 
the clinically relevant information as the event manifests 
over a much longer period of time and is multifactorial 
in nature. Therefore, the healthcare professional is more 
likely to include information that may not be relevant in 
the assessment of the event. Put together, these results sug-
gest that the CUSP method is an effective ranking classifier, 
but that bespoke adjustments a priori for specific drug- or 
vaccine-event pairs may be an area of opportunity. How-
ever, the rationale of such adjustments should be carefully 
documented to maintain reproducibility and consistency of 
approach across drug-event pairs when appropriate.

Important limitations of the current study include the rel-
atively small sample size of its reference dataset (33 positive 
and 344 negative controls) and the reduced number of drug-
event pairs considered for the analyses. Although selected 
drug-event pairs displayed varying attributes, a lot of drug-
event pairs with different characteristics were not covered 
here, and CUSP performance may vary substantially. As 
previously discussed by Muñoz et al. [13], our work fur-
ther highlights the difficulty in defining key variables as a 
major challenge to the large-scale use of measures of utility 
for safety assessments [13]. The CUSP score only consid-
ers whether a variable is present or absent, not whether the 
said variable conveys clinically relevant and useful informa-
tion (e.g. is rechallenge available versus confirming a posi-
tive rechallenge). Although this binary classification might 
appear as simplistic, the lack of rationale and evidence to 
support a non-binary approach (e.g. how to apply variable 
weighting between 0 and 1 in a clinically appropriate and 
reproducible way taking into consideration the heterogeneity 
of drug AEs through a semi-automated solution) currently 
precludes the use of more sophisticated variable weighting 
for the CUSP method. However, with further experience 
using the method in the field and the concurrent build-up 
of evidence, a weighted approach may be considered in the 
future. In addition, the CUSP score did not consider a time-
based variable both for potential time savings utilising a 
CUSP-based methodology or in an assessment to determine 
if retrieval of ‘key cases’ occurs sequentially to support deci-
sion making. The CUSP scores can potentially be further 

refined to provide a higher level of accuracy through the 
accumulation of additional data.

Results presented here support the effectiveness and 
potential of the CUSP method, however, there remains 
room for further improvement. This first iteration of the 
CUSP method used a relatively simple binary scoring sys-
tem based on the presence or absence of data, regardless of 
the drug-event association being assessed. A modified ver-
sion of CUSP limiting variables to only those of relevance 
to the drug and/or event being assessed could improve the 
performance of the method. Although this may require a 
priori input from safety experts, the burden of manual work 
involved would be largely offset by the drastically improved 
reviewing performance, and this methodology could be used 
to improve the performance of drug-event pairs #3 and #5. 
It is worth nothing, though, that manual interventions, even 
small, may be a source of bias or error (e.g. wrong weighting 
of individual variables) and great caution should be exerted. 
More broadly, the need for any situation-specific modifica-
tions to the assessment system should be the object of a 
robust framework to ensure consistency and adequate docu-
mentation of deviations.

Other directions for improvement are the development 
of a regression model where each variable is weighted dif-
ferently, or the systematic weighting of variables according 
to their importance to the causality assessment (e.g. rechal-
lenge, which is of high importance, would carry more weight 
than AE treatment, which is less important). The challenge 
of such approaches is to reduce the risk of overfitting, par-
ticularly when the available data are sparse. In the longer 
term, artificial intelligence and machine learning may come 
into play to further improve approaches using the CUSP 
method, for example, through the systematic identification 
and prioritisation of clinically rich reports at earliest possible 
time (i.e. as soon as a safety report enters the system) or the 
automated focus of follow-up efforts on these reports.

The CUSP methodology has use cases across multiple 
pharmacovigilance processes (e.g. supporting the identifica-
tion of potentially clinically important cases at case intake 
through to supporting prioritisation during safety assess-
ment). The CUSP methodology is an important step toward 
allowing safety stakeholders to focus efforts on higher qual-
ity data. The CUSP method is an effective ranking classifier, 
which supports a structured review of the data prioritising 
clinically rich cases. CUSP scoring can not only identify 
ICSRs with potential for increased clinical utility to sup-
port causality assessment, but can also be used to identify 
what variables are more important to help focus follow-up 
efforts. In addition, CUSP has the potential to support in-
stream qualitative reviews aiming to identify if changes in a 
particular ICSR have the potential to improve clinical assess-
ment [22, 23]. Further work will endeavour to explore these 
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potential use cases; currently it does not support the signal 
detection process, nor does it infer clinical insights without 
appropriate pharmacovigilance expertise.

5 � Conclusion

Our study demonstrates that the CUSP methodology has the 
potential to enable the systematic identification of ICSRs 
with higher clinical utility. Although other tools have been 
developed to assess ICSR completeness and regulatory util-
ity, this is the first attempt to successfully develop an autom-
atable clinical utility scoring system that can support the 
prioritisation of ICSRs during case series review. The results 
presented here demonstrate the feasibility of automating the 
identification of ICSRs with greater clinical utility to support 
pharmacovigilance experts in prioritising clinical review. 
The efficiency of such an approach could allow safety staff 
to reach a decision faster and therefore focus on activities 
with higher added value (e.g. risk mitigation) rather than 
reviewing the subset of ICSRs that offer very little value to 
clinical assessment.
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