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The authors’ reply

We thank Lilienfeld et al. for commenting on an
article discussing the Bayesian confidence propaga-
tion neural network (BCPNN) as presented at the
Drug Safety Research Unit (DSRU) signal detection
conference!'! and proposing stratification in the
BCPNN analysis of the WHO Adverse Drug Reac-
tion database.

They suggest that our procedures as described in
the paper! produce ‘noise with little consequent
protection or improvement in public health’. Al-
though we wish to minimise noise in signal detec-
tion and hypothesis generation, we accept that an
effective signalling tool must produce some false
positive signals. Previously, because we wished to
know the merits of our method, we performed a
critical evaluation of our initial process.?! This eval-
uation gave a positive predictive value of close to
50% and a negative predictive value of about 85%,
for signals which reach the standard literature over a
7-year period. That such a high percentage of quan-
titatively highlighted drug-adverse reaction combi-
nations could be considered signals, even before
further filtering (as is done routinely) by clinical
review was highly promising. Few, if any, other
signalling procedures have been investigated for
their performance at all, which can in part be ex-
plained by the impossibility of a perfect evaluation
of a method for which no gold standard exists. We
consider that the performance we demonstrated was
satisfactory for a general signal finding tool, and
clearly does not produce too much noise.

The use of stratification in highlighting associa-
tions in signal detection will prevent some false
positive signals, as associations arising from con-
founding variables will be dampened and may no
longer erroneously stand out (this is, of course, only
true, when one has chosen to stratify by the variable
that confounds the association). It is too simplistic to
suggest that the routine use of stratification in analy-
sis will prevent all false positive associations or
account for all problems and heterogeneity in any
very large, continuously changing data set. Indeed,
stratification may in certain situations reduce the
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potential for the early detection of signals. The
possibility of confounding factors and biases is myr-
iad, stretching to all variables in the data set and
beyond. Stratification analyses by all possible con-
founders on a routine basis is clearly impossible.
Stratification by all variables in the data set would
lead to an insurmountably large amount of data to
store, sort or assess, and thus to combinatorial ex-
plosion. To stratify by one or two might suggest
erroneously that all possible confounding factors
have been considered.

We do, however, recognise that stratification by
some variables can be useful in signal analysis, that
is, after combinations have been highlighted using
the BCPNN. Indeed, stratified BCPNN analyses on
the WHO database have been illustrated in an earlier
publication.l*] Comparison to drug group has also
been done for classifying signals as drug group or
drug specific effects.[* Quantitative analysis of why
or why not a drug-adverse reaction combination
stands out may often provide added information.
However, we emphasise that clinical evaluation of
the information remains essential.

In our use of the BCPNN in routine signal detec-
tion, we analyse how the measure of disproportion-
ality changes over time, for each drug-adverse reac-
tion combination in our database. Combinations
reaching a predetermined threshold as new data is
accumulated are then reviewed by clinical experts."!
Using this approach, the numbers of associations for
consideration by the expert panel are substantially
reduced. We believe that this emphasis on change
over time focuses clinical interest on the likely sig-
nals more effectively than stratification can at this
stage. As stated above, it is only after BCPNN and
human analysis that we consider that a signal has
been found.!?!

Since the work Lilienfeld et al. refer to,/! we
have further improved the effectiveness of our rou-
tine use of the BCPNN as a signalling tool using a
triage process.!®! This approach allows for the detec-
tion of nonquantitative signals in specially defined
circumstances where other information may be suf-
ficiently compelling to suggest the need for signal-
ling.®! Moreover, we have developed an un-
supervised pattern recognition procedure using the
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neural network, for automated knowledge discov-
ery.l”l This methodology captures complex relation-
ships in the data, amongst other things making de-
pendencies due to confounding variables much
more apparent, and therefore easy to reject when
necessary, but at the same time also finding the
totally unexpected. We are currently using this tool
experimentally, but it will be used in our routine
work in the near future.

Knowledge discovery must be the aim of signal
detection. This process can even be aided by heter-
ogenous data, since, for example, patients treated in
different countries may have different metabolic
phenotypes, or, more important, different back-
ground disease burdens (e.g. malnutrition) and ways
of medical practice that provide unique challenges
for drugs resulting in adverse drug reactions in spe-
cial subgroups. Such interesting associations might
be missed if an adjusted estimate is used to control
for the influence of these extra variables. Stratum-
specific values might be quoted and analysed, but
would mean that much more data would need to be
clinically reviewed. Also, the impact of the in-
creased sparsity of the data through the strata should
not be ignored: the detection of true signals might be
delayed, or more false positives generated.

In our view, signal detection is likely to be hin-
dered by an obsessive attempt to remove what some
may consider noise at too early a stage. The logic of
signal detection is totally different from that of
signal analysis. There are a number of general prem-
ises that must be applied to avoid missing signals,
and to generate hypotheses, but there are strict pa-
rameters which need be applied to see whether or
not an hypothesis is correct. Some of these premises
and parameters are given in table I, to illustrate the
differences in logical approach.

Data mining and pattern recognition seek only to
determine if an undefined aggregate of data differs
in some way from a general background, and to a
level of significance which can be pre-set. Human
review and understanding is then applied to deter-
mine whether or not the uncovered information is
useful. Lilienfeld et al. are suggesting that one de-
cides first what one would like to find, and then
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Table 1. Basic premises and parameters in pharmacovigilance and
epidemiology

General premises in pharmacovigilance

All drugs cause adverse drug reactions

Adverse drug reactions are rare

There are geographic differences in occurrence and reporting
Similarly there is phenotypic variation

There is bias and confounding

Detection depends on clinical and decision making skills

‘Noise’ must be considered during the consideration
of each case

Depends on voluntary reporting of concerns
The degree of all the above is unknown
All that is known is that the above exist and that
they vary!
One tries to make as much use of the data as one can while
accepting its limitations
Better data often cannot be collected for ethical reasons
(e.g. poisoning or re-challenge)
Gives hypotheses
Working parameters of epidemiology
Must have working hypothesis
Consider defined populations
Carefully considered sampling technique
Must have a comparison group
One must try to avoid bias and confounding factors
Aim to quantify hypothesis
Result is a probability
With a certain confidence associated?

looks for it. That is fine if one has an hypothesis, but

not if one is looking for the unusual: it is only too

easy to throw out the needles with the hay.
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