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Abstract

Background Completeness of adverse event (AE) reports is an important component of quality for good pharmacovigilance
practices. We aimed to evaluate the impact of incorporating a measure of completeness of AE reports on quantitative signal
detection.

Methods An internal safety database from a global pharmaceutical company was used in the analysis. vigiGrade, an index
score of completeness, was derived for each AE report. Data from various patient support programs (PSPs) were categorized
based on average vigiGrade score per PSP. Performance of signal detection was compared between: (1) weighting and not
weighting by vigiGrade score; and, (2) well documented and poorly documented PSPs using sensitivity, specificity, area
under the receiver operating characteristics curve (AUC) and time-to-signal detection.

Results The ability to detect signals did not differ significantly when weighting by vigiGrade score [sensitivity (50% vs. 45%,
p=1), specificity (82.8% vs. 82.8%, p=1), AUC (0.66 vs. 0.63, p=0.051) or time-to-signal detection (HR 0.81, p=0.63)]
compared to not weighting. Well documented PSPs were better at detecting signals than poorly documented PSPs (AUC
0.66 vs. 0.52; p=0.041) but time-to-signal detection did not differ significantly (HR 1.54, p=0.42).

Conclusion Completeness of AE reports did not significantly impact the ability to detect signals when weighting by vigiGrade
score or restricting the database based on the level of completeness. While the vigiGrade helps provide quality assessments
of AE reports and prioritize cases for review, our findings indicate the tool might not be useful for quantitative signal detec-
tion when used by itself.
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Introduction

Signal detection is a process to identify a potential causal
association between drugs and adverse events (AE) that
requires further evaluation [1]. Among many different
sources of data for signal detection, spontaneous report-
04 Inyoung Lee ing systems (SRS) are the most widely used [2,3]. One of

ilee37@uic.edu the major limitations of SRS is variability in the quality of
the AE reports [2,4]. Completeness of AE report has been
identified as a key parameter of quality for good pharma-
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associated with underreporting can also affect complete-
ness of reports. For example, depending on the reporter’s
attitudes, one may decide not to report an AE or provide
partial information regarding the AE. Conversely, report-
ers may provide a more complete report when they suspect
or believe that the drug and AE are associated [10]. This
suggests that completeness of reports could impact quan-
titative signal detection by having shared risk factors with
underreporting.

Increasingly more AE reports are received from man-
ufacturer-patient interaction via manufacturer-sponsored
programs such as patient support programs (PSP) [11]. The
PSPs aim to help patients in managing their conditions or
medications and result in more contact between the manu-
facturer and the patients or healthcare professionals, leading
to additional AE reports that would not have been received
in the absence of PSPs [12]. Importantly, the completeness
or the quality of the reports coming from PSPs may differ
from reports from other sources. Klein et al. reported that
PSPs had a higher proportion of “precautionary reports”
which they defined as reports with minimal information
compared to other non-specified sources [13]. Those
authors found that the precautionary reports can negatively
impact signal detection by leading to signals that are ulti-
mately determined to be ‘false-positives’ and masking true
signals. In contrast, Harinstein et al. found that reports from
industry-sponsored programs, which included PSPs, had
more complete data compared to reports from non-industry-
sponsored programs [14]. The impact of data from PSPs on
the overall quality of safety database is unclear and warrants
further investigation.

The objective of this study was to assess the impact of
the completeness of reports on signal detection. Specifically,
we sought to compare the performance of signal detection
from data when weighting by the completeness of reports
versus not weighting. Furthermore, we compared the ability
to detect signals between using data from well documented
PSPs versus moderately to poorly documented PSPs.

Methods
Data Source

The database we used for this analysis consisted of reports
of AE received within a major, global pharmaceutical com-
pany from 2015 to 2017. AE reports relevant to the manu-
facturer’s products were collected globally from various
sources: direct spontaneous reports from patients or health-
care professionals, clinical trials, non-interventional studies,
scientific literature, pharmacoepidemiological studies, PSPs,
market research programs, and internet sources. Informa-
tion on patient demographics, drugs, reactions, outcomes,

reporting sources, therapies and indications were available
in the safety database.

Identifying Cases from PSPs

Reports from PSPs were identified by searching for program
names and program service providers’ names in the safety
database. Reports identified as being from PSPs but did not
contain enough information to be matched to a specific PSP
were excluded from analyses that required identification of
specific PSP.

Reference Set

A reference set (“gold standard”) of drug-AE pairs was
established in order to evaluate the ability to detect true sig-
nals within the dataset. The reference set included a list of
internally validated signals and signals for which regula-
tory authorities requested investigation between 2015 and
2018. All signals included in the reference set had under-
gone internal signal assessment, meaning that each of the
signals was evaluated for a causal association between the
drug and the AE. The causal assessments used a combina-
tion of resources including review of the cases within the
internal safety database, expert opinion, existing literature,
and plausible biological mechanism. The positive references
were the group of AE-drug signals that were confirmed to
be causally associated. The negative references consisted
of AE-drug signals that were not confirmed to be causally
associated. There were 20 positive reference signals and 58
negative reference signals for this analysis. Adverse events
from the reference set were recorded in medical concepts,
which could be a single or a combination of the following:
Medical Dictionary for Regulatory Activities (MedDRA)
Preferred Terms (PTs), Lowest Level Terms (LLTs), stand-
ardised MedDRA queries (SMQs) or company MedDRA
queries (CMQs).

Signal Detection

The multi-item Gamma Poisson Shrinker (MGPS) method,
a Bayesian approach, was utilized to detect signals. The
MGPS lowers false positive signals by providing a robust
estimate when the events are rare [2,15,16]. The Empirical
Bayes geometric mean (EBGM) score was calculated using
the MGPS method for drug-AE pairs in the reference sets
within the safety database. A signal was determined to be
detected for drug-AE pairs when the lowest fifth percen-
tile of EBGM (EBO0S5) was greater than 2, i.e., threshold of
EBO5>2 [15]. Signal detection was performed using SAS
software, version 9.4. Specific SAS codes used for EBGM
calculations were available from the publicly accessible
GitHub repository [17].
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Weighting by Completeness of Reports

The Uppsala Monitoring Centre (UMC) developed vigi-
Grade, an index score of completeness for spontaneous
reports [6]. Calculating vigiGrade involves ten fields within
the safety database that are important in assessing causal-
ity. The ten fields are: time-to-onset, indication, outcome,
sex, age, dose, country, primary reporter, report type, and
comments [6]. Different penalties are applied for each of
the missing variables based on their importance in causal-
ity assessment following the criteria described in Bergvall
et al. [6]. The vigiGrade score can range from 0.07 (reports
missing information in all ten fields) to 1 (complete report)
[6]. According to the vigiGrade score criteria, uninforma-
tive text fragments in the comment field, which consists of
information in free text, should be excluded [6]. In order to
approximate informativeness of the free text field within the
database used in this study, the length of free text strings
were measured and comments equal to or greater than 288
characters were considered informative. This was based on
the assumption that an informative comment consists of at
least three sentences with the average number of words in
an English sentence being 17.5 and the average length of
an English word being 4.5 [18-21]. Spaces between words
and sentences were also accounted for in calculating the
minimum number of characters needed for an informative
comment.

Each case report was assigned a vigiGrade score based
on the information available. All reports were frequency
weighted by multiplying the vigiGrade score. Therefore,
reports with perfect vigiGrade scores had a frequency weight
of 1 and reports with the lowest vigiGrade scores had a fre-
quency weight of 0.07. For example, if a case had a vigi-
Grade score of 0.5, it had a frequency weight of half a case.
By mechanism, there became “less” reports with poorly
documented reports compared to well documented reports.
Total weights for reports of a particular drug-AE pair were
summed to calculate the weighted frequency of drug-AE
pairs. The purpose of frequency weighting the reports by
vigiGrade was to give more weights to well documented
reports as we expected that reporters may provide more com-
plete reports when they suspected causality.

Signal Detection Performance

Using the gold standard reference sets of positive and nega-
tive signals, the performance of the signal detection method
was compared when the reports were weighted by their
vigiGrade score versus using the unweighted reports. The
signal detection performance was evaluated using four meas-
ures: sensitivity, specificity, area under the receiver operat-
ing characteristics (ROC) curve (AUC), and time-to-signal
detection.

@ Springer

Sensitivity is the ability to detect a signal in a posi-
tive reference drug-AE pair. Specificity is the ability to
accurately classify the negative references as not trigger-
ing a drug-AE signal. Sensitivity and specificity can be
calculated using the number of true positive (TP), true
negative (TN), false positive (FP), and false negative (FN)
cases from comparing the gold standard (reference set) to
test results (detected signals). Sensitivity was calculated
as TP/(TP + FN) and specificity as TN/(FP + TN). McNe-
mar’s test was used to test whether sensitivity or specific-
ity was greater when weighting by vigiGrade compared
to not weighting. While sensitivity and specificity were
based on the threshold of EBO5 > 2 for detecting signals,
AUC is a general performance measure that does not rely
on a single threshold for signal detection. ROC curves
were plotted as sensitivity against (1-specificity) and AUC
values were compared using chi-square tests.

In order to estimate time-to-signal detection, EBOS was
calculated for each drug-AE pair in the positive references
for each cumulative months between 2015 and 2017. Time-
to-signal detection was measured as the number of months
from the index month, T, until the month the signal was
detected or the end of study follow-up whichever occurred
earlier. T was defined as January 2015 or the month of first
global drug approval date for the drug in the drug-AE pair,
whichever occurred later.

Kaplan—Meier curves were plotted for time-to-sig-
nal detection using the vigiGrade weighted data and the
unweighted data. The proportional hazards assumption was
tested by graphically assessing the scaled Schoenfeld residu-
als and by including time dependent covariates in the Cox
proportional hazards model to assess their statistical signifi-
cance. A Cox proportional hazards model was used to calcu-
late the hazard ratio adjusting for time since drug approval.

Sensitivity analyses were conducted using different
thresholds for determining informativeness of the free text
comments field when calculating vigiGrade score. Two sepa-
rate scenarios on the length of the comment field were used.
The first was to double the length of the base case such that
comments less than 576 characters were penalized. The sec-
ond analysis took the opposite extreme and only penalized
comments where there was no information (i.e., the com-
ment was missing).

Comparing Signal Detection Performance Across
PSPs Based on vigiGrade Score

The mean vigiGrade scores were calculated for reports from
non-PSP sources and from PSPs. Additionally, the mean
vigiGrade scores were calculated for each of the PSPs that
were included in the database. From the range of the mean
vigiGrade scores by PSP, those with a mean score in the
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highest tertile were classified as well documented PSPs;
the middle tertile as moderately documented PSPs; and the
lowest tertile as poorly documented PSPs. All performance
measures (sensitivity, specificity, AUC and time-to-signal
detection) were compared for well documented PSPs and
moderately documented PSPs to poorly documented PSPs.

Association Between Average vigiGrade Score
and True Signals

For each drug-AE pair in the reference set, the average vigi-
Grade score was calculated from all the reports contain-
ing the drug-AE pair of interest. The association between
the average vigiGrade score and the true signals (i.e., all
positive reference signals) was tested using the Wilcoxon-
Mann—Whitney test.

Results

In the safety database, the vigiGrade score of AE reports
ranged from 0.14 to 1. The median score was 0.56 and mode
was 1 with 19.5% of the total cases having complete fields.
The distribution of vigiGrade scores (Fig. 1) was spread
throughout the range but as the vigiGrade was calculated
by applying certain penalties based on missing fields, there
were certain vigiGrade scores with high frequency. The field
with the most missing data was time-to-onset (44.9%), fol-
lowed by age (40.2%) and dose (31.2%). As penalties for
missing time-to-onset, age and dose were 50%, 30% and
10% respectively, we saw peaks in vigiGrade scores at 0.9

(missing dose), 0.7 (missing age), 0.5 (missing time-to-
onset), 0.45 (missing time-to-onset and dose) 0.35 (missing
time-to-onset and age) and 0.315 (missing time-to-onset,
age and dose). The average vigiGrade score for reports con-
taining drug-AE pairs in the positive reference set (“true
signals”) was 0.63 compared to 0.68 for reports containing
drug-AE pairs in the negative reference set (“false signals”).
There was no association between the average vigiGrade
score and the true signals (Wilcoxon-Mann—Whitney test
p=0.34).

Throughout the 36-month study period, the mean
vigiGrade score for cumulative months increased until
22 months and then decreased over time (Fig. 2).

Weighting the reports by vigiGrade scores did not result
in significantly different sensitivity (50% vs. 45%; p=1),
specificity (82.8% vs. 82.8%; p=1) or AUC (0.66 vs. 0.63;
p=0.051) for signal detection compared to not weighting
(Table 1). Varying the length of free text in assessing the
informativeness in the comments field did not affect any of
the results in sensitivity analyses.

In time-to-signal detection analysis, not applying weights
to reports resulted in more signals detected over time than
weighting by vigiGrade scores, as shown in Fig. 3 (55%
vs. 50%). The incidence rate of signal detection was higher
when not weighting by vigiGrade score (29 signals detected
per 1000 data-months vs. 22.3 signals detected per 1000
data-months, p=0.55) compared to weighting but the dif-
ference was not statistically significant (Table 2). Weighting
the reports with vigiGrade score had lower likelihood to
detect signals at any given point in time compared with not
weighting when adjusted for time since drug approval but

Fig. 1 Distribution of vigiGrade R
score 20
15
g
2 10
@
a
5
0 - 5
0.1 0.2 0.3

sl Aol outhallladi ol o lio s Ul

0.4 05 0.6 0.7 08 0.9 1.0
wgiGrade score

ESPIURI RIS S -

@ Springer



146

Therapeutic Innovation & Regulatory Science (2021) 55:142-151

mean_VG
0.644
0.642
0640
0638
0636
0634
0632
LR
0628
0626
0624
0622
0620
0618
0616
06l
0612
06lo
0608
0606
0603
0.602
0.600

20 30 40
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Table 1 Sensitivity, specificity
and area under the receiver

Sensitivity® Specificity® AUC®

operating characteristics
(ROC) curve (AUC) for

signal detection weighting by
vigiGrade vs. not weighting by
vigiGrade

Not weighting by vigiGrade

Weighting by vigiGrade (base case)
Weighting by vigiGrade (sensitivity analysis 1)°
Weighting by vigiGrade (sensitivity analysis 2)¢

45% 82.8% 0.63

50% (p=1) 82.8% (p=1) 0.66 (p=0.051)
50% (p=1) 82.8% (p=1) 0.66 (p=0.085)
50% (p=1) 82.8% (p=1) 0.66 (p=0.051)

4Sensitivity and specificity were compared using McNemar’s test. The reference group for all comparisons

was ‘Not weighting by vigiGrade’

YAUC values were compared using chi-square test. The reference group for all comparisons was ‘Not

weighting by vigiGrade’

“Penalized when length of comment was less than 576 when calculating vigiGrade

dPenalized when comment was missing when calculating vigiGrade

the result was not statistically significant (HR0.81, p=0.63).
The results remained consistent in sensitivity analyses.
The mean vigiGrade score was higher for reports
from PSPs compared to non-PSP sources (0.62 vs.0.56;
p <0.0001) indicating that reports from PSPs were more
complete than non-PSP sources. Among reports from
PSPs, 62% were able to be identified as having come from
a specific PSP and were used for the rest of the analyses.
When the mean vigiGrade score was calculated for each

@ Springer

PSP, the scores ranged from 0.22 to 1. Dividing the mean
vigiGrade scores by tertile, the PSPs with a mean vigiGrade
score greater than 0.70 (highest tertile) were defined as well
documented PSPs; the moderately documented PSPs had
mean vigiGrade scores greater than 0.52 and less than or
equal to 0.70; and those with mean vigiGrade score less
than or equal to 0.52 (lowest tertile) were defined as poorly
documented PSPs.
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Fig.3 Kaplan—-Meier curve for
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Table 2 Incidence rates and hazard ratios (HR) of signal detection weighting by vigiGrade vs. not weighting by vigiGrade
N of signals Incidence rate (num-
detected® ber of signals detected Adjusted HR (95%
(%) Data-months per 1000 data-months)  Crude HR (95% CI)  p-value cneb p-value
Not weighting by 11 (55%) 379 29 1 Ref Ref Ref
vigiGrade
Weighting by vigi- 10 (50%) 448 223 0.80 (95% CI 0.60 0.81 (0.34-1.91) 0.63
Grade (base) 0.34-1.87)
Weighting by vigi- 11 (55%) 401 274 0.98 (95% CI 0.96 0.99 (0.43-2.27) 0.97
Grade (sensitivity 0.42-2.26)
analysis 1)°
Weighting by vigi- 10 (50%) 461 21.7 0.79 (95% CI 0.59 0.80 (0.34-1.89) 0.61
Grade (sensitivity 0.33-1.86)
analysis 2)¢

“Total of N in this analysis is the total number of positive reference signals, which should equal to 20

"HR adjusted for time since drug approval

“Penalized when length of comment is less than 576 when calculating vigiGrade

dPenalized when comment is missing when calculating vigiGrade

Well documented PSPs and poorly documented PSPs did
not demonstrate significantly different sensitivity (40% vs.
30%; p=0.25) and specificity (93.1% vs. 87.9%; p=0.29)
when EBO5 > 2 threshold was used (Table 3). Based on sig-
nificant difference in AUC of well documented PSPs and
poorly documented PSPs (0.66 vs. 0.52; p=0.041), well
documented PSPs had better ability at detecting signals
compared to poorly documented PSPs. Moderately docu-
mented PSPs and poorly documented PSPs did not result in

significant difference in sensitivity (25% vs. 30%; p=0.36),
specificity (86.2% vs. 87.9%; p=0.44) or AUC (0.54 vs.
0.52; p=0.70).

The Kaplan—Meier curve in Fig. 4 depicts that well docu-
mented PSPs detected 45% of positive references over time
compared to moderately and poorly documented PSPs detect-
ing 30% each. The incidence rate of detecting signals was
higher for well documented PSPs than poorly documented
PSPs (16.8 signals per 1000 data-months vs. 10.1 signals per
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1000 data-months, p=0.3343) although the difference was
not significant (Table 4). Using data from well documented
PSPs did not lead to significantly higher likelihood of detect-
ing signals at any given point in time compared to poorly
documented PSPs when adjusted for time since drug approval
(HR 1.54; p=0.42) indicating there was no significant dif-
ference in time-to-signal detection between the two groups.
There was also no significant difference in the likelihood to
detect signals over time between moderately documented
PSPs and poorly documented PSPs (HR 1.15; p=0.81).

Discussion

Weighting the AE reports by their vigiGrade scores, an indi-
cator of completeness of reports, did not result in signifi-
cantly better performance in signal detection compared to

not weighting. The completeness of reports varied widely
between PSPs (0.22—1). Well documented PSPs (PSPs with
average vigiGrade score in the highest tertile) were better
at detecting signals compared to poorly documented PSPs
(PSPs with average vigiGrade score in the lowest tertile)
based on AUC comparison.

The comparison of well documented PSPs and poorly
documented PSPs in our study suggests that using more
complete reports may lead to better signal detection in
general. We found that reports from PSPs were more com-
plete than non-PSP sources (mean vigiGrade score 0.62
vs.0.56; p <0.0001). Inferred from our findings in this
study, we might expect that reports from PSPs would be
better at detecting signals compared to non-PSP sources.
On the contrary, a previous study found that signal detec-
tion performance was higher for reports from non-PSP
sources compared to PSPs [22]. There are several potential

Table 3 Sensitivity, specificity and area under the receiver operating characteristics (ROC) curve (AUC) for signal detection for well docu-

mented PSPs; moderately documented PSPs; and poorly documented PSPs

Sensitivity p-value Specificity (%) p-value AUC p-value

Well documented PSPs* 40% 0.25 93.1 0.29 0.66 0.041
Moderately documented PSPs® 25% 0.36 86.2 0.44 0.54 0.70
Poorly documented PSPs® 30% Ref 87.9 Ref 0.52 Ref
*Well documented PSPs are defined as PSPs with average vigiGrade score less than or equal to the highest tertile
®Well documented PSPs are defined as PSPs with average vigiGrade score in the middle tertile
“Poorly documented PSPs are defined as PSPs with average vigiGrade score in the lowest tertile
Fig.4 Kaplan—Meier curve for
signal detection using data from 1.0 T iy (e + Censored
well documented PSPs; mod- |
erately documented PSPs and {
poorly documented PSPs
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Table 4 Incidence rates and hazard ratios (HR) of signal detection using data from well documented PSPs and moderately documented PSPs vs.

poorly documented PSPs
N of signals Incidence rate (number
detected® of signals detected per Adjusted HR (95%
(%) Data-months 1000 data-months) ~ Crude HR (95% CI) p-value cnP® p-value
Well documented 9 (45%) 536 16.8 1.62 (0.58-4.55) 0.36 1.54 (0.55-4.32) 0.42
PSPs®
Moderately docu- 6 (30%) 561 10.7 1.07 (0.34-3.30) 0.91 1.15 (0.37-3.58) 0.81
mented PSPs¢
Poorly documented 6 (30%) 593 10.1 1 Ref 1 Ref
PSPs®

Total of N in this analysis was the total number of positive reference signals, which was 20

"HR adjusted for time since drug approval

“Well documented PSPs are defined as PSPs with average vigiGrade score less than or equal to the highest tertile

9Moderately documented PSPs are defined as PSPs with average vigiGrade score in the middle tertile

¢Poorly documented PSPs are defined as PSPs with average vigiGrade score in the lowest tertile

explanations for this occurrence. One possibility is due to
differences between the sources. Reports from PSPs may
be more complete due to the system in place for PSP opera-
tions. These systems facilitate continued interaction between
patients and PSP providers. The increased interaction could
lead to easier follow-up of potential AEs compared to non-
PSP sources and thus result in more complete reports. PSPs
and non-PSP sources may also differ in the reported drugs
and AEs leading to a different pool of safety data ultimately
affecting the result of signal detection. Another possibility
is that completeness of reports may not directly lead to bet-
ter signal detection since the two key information elements
required for quantitative signal detection are information on
suspect drug and suspect AE. While the completeness of
reports may be helpful for signal assessment after signals
are detected, it may not impact signal detection as all reports
have information on suspect drug and suspect AE which is
enough to trigger a signal using methods such as MGPS. The
performance of signal detection could have been influenced
more on the reported drugs and AEs rather than how com-
plete the reports are.

We found that the reports of true signals in this study
were no more likely to be complete than reports of “false
signals” (i.e., signals confirmed to be not causally associ-
ated) and the information forming vigiGrade were missing
completely at random with regards to true safety signals.
This could have been the underlying reason for no differ-
ence observed in signal detection when weighting versus not
weighting by the vigiGrade score. From this, we can infer
that reporters may not necessarily provide more information
when they suspect an AE. It should be noted, however, that
as we used an internal safety database within a pharmaceuti-
cal company, the reporters may be systematically different
from the reporters in SRS databases or other pharmaceutical
company’s databases.

There are several limitations in this study. First, we
assessed uninformative free text by the length of com-
ment which is not the most accurate means to measure
informativeness and may lead to potential misclassifica-
tion of informative comments. Although we conducted
sensitivity analyses varying the length of comments to be
considered as informative, misclassification is still a possi-
bility that could affect the vigiGrade score. For part of the
analysis, we were not able to utilize all reports from PSPs
as 38% of reports were unable to be matched to a specific
PSP. This can limit generalizability of the results. Another
limitation is that there was a limited number of reference
signals available leading to insufficient power to detect
a significant difference when comparing signal detection
performance. Additionally, the findings in this study were
based on a single pharmaceutical company’s database.
The completeness of reports could vary between compa-
nies and the result may not be generalizable to a database
containing different drug-AE information. Finally, using
a pharmaceutical company’s database meant that certain
information could not be disclosed due to confidential
nature. In this study, we were not able to report the number
of AE reports within the company’s internal safety data-
base. While we acknowledge this limitation, we believe
our study provides a unique insight into utilizing a com-
pany’s safety database for signal detection, which enabled
us to identify reports from PSPs, an information that is not
available in the U.S. Food and Drug Administration (FDA)
Adverse Event Reporting System (FAERS).

vigiGrade is used at UMC, which manages the World
Health Organization global AE database for pharmacovigi-
lance activities, mainly for communicating with countries
regarding data quality and is also incorporated in vigiRank, a
predictive model that prioritizes signals [10,23]. In our study
we found that utilizing vigiGrade by weighting or restricting
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the database did not improve quantitative signal detection.
The vigiGrade score was developed to highlight systematic
data quality issues and the applied penalties may not be spe-
cific to benefit signal detection [6]. It may be beneficial to
develop a scoring system specifically designed to enhance
signal detection by selecting variables that are associated
with true signals or applying different penalties to missing
values.

While vigiGrade by itself may not be useful for signal
detection, vigiRank, which incorporates vigiGrade into the
model, performed better than a method of disproportionality
analysis at signal detection [10]. This indicates vigiGrade’s
potential use to assist signal detection as a component in a
broader model. Alternatively, vigiGrade may serve better
as a tool that is used to assess completeness of reports to
categorize them as well documented or poorly documented.
Well documented reports could serve as the starting point
for signal assessment as they contain more information that
is useful for causality assessment. Regardless of its use in
quantitative signal detection, vigiGrade is a useful tool
in Pharmacovigilance that provides valuable information
by highlighting data quality issues. Within pharmaceuti-
cal company’s pharmacovigilance departments, vigiGrade
could be used as an internal quality control tool such as
identifying if there is a field systematically missing from a
certain PSP as well as a tool to assist prioritization of case
review.

Conclusions

Weighting the AE reports by an indicator for completeness
did not significantly improve signal detection compared to
not weighting. In this study, reports from well documented
PSPs were better at signal detection compared to poorly
documented PSPs, but it is uncertain whether using more
complete report in general leads to better signal detection
as previous findings suggest otherwise. Further research is
warranted in different databases to generalize the findings.
We recommend vigiGrade to be used as a tool for quality
control and prioritization of case review.
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