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Abstract

National voluntary reporting systems generate large volumes of clinical data

pertinent to drug safety. Currently descriptive statistical techniques are used to
assist in the detection of drug safety ‘signals’. Australian data have been coded
according to guidelines formulated almost 30 years ago and which have resulted
in many drugs which are not associated with an adverse drug reaction or ‘innocent
bystander’ drugs being recorded as ‘suspected’ in individual reports. In this paper
we explore the application of an iterative probability filtering algorithm titled
‘PROFILE’. This serves to identify the ‘signals’ and remove the ‘innocent by-
stander’ drugs, thus providing a clearer view of the drugs most likely to have
caused the reactions. Reaction terms analysed include neutropenia, agranulocy-
tosis, hypotension, hypertension, myocardial infarction, neuroleptic malignant
syndrome, and rectal haemorrhage. In this version of PROFILE, Fishers exact
test has been used as the statistical tool but other methods could be used in future.
Advantages and limitations of the method and its assumptions are discussed to-
gether with the rationale underlying the method and suggestions for further en-

hancements.

It is possible to construct 2 X 2 contingency ta-
bles for a drug/reaction association. Our initial at-
tempts at signal generation by statistical assess-
ment of Australian voluntary reporting data using
rate ratios and odds ratios from these contingency
tables met with only partial success. Regardless of
whether rate ratios or odds ratios were used, the
problem of defining an objective threshold re-
mained. Any given threshold resulted in unaccept-
able false positive and false negative results when
compared with the product information and pub-
lished literature. Zero values in the denominator

often precluded use of odds ratios. Moreover the
data are influenced by confounding and biases.
Sources of variability in the Australian data are
likely to include the background reporting rate, re-
action type (including the system organ class in-
volved, incidence and seriousness), drug status and
usage and variations in these with the passage of
time. Factors influencing the decision to report an
individual case also include awareness of the pos-
sibility of adverse drug reactions (ADRs), the level
of communication between patient and doctor, and
publicity. However, the intrinsic nature of the re-
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action itself and its impact on the patient seem
likely to have a major influence. For example it is
much easier to recognise a rash as an ADR than,
say, raised intracranial pressure, aseptic meningitis
or pancreatitis. This suggests that the data should
be analysed by individual reaction terms to
accommodate differences in the recognition and
reporting of various reaction terms.

For any given reaction term it is common to find
that a relatively small number of drugs account for
the majority of drug/reaction associations in the
raw data. For example drugs with three or more
reports of the association may account for the ma-
jor portion of the data but only a minority of the
drugs listed against the reaction in the raw data.

Two further factors need to be considered.
Firstly, many drug safety signals involve a rela-
tively small number of reports associating a drug
with the reaction. Often this may be five or fewer
reports. Secondly, the causality guidelines that
have been used for more than 30 years for Austral-
ia’s voluntary reporting scheme often result in sev-
eral drugs being simultaneously suspected in indi-
vidual reports. These guidelines require the
recording as ‘suspected’ of drugs other than those
designated by the reporter where the drugs cannot
be excluded on the basis of the information in the
report. Thus, for many individual reports several
drugs will be recorded as suspected on the basis of
a common temporal association. For example dig-
oxin, furosemide (frusemide) and potassium sup-
plements are commonly ‘implicated’ in this con-
text. This deliberate policy was intended to
enhance sensitivity, reduce bias and allow for pos-
sible interactions. The effects of this policy on the
data have never been formally evaluated. Hence,
in many individual reports it is difficult to deter-
mine which of several suspected drugs is the likely
cause of the adverse reaction. To date no system-
atic solution has been available to identify these
‘innocent bystanders’.
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Fig. 1. A 2 x 2 contingency table. A = reports connecting the
drug of interest with the specified reaction; B = reports of the
drug of interest with all other reactions in the relevant ‘system
organ class’ (SOC); C = reports of the specified reaction with
other drugs received over the life of the drug; D = reports of all
other drugs with all other reactions in the relevant SOC over the
life of the drug.

1. Setting, Materials and Methods

The Australian database of suspected ADRs is
used as the source of voluntary reporting data re-
ceived from health professionals in both hospital
and community settings and pharmaceutical com-
panies. Raw data were extracted for each specific
reaction term and the analysis was stratified to the
relevant WHO °‘system organ class’ (SOC).

Accordingly the 2 x 2 contingency table re-
cently adopted for use by the UK Medicines Con-
trol Agency!!l was modified for analysis of these
data as shown in figure 1.

It was thought that variation due to external
sources might be reduced if parameters were cal-
culated for a given SOC (rather than all reactions)
and the data limited to the period of reporting for
the drug in question.

2. The PROFILE Analysis

All reports for a particular reaction term were
analysed simultaneously. The familiar 2 X 2 con-
tingency table was stratified to the SOC relevant to
the reaction being analysed and for each drug as-
sociated with the reaction the data were limited to
the period of monitoring of the drug. Fisher’s exact
one-tailed right was calculated for each drug asso-
ciated with the reaction. In the context of the Aus-
tralian voluntary reporting data, Fisher’s exact p
correlated with the standardised normal deviate
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(for A >2 as defined in figure 1) and also correlated
with the corresponding Poisson probability. The
drug with the lowest Fisher’s exact p was identi-
fied. This drug was then inferred to be the single
most likely cause for all the reports in which it is
associated with the reaction of interest. Other
drugs also suspected in the same group of reports
implicating that drug are then regarded as ‘inno-
cent bystanders’ and their tallies were reduced ac-
cordingly (the A cell was reduced and the C cell
increased by the same amount; see figure 1). All
the remaining reports of the reaction (implicating
other drugs independently of the first drug) were
then analysed similarly until the iterative process
was completed and the number of ‘drug suspects’
exactly matched the number of reports of the reac-
tion. The process is repeated until each individual
report has been attributed to a single drug.

In essence the raw data were used to construct
a ‘probability ladder’ which was then used to pro-
gressively filter out the ‘innocent bystander’
drugs. This method has been named the PROFILE
analysis. The acronym stands for (top-down)
PRObability FILtEring. The algorithm has been
programmed in SAS software. Drugs listed in the
raw data are then classified as either PROFILE
positive (surviving the analysis) or PROFILE neg-
ative (regarded as not being causally associated).

3. The Peto Odds Ratio

The PROFILE method has been tested in a three
way comparison with: (i) drugs ranked according
to whether they were ‘first named’ in the reports.
It was considered that, of the suspected drugs, the
first named would usually be the one suspected by
the reporter. So the first named drug was used as a
surrogate for the drug designated by the reporter;
(i) drugs ranked according to the PROFILE method
using Fisher’s exact p; and (iii) drugs ranked ac-
cording to a modified PROFILE method in which
the Peto odds ratio was used as an alternative to
Fisher’s exact p. The Peto odds ratio is the ratio of
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the difference between observed and expected val-
ues to the hypergeometric variance or

Observed — Expected

Peto Odds Ratio = 5
N(N--1)

where the expected value is

wammzzummD

Whereas the first two methods produced results
which were in substantial agreement, the last
method produced very idiosyncratic results and so
was not pursued further.

4. Comparison of z Statistic and
Fisher's Exact Test

When Fisher’s exact p was plotted against the
corresponding p(z) for PROFILE positive data,
the correlation was acceptable only if a threshold
of A > 2 (as defined above) was applied. Sigmoid
curves (reflecting a ‘probability spectrum’ as shown
in figure 2) were obtained when the PROFILE
positive data were used to plot Fisher’s exact p
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Fig. 2. Each datapoint represents a drug that has survived
PROFILE analysis with three or more reports of hypertension.
Strong, intermediate and weak statistical associations are
evident reflecting a ‘probability spectrum’ as described in the
text. This sigmoid shape is typical of most reactions analysed by
the PROFILE method.
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against the standardised normal deviate (z statis-
tic). With minor variations, the sigmoid pattern
was reproducible for the various reactions. It was
noted that the curves were cleaner if drugs with
fewer than three reports were excluded. These may
be either ‘noise’ or ‘evolving signal’ but the dis-
tinction cannot be made statistically. In practice it
is generally considered unacceptable to rely on as-
sociations with fewer than three reports.

5. Results

Outputs were examined for the following reac-
tion terms:

e Neutropenia: Clozapine (z = 7) was ranked first
in the PROFILE positive list.

e Agranulocytosis: Clozapine, despite being an
acknowledged cause of agranulocytosis with 60
reports, was lowly ranked (z = —1.17 and Fish-
er’s exact p = 0.94) This is probably due to the
white cell monitoring and intervention which is
an integral part of clozapine use. This has gen-
erated large numbers of clozapine reports in
system organ class 1220 thereby weakening the
statistical association. Thus, neutropenia is de-
tected and the drug is stopped in many cases
preventing agranulocytosis. Carbamazepine (z
= 3.8, Fisher’s exact = 1.0) was also lowly
ranked although it is acknowledged to cause
agranulocytosis ‘very rarely’. Aspirin (acetylsal-
icylic acid) [17 reports], digoxin (10), ampicillin
(8) and diazepam (7), were identified as ‘inno-
cent bystanders’ (PROFILE negative).

e Hypotension: Polygeline, albumin, streptoki-
nase, and thiopentone were ranked highly in the
PROFILE positive list. However, sildenafil,
felodipine and amlodipine were lowly ranked
(z <—3.3 and p =1.0) reinforcing the conclusion
that there is no threshold in the probability spec-
trum in this context.

e Hypertension: Phenylpropanolamine, tranylcy-
promine, clonidine, phenelzine and ergometrine
were highly ranked (z > 7.8). Clozapine, ginkgo
biloba and moclobemide all had z > 4.6. The
serotonin reuptake inhibitors (SSRIs) fluoxet-
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ine, paroxetine and sertraline were all lowly

ranked (z < —0.5 and p > 0.75). It is important

to note that drugs cannot not be discounted be-
cause of their lowly ranked position in the

‘probability spectrum’.

e Myocardial infarction: The PROFILE positive
list revealed significant confounding by indica-
tion. Drugs used for treatment of hypertension,
hyperlipidaemia, AIDS, type 2 diabetes melli-
tus, angina, smoking cessation, and thrombotic
disorders featured prominently. Sildenafil
headed the list — sexual intercourse being asso-
ciated with myocardial infarction — ‘success’
being a double edged sword in this instance!

e Neuroleptic malignant syndrome (NMS): Halo-
peridol, fluphenazine, clozapine, risperidone,
pericyazine, thioridazine, olanzapine, levo-
dopa-carbidopa, chlorpromazine, droperidol,
trifluoperazine and metoclopramide were all
strongly associated with NMS. The PROFILE
negative list is of interest because it included
benztropine (13 reports) which is used for treat-
ing hypertonia (and therefore likely to be
‘noise’), and lithium carbonate (10 reports)
which is known to interact with antipsychotic
agents in producing NMS. Hence the PROFILE
negative list may contain drugs which interact
with one or more drugs on the PROFILE posi-
tive list.

e Rectal haemorrhage: The PROFILE positive
list revealed groups of drugs and possible mech-
anisms — warfarin (an anticoagulant), antibi-
otics (pseudomembranous colitis), nonsteroidal
anti-inflammatory drugs which are known for
their ulcerogenic effects on gastrointestinal mu-
cosae, drugs associated with thrombocytopenia,
other drugs associated with platelet dysfunction
(SSRIs, aspirin).

In summary, the effect of the PROFILE analysis
using Fisher’s exact p was averaged across 6629
reports which included mention of seven chosen
reaction terms. The raw data comprised almost
2000 drugs linked with 8000 associations. The
PROFILE analysis identified about 17% of the as-
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sociations as ‘noise’ due to co-suspected drugs. If
the ‘signal’ is defined to be three or more reports
surviving PROFILE then over 80% of the reports
can be accounted for by about 25% of the drugs
originally suspected in the raw data. That is, 75%
of those drugs are either ‘noise’ or ‘evolving signal’.

6. Detection of Quality Control
Problems with Medicines Using
Fisher’s Exact p

Two examples of quality control problems with
medicines were briefly considered. In each case it
was demonstrated that the application of Fisher’s
exact p would have generated an early statistical
signal. Hypotension specifically related to a prob-
lem with some batches of polygeline would have
been identified as a signal on receipt of the third
such report over a 3-month period. The receipt of
the first six reports of back pain with a particular
batch of intravenously administered fluorescein
within a week would have generated an immediate
statistical signal (in this context defined as a con-
sistent decline in Fisher’s exact p over time).

7. Discussion

Fisher’s exact p is especially appropriate when
dealing with small numbers. However, its use for
ranking purposes in this context can be criticised
because the assumption of independent tables has
been violated. Notwithstanding this, the method
appears to function satisfactorily with Australian
data. Moreover, it can be demonstrated that for the
Australian data there is a close correlation between
Fisher’s exact probability and the corresponding
Poisson probability. Future research should exam-
ine the use of Poisson probability as the statistical
tool for use with PROFILE.

The PROFILE method as presented here is not
reliant on assumptions about the frequency distri-
bution of the data, requires no calculations of con-
fidence intervals, tests of statistical significance,
probability thresholds, or utilisation data. The only
major assumption is that for each individual report
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there is a single most likely cause (which is least
likely to be explained by chance) and that other
drugs suspected in the same reports are in fact ‘in-
nocent bystanders’ unlikely to be causally impli-
cated in the reaction. This method is not appropri-
ate for detection and analysis of interactions.

By removing a major component of ‘noise’ the
PROFILE method provides a clearer view of the
data. It can provide useful insights but is not a pan-
acea. It has revealed both positive and negative
‘biases’ in the data. The concept of a probability
threshold has proven to be untenable in this con-
text. Empirically, it seems likely that, for the time
being at least, a minimum of three reports surviv-
ing PROFILE analysis will be the working defini-
tion of a ‘statistical signal’ for Australian data. The
PROFILE POSITIVE lists will include some con-
founding by indication and are also likely to retain
some residual ‘noise’ due to chance co-morbidity.
It should be remembered that some drugs will sur-
vive the PROFILE analysis by default in cases
where no other drugs have been suspected, either
because the reporter was not aware of them or did
not consider them. This is particularly important in
the circumstance where a drug survives the analy-
sis with only one or two reports. Nonetheless, the
reduction of confounding by other, simultaneously
suspected drugs should greatly facilitate recogni-
tion of potential new signals. Use of the method
should permit valid comparison of Australian data
with those of other nations analysed with the
Bayesian probability method devised by Edwards
et al.>4]

The PROFILE negative lists are likely to con-
tain some drugs which have interacted with drugs
in the PROFILE positive lists. In such cases the
primary drug (surviving the analysis) may be
viewed as a ‘necessary cause’ and the other inter-
acting drug as a possible ‘contributory cause’ as
described by Meyboom et al.[>-¢]

The final list of drugs produced by this method
is more informative than the original computer
generated printout of raw data. This information
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derived from probability filtering complements the
qualitative information available through tradi-
tional methods of assessment of adverse drug reac-
tion reports. The two methods are not mutually ex-
clusive and statistical signals should not be
interpreted in isolation.

Much more work will be needed to validate the
method. It should always be remembered that sta-
tistical significance does not necessarily equate
with clinical significance. It should also be noted
that the quality of reports is critical to their inter-
pretation. An important caveat is that a statistical
association can be ‘diluted’ or weakened by high
volume reporting (for the specific drug) within the
relevant SOC.

The PROFILE method may be particularly use-
ful in Australia in that it permits objective inter-
drugs comparison which may not otherwise be
valid due to the nature of Australian voluntary re-
porting data. A major finding of this analysis is that
the raw Adverse Drug Reactions Advisory Com-
mittee (ADRAC) data include many ‘innocent by-
stander’ drugs attributable to Australia’s coding
practice which permits multiple drugs to be sus-
pected in the same report. In light of the findings
of this analysis, Australian coding policy is being
reviewed. Also, for any given reaction term, the
drugs associated with that reaction can be viewed
statistically as part of a continuous ‘probability
spectrum’ and it is possible to have genuine signals
with weak statistical associations. Fisher’s exact
probability could also be used to monitor short-
term increases in frequency of reports of reactions
associated with quality control problems requiring
regulatory action.

8. Challenges for the Future

The ADRAC software is currently being up-
graded. Hopefully this will soon permit electronic
submission of reports, greater access to and better
use of the data. Importantly it should also facilitate
earlier signal recognition and investigation. The
impact of the use of the Medical Dictionary for
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Regulatory Activities (MedDRA), which is the
terminology now used by the Therapeutic Goods
Administration/ADRAC, is difficult to predict.

There is a need for automated techniques which
will assist in detecting quality control problems
with medicines. New and innovative techniques
will also be needed for the detection of interac-
tions. Examining the evolution of signals over time
may provide us with insights into the impact of
publication of signals. Identification and measure-
ment of biases should help us to interpret the data.
Identification of risk factors and confounding by
indication also need to be addressed systemati-
cally. In addition to stratifying the data by system
organ class, simultaneous stratification by drug
type using the anatomical therapeutic chemical
(ATC) classification codes needs to be considered
as this may produce more specific and clinically
relevant comparisons thereby minimising the ef-
fect of confounding by indication. Undoubtedly
some of these will be investigated by the Univer-
sity of Ballarat, Victoria, Australia.
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