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Spontaneous reporting of suspected adverse drug reactions (ADRs) has longAbstract
been a cornerstone of pharmacovigilance. With the increasingly large volume of
ADRs, regulatory agencies, scientific/academic organizations and marketing
authorization holders have applied statistical tools to assist in signal detection by
identifying disproportionate reporting relationships in spontaneous reporting
databases. These tools have generated large numbers of signals defined as drug-
ADR reporting associations that meet specified statistical criteria.

The challenge is to identify which signals are most likely to be medically
important and therefore warrant priority for further investigation. Decisions
related to signal triage are often complex and are based on a combination of
clinical, epidemiological, pharmacological and regulatory criteria. There are no
specific regulations, guidelines or standards that provide an objective basis for
these decisions.

This paper describes preliminary work to identify and quantify the specific
factors that contribute to a decision to prioritize a specific drug-ADR combination
for further in-depth review. We applied a tool from the discipline of decision
analysis to systematically assess the important attributes of spontaneously report-
ed ADRs. A model was created that integrates these assessments and produces
rankings for the signals generated from quantitative signalling methods. Although
more research is necessary to evaluate the performance of this model fully,
preliminary results suggest that the use of formal decision analysis approaches to
support signal triage can provide potential benefit and will help meet an important
need.

Spontaneous reporting of suspected adverse drug case’ assessment by clinicians is increasingly
reactions (ADRs) has long been a cornerstone of suboptimal for signal detection. It has become ne-
pharmacovigilance. With the increasing overall vol- cessary to develop quantitative methods/tools to as-
ume of ADRs, the traditional practice of ‘case by sess data systematically at an aggregate level for
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detection of novel ADRs. Regulatory agencies, portional reporting ratios) and time intervals (e.g.
scientific/academic organizations and marketing au- time to onset and time between events). Examples of
thorization holders (MAHs) have applied statistical qualitative data include clinical judgement of
tools to assist in signal detection by identifying medical importance.
disproportionate reporting relationships in spontan- Unlike the causality assessment algorithms for
eous reporting databases.[1-6] These tools have gen- individual safety reports and algorithms for signal
erated large numbers of signals defined as drug- detection from aggregate data, which have had ex-
ADR reporting associations that meet specified sta- tensive research and discussion,[2,3,6,7,9-11] there has
tistical criteria. However, upon further investiga- been relatively little research on similar processes/
tion, many of these signals have not turned out to be tools for detecting and prioritizing signals from ag-
true ADRs. Of those that are confirmed, they are not gregate data.[12,13]

equal in their clinical or public health importance.
We conducted a review of the methods availableThe challenge in surveillance is to identify which

for assessing and quantifying the decision-makingsignals are most likely to be medically important
process in other disciplines for potential applicabili-and therefore warrant priority for further investiga-
ty to the problem of signal triage and prioritization.tion.[7,8] This triage function is often performed by a
Based on this review, we have identified a suitableclinician based on a combination of clinical, epide-
approach from the decision-analysis literature calledmiological, pharmacological and regulatory criteria.
MADA, also known as multi-criteria decision ana-It is a complex decision process that can lack trans-
lysis (MCDA).[14-16]

parency, is time-consuming and can be subject to
MADA modelling is a means to value and subse-various biases. There is little objective information

quently prioritize observations (ADRs or signals inand few methods to assess variability among or
this case) by taking into account the many character-between assessors from MAHs, health authorities or
istics by which they can be valued, often referred toscientific/academic organizations.
as ‘attributes’. When selecting a house, typical at-This paper describes preliminary work to identify
tributes might be cost, location and square footage.and quantify the specific factors that contribute to a
When considering different jobs, important attrib-decision to prioritize a specific drug-ADR combina-
utes may be salary, job title and the length of thetion for further in-depth review, using a method
commute from home. This method involves build-known as multi-attribute decision analysis
ing a hierarchy of attributes and graded scales for(MADA).
each attribute, rating each signal’s performance on

1. Methodology those attributes and then totalling the weighted
scores for each signal. More complex approaches
are also used, such as those used in this work.1.1 Approach
MADA models are particularly useful when there
are multiple stakeholders, each of whom emphasizesWhen ‘signals’ are identified by quantitative sig-
different issues when ranking an observation. Thesenalling methods, the decision to prioritize a specific
models can handle both qualitative and quantitativesignal for further medical evaluation can be com-
data and, when properly designed, can account forplex. This decision often involves an intuitive inte-
missing information and ambiguous entries. Outputsgration and weighting of many different types of
of the model enable rankings according to the rela-data by an individual assessor. These data can be
tive performance of all observations on various sub-quantitative or qualitative. Quantitative data include
sets of the input attributes, and allow for explana-reporting frequency and report volumes, categorical
tions as to why one signal is ranked above another.data (e.g. expectedness and biological plausibility),
For example, a MADA model would make it clearprobabilities (e.g. disproportionality scores such as
that ADR X is ranked higher than ADR Y because ofEmpirical Bayes Geometric Mean [EBGM] and pro-
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Table I. Attributes and their definitions

Attribute Definition

% Serious cases Absolute percentage (0–100%) of cases meeting the US FDA definition of ‘serious’ for a given
AE in the Johnson & Johnson safety database

Confounded by indicationa Is the AE potentially attributable to indications for which the drug is typically used?

Drug class effectsa Has this AE been reported in other drugs in its class?

Empirical Bayes Geometric Meanb A measure of disproportional reporting for a given AE

Expectednessa Is this AE listed in the company core data sheet or equivalent?

External interesta Is there interest from any of the following categories: media, health authorities, medical/
scientific community or legal?

Fractional reporting ratio Ratio of reporting fraction from two different time periods; a measure of interval change in
reporting for a given AE

Positive rechallenge Is there at least one report of a positive rechallenge associated with this signal within the
Johnson & Johnson safety database?

Targeted medical events Matching to a constructed list of targeted medical events composed of events described in the
FDA proposed rule on Safety Reporting Requirements for Human Drug and Biological
Products (14 March 2003),[18] SAEs in ‘Dear Doctor’ letters and events identified as
preventable (medication error, accidental overdose, drug interaction)

Typical of ADRs Does the given AE match to a constructed list of AEs, which are typical of being ADRs?

Volume of reports The cumulative number of reports of the AE up to and including the current reporting period
within the Johnson & Johnson safety database

a Determined by SSPs based on medical judgement. All other attributes were computed from the adverse event reporting system or
Johnson & Johnson databases.

b WebVDME, a commercial data-mining tool by Phase Forward.

ADRs = adverse drug reactions; AE = adverse event; SAEs = serious adverse events; SSP = safety surveillance physician.

a much larger societal impact, even though it is less During triage, safety surveillance physicians (SSPs),
likely to be causally related to the drug. Additional the physicians who are responsible for routinely
advantages of the MADA approach are that the reviewing surveillance data,[17] review a list of sig-
models are easily understood, the process for devel- nals (ADRs meeting a set of defined criteria, e.g.
oping and applying them is transparent and they are statistical threshold) and make individual triage de-
easy to modify to novel situations, such as when cisions to prioritize them for further investigations.
considering a different class of drugs or patient Building the MADA models involved structured
population. interviews with the different decision-makers and

stakeholders. These stakeholders included other
physicians and scientists involved in assessing and1.2 Developing the Model
managing postmarketing safety issues (referred to as
‘benefit-risk leaders’ and their supervisors, ‘thera-The objective of the model was to generate
peutic area leaders’) and the epidemiologists whosystematic rankings (numeric scores) to support sig-
support postmarketing safety assessment.nal triage decision-making in Johnson & Johnson

Benefit Risk Management’s surveillance process. The interviews were conducted in order to:

Table II. Three key objectives under which all adverse drug reaction (ADR) attributes were grouped

Key objective Description

Novelty of event Degree to which a signal has not been observed before or the degree to which the reporting
frequency of a known ADR has changed

Strength of evidence Degree to which we believe the ADR represents a causal relationship between the drug and the
event

Medical impact Degree to which such a causal relationship impacts on patients’ lives or how the potential
relationship is viewed by regulatory bodies/scientific community
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1. identify the concepts used when making priori- to components of the impact analysis approach by
tization decisions (objectives); Waller et al.[12] and Heeley et al.[13]

2. show the hierarchical relationships between these In most cases, the attributes were well accepted
objectives (objective hierarchy); measures of the objectives; for example, a positive

rechallenge is strong evidence supporting a drug3. identify properties of the ADRs to assess or
association. In other cases, proxy attributes wereapproximate these objectives (attributes);
necessary, such as using the percentage of spontan-4. elicit relationships between the attributes and how
eous reports categorized as ‘serious’ as a proxy forthey may influence decisions (utility functions);
the medical impact of an adverse event to the pa-5. elicit weights that reflect the relative importance
tient.of the different attributes.

For continuous attributes such as EBGM, weIn initial interviews, a candidate set of >30 objec-
developed utility functions through structured teamtives was refined into a set of 11 key attributes used
interviews using the ‘midrange’ technique.[14,15] Bi-by SSPs during triage. The selected attributes were
nary attributes received utilities of 0 and 1 for thebased on data generally available in spontaneous
two values. These functions converted each attrib-ADR reports and had to be measurable at the time
ute’s measured value into a normalized measure ofthe model was applied. These are summarized in
‘priority for investigation’ and allowed us to capturetable I.
the decision-maker’s sense of where the importantAdditional discussion led to grouping of these 11
changes in the attribute occur. Finally, each attributeattributes under three key objectives: novelty of
and objective was weighted to compute overall rank.event, strength of evidence and medical impact
Weights were elicited in structured interviews but(table II and figure 1). Conceptually, these key
were subsequently revised, as described later.objectives are similar to the ‘SNIP’ criteria (i.e. the

During preliminary use of the model, informalstrength of the signal, whether it is new, clinically
comparison between rankings generated by theimportant or whether there is potential for prevent-
model and those by the SSPs showed that theative measures) described by Waller and Lee,[8] and

Strength of evidence Medical impactNovelty of event

FRR Positive rechallenge

Drug class effects

Typical ADRs

EBGM

10%

10%

100%

40%

40% 
or 0%

15%

10%

15%

Targeted medical event 

External interest

% serious cases

Volume of reports

20%

12.5%

12.5%

5%

50%

Expected

Confounded
by indication

Partitioning
attributes}

Priority for investigation

Fig. 1. Adverse drug reaction (ADR) prioritization model: objective hierarchy. Attributes were grouped into three key objectives (shown by
the black boxes and described in table II). Weights shown are for the revision 1 model. The attributes ‘expected’ and ‘confounded’ were
originally included under ‘novelty of event’ and ‘strength of evidence’, respectively, but are now used as shown in figure 2. EBGM = Empiri-
cal Bayes Geometric Mean; FRR = fractional reporting ratio.
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weight on novelty of event and thus more heavily
favoured medical impact attributes.

In section 3, we comment on the importance of
including list 2 and 3 ADRs in any application of
this approach as well as on the implications of
revising the weights after preliminary use.

1.3 Testing the Model

To be representative of the company product
portfolio, we selected three compounds that differed
in their stage of product life cycle and their thera-
peutic class (one compound each for the treatment
of cancer, neurological disorders and disorders of
the immune system/connective tissue and joints). A
test dataset consisting of approximately 75 ADRs
and the associated attribute scores for each ADR
was created for each compound. For each drug, the
ADR list was generated from the union of three
sources: the top 25 ADRs by EBGM score using the
US FDA Adverse Event Reporting System (AERS)
database; the top 25 by the fractional reporting ratio;

List 2List 1

List 3

Incoming ADRs

Expected?
(Lowest priority)

(Highest priority) (Moderate priority)

Confounded?

No Yes

No Yes

Fig. 2. Adverse drug reaction (ADR) prioritization model: partition-
ing logic for ADRs. The incoming ADRs were partitioned into three
subsets: list 1 = unconfounded, unexpected ADRs (highest priority);
list 2 = unconfounded, expected ADRs (moderate priority) and list 3
= confounded ADRs (lowest priority). and the top 25 by report volume from the company

safety database. The size of the final ADR list varied
clinicians were using two attributes of ADRs differ- as a result of overlapping between these sources.
ently from what had been expected initially. Investi- Attribute information was obtained from a combina-
gation of ADRs confounded by indication and those tion of three sources: FDA AERS, the company
already listed in the compound’s company core data safety database and clinical judgement by the SSPs.
sheet was consistently judged to be of lower priority The SSPs were provided with guidelines for those
than for those without these properties, beyond what attributes based on clinical judgement (confounding
could fit into the MADA framework. To address this by indication, drug class effect, expectedness and
finding, the ADRs were partitioned into three sub- external interest). A tester group of physicians was
sets (lists 1, 2 and 3; figure 2), then ranked within instructed to rank the ADR list in order of priority
each set by multi-attribute models. Since the uncon- for investigation and to provide their supporting
founded and unexpected ADRs in list 1 often have rationale. We compared the prioritization rankings
the highest priority for investigation, our analysis from the physicians with those generated by the

model.focuses on this subset of ADRs identified during the
signalling process.

2. Results and Analysis
This partitioning also entailed revisiting the

weights initially elicited for the full set of ADRs. To We first compared SSP tester prioritizations with
accommodate the subset of ADRs that comprise list those from the model. The tester group consisted of
1, the model weights were revised and are referred three SSPs, all of whom were involved in develop-
to as ‘revision 1’. Most of the analyses are based on ing the model. The two key measures used were the
revision 1 weights. We also considered a third set of Spearman rank correlation coefficient[19] and corre-
weights, ‘revision 2’, which incorporated the idea lation plots. Spearman rank correlation coefficient is
that list 1 ADRs are implicitly novel and need little a measure of the degree to which two rankings
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with the x-axis being model rankings and the y-axis
being the average SSP rankings. Perfect correlation
(Spearman rank correlation coefficient = 1.0) results
in all items lying on the diagonal.

For drug 1, there were 27 unique ADRs in list 1,
for drug 2 there were 8, and for drug 3 there were 12.
For a combined ranking, each ADR was assigned
the average rank amongst the three testers. For the
three drugs, the correlation plots suggest modest to
good correlation. Figure 3a shows the correlation
plot for drug 1 with the original weights. The corre-
lation plots for drugs 2 and 3 are available as supple-
mentary material online (‘ArticlePlus’) at http://
drugsafety.adisonline.com. The effect of using this
model was compared with models based on the
original weights elicited for the model and with
increased relative weight for medical impact attrib-
utes (figure 3b and table III).

We then expanded the tester group to 12 physi-
cians from two safety functional groups: six SSPs
(who have responsibility for routine review of sur-
veillance data) and six benefit-risk leaders (who
have overall responsibility for drug safety and bene-
fit-risk for a compound) using the same drugs. Most
testers were not involved in developing the model.

Spearman correlation coefficient = 0.64
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Fig. 3. Correlation plots for drug 1 using: (a) original weights; (b) re-
vision 2 weights. The lines show where the markers would lie with
perfect correlation. SSP = safety surveillance physician. In addition, testers were allowed to use equivalence

ranking, indicating that two or more ADRs had the
differ. The larger the number of items ranked differ- same priority for investigation.
ently and the greater the degree to which each item’s To minimize potential masking of inter-physi-
position differs in the two rankings, the lower the cian variability by using average SSP rankings, we
correlation. A correlation coefficient of 1 means an compared median tester rankings with model rank-
exact match in ranking, a correlation coefficient of 0 ings using both Spearman rank correlation co-
means no correlation and a correlation coefficient of efficient and Kendall’s tau (τ) statistic. Similar to
–1 indicates complete anti-correlation, in which the Spearman rank correlation coefficient, Kendall’s τ
two rankings are in opposite order. Since this mea- quantifies the level of agreement in ordering be-
sure can be abstract, we also show comparisons tween two sets of rating.[20] As is typically the case,
between rankings by using correlation plots. Corre- both statistics showed similar results[21] with con-
lation plots use markers for each item being ranked, sistently higher values for Spearman rank correla-

Table III. Correlation between model and safety surveillance physicians: effect of relative weight of attributes for list 1

Version Attribute weight (%) Spearman correlation coefficient

novelty strength of medical impact drug 1 drug 2 drug 3
evidence

Original 10 50 40 0.64 0.69 0.51

Revision 1 10 40 50 0.78 0.69 0.51

Revision 2 5 25 70 0.82 0.69 0.65
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Our research to date focused on developing and
testing a prioritization model that dealt with uncon-
founded, unexpected ADRs (list 1). In any real-
world application of this approach to signal triage, it
will be critical to also have prioritization models for
list 2 (unconfounded, expected) and list 3 (con-
founded) ADRs. While ADRs in list 1 are more

Table IV. Correlation between model and testers using Spearman
rank correlation coefficient and Kendall’s τ statistic. Spearman and
Kendall results show the same patterns for all drugs and groups of
testers

Drug Spearman Kendall

Drug 1 0.85 0.67

Drug 2 0.86 0.79

Drug 3 0.52 0.39

Overall 0.77 0.62 likely to be medically important signals warranting
high priority for further investigation, important sig-

tion coefficient (table IV). Correlation was quite nals may also come from list 2 or 3. For example,
good for the first two drugs and less so for the third. relying solely on list 1 would risk missing important

Our final set of results concern inter-tester agree- signals that are confounded by indication, e.g. drug-
ment as a means to gauge how close a correlation induced hepatitis in a drug used for the treatment of
with testers is theoretically possible for the model. hepatitis. There will also need to be a means to
Figure 4 shows Kendall’s coefficient of concor- merge the prioritization rankings from the three lists
dance (w) for the SSP and benefit-risk leader groups. or to develop algorithms or ‘trigger thresholds’ for
Kendall’s coefficient quantifies the degree of agree- when ADRs in lists 2 and 3 require further investiga-
ment between multiple raters and ranges from 0 for tion. These are potential topics for future research.
no agreement to 1 for perfect agreement.[20] Accord-

A key observation from the preliminary results ising to Landis and Koch’s[22] criteria for agreement,
that correlation between the model and the testers asthe results show mostly moderate agreement be-
a group (either as average or median tester ranking)tween testers, with no clear difference between the
was consistently higher than correlation between thetwo physician groups tested. The scores also suggest
testers or between the model and the individualthat the degree of variability between testers in-
tester. This suggests that the model is more repre-creases as the number of ADRs increases.
sentative of the thinking of the group rather than thatBecause the prioritization model was not de-

signed to match any given tester, we expected tester-
tester correlation to be greater than model-tester
correlation. It was surprising to see that the correla-
tions were comparable. Using the tester/tester and
tester/model correlation results alone, an outsider to
this experiment would have difficulty distinguishing
the model’s ranking from that of a human tester.

3. Discussion

Decisions related to signal triage are often com-
plex and there are no specific regulations, guidelines
or standards that provide an objective basis for these
decisions. We applied a well described tool from the
discipline of decision analysis to assess systemati-
cally the important attributes of spontaneously re-
ported ADRs. A model was created that integrates
these assessments and produces rankings for the
generated signals from quantitative signalling meth-
ods.
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0.0−0.2  slight
0.2−0.4  fair
0.4−0.6  moderate

0.6−0.8  substantial

0.8−1.0  almost perfect

Fig. 4. Degree of inter-tester variability according to Kendall’s co-
efficient of concordance. ‘Criteria for agreement’ are from Landis
and Koch[22] and provide some subjective guidance in interpreting
the scales. The scores suggest that the degree of variability be-
tween testers increases as the number of adverse drug reactions
(ADRs) increases. BRL = benefit-risk leader; SSP = safety surveil-
lance physician.
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of the individual physicians. Since the model was accordance with current process and document the
developed by a group and is intended to help physi- ADRs identified for further review. They will then
cians perform signal triage in a consistent and trans- be provided with output from the model including
parent manner, this is a very encouraging result. the ADR attribute scores for the highest ranked
However, inter-physician variability may be a useful ADRs identified by the model for further review.
measure in signal triage. This should to be explored The SSPs will be instructed to compare their list of
further and a measure of inter-physician disagree- ADRs for further review with those identified by the
ment could be developed and added in future model model and to comment on any differences. In addi-
refinement. tion, they will be asked to document whether the

review of the model rankings resulted in a revisionAnother observation is that for unconfounded
of their original list of ADRs for further review. Anyand unexpected ADRs, physicians appear to place
change in SSP decision is potential value added bymore weight on medical impact attributes than
the model. The collected data will be reviewed tostrength of evidence types of attributes in their pri-
determine the need for model refinement to optimizeoritization. However, since only three drugs and a
concordance with the SSPs. It is important to reiter-small number of assessors were used in the testing
ate that the model is intended to provide support tothus far, this will need to be evaluated further with a
the physician in making signal triage decisions andlarger number of drugs and, ideally, a larger and
is not intended to replace the physician or clinicalmore heterogeneous group of assessors. Further re-
judgement.visions of attribute weights may be necessary to

optimize model performance. During the next phase, we will target and collect
data involving approximately 10–12 medicinalTwo important caveats to the work are conse-
products. With a larger and more diverse group ofquences of the limited number of drugs used in the
products, the model can be tested for generalizabili-test dataset during model development and testing.
ty across compounds. As noted in the description ofIn developing the MADA, preliminary results di-
the 11 attributes above, some of these are notverged enough from tester results that it became
straightforward and required determination by theclear we needed to partition the ADR list into three
SSPs based on medical judgement (confounding bysubsets of ADRs (list 1–3). A different model is
indication, drug class effect, expectedness accordingneeded for each list, differing in attribute weights
to the company core data sheet, and external inter-since clinical judgement will affect triage differently
est). In order to expand the number of medicinalfor the different types of ADRs in each list. In
products for testing, automating the data generationaddition, the weights of the attributes were revised
for some of these attributes will be required. We areto favour medical impact based on preliminary re-
still exploring different approaches to determinesults. Since the same three drugs were used in ‘tun-
how best to address this.ing’ and testing the model, the results reported are

not independent of the model-design process. For We plan to adopt an iterative approach where we
the same reasons, until we get a larger test-drug will evaluate the model on a regular basis, e.g.
dataset, it is not possible to demonstrate the degree annually, and determine the need for model refine-
to which the method would perform across com- ment based on the collected data. This approach
pounds. We plan to address these limitations in would be similar to obtaining a posterior probability
future work with additional compounds across ther- in a Bayesian approach.[23] This would also allow us
apeutic classes. to assess performance of the model in a real-world

environment.In the next phase of this project, we will evaluate
the potential value of implementing the signalling While more research is necessary to evaluate the
triage model in the current surveillance process. The performance of this model fully, preliminary results
SSPs will review scheduled surveillance reports in suggest that the use of formal decision analysis
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