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What Counts in Data Mining?

Manfred Hauben,'*34> Vaishali K. Patadia® and David Goldsmith’

1 Risk Management Strategy, Pfizer Inc., New York, New York, USA
2 Department of Medicine, New York University School of Medicine, New York, New

York, USA

3 Department of Community and Preventive Medicine, New York Medical College, Valhalla,

New York, USA

N O G

Department of Pharmacology, New York Medical College, Valhalla, New York, USA

School of Information Systems, Computing, and Mathematics, Brunel University, London, UK
Pharmacoepidemiology, Global Safety, Amylin Pharmaceuticals, San Diego, California, USA
Goldsmith Pharmacovigilance and Systems, New York, New York, USA

Statistical data mining algorithms (DMAs) are
being heavily promoted as valuable adjuncts to con-
ventional pharmacovigilance methods. The majority
of contemporary DMAs are variants of dispropor-
tionality analysis based upon 2 X 2 contingency
tables, the underlying principles, potential benefits
and limitations of which have been previously dis-
cussed in detail.[l-?!

Disproportionality analysis has been in use for
decades in drug safety.l’] However, increased atten-
tion has been stimulated by: (i) the commercialisa-
tion of data mining software; (ii) the improving
technological capacity for calculating measures of
association for the millions of 2 X 2 tables represent-
ed in large spontaneous reporting system databases;
and (iii) the use of Bayesian methodology to damp-
en the calculated disproportionality metrics generat-
ed by small numbers of reports. The latter is a
common scenario in drug safety that may be particu-
larly pertinent to large, sparse data sets. The corre-
sponding reduction in the number of drug adverse
event pairs presented to the user is cited as an
advantage of the Bayesian approaches.* Therefore,
there is a great interest in fully understanding the
comparative performance of various DMAs in natu-
ralistic pharmacovigilance scenarios. This holds
true especially for comparisons of frequentist (e.g.
proportional reporting ratios [PRRs]/reporting odds
ratios [RORs]) versus Bayesian approaches, where

the differences may be most apparent, but the com-
parative performance of Bayesian (e.g. Bayesian
Confidence Propagating Neural Network [BCPNN])
and empirical Bayesian algorithms (e.g. multi-item
gamma Poisson shrinker [MGPS]) also garners at-
tention. In this context, the drug-preferred term (D-
PT) pair has assumed a prominent role as a unit of
measurement with some variation of the number/
percentage of highlighted D-PT pairs being a stan-
dard performance metric.>”! This may be presented
as summary statistics and scatter-plots without de-
tailed clinical context. The prominent use of D-PT in
data mining may reflect the historical prominence of
the preferred term (PT) in adverse event coding plus
the understandable interest in a priori database
screening.

Interpreting these research findings is complicat-
ed by numerous factors, including the complex,
multi-disciplinary nature of the subject and the large
space of choices available to the data miner when
configuring a data mining analysis.[’l Within the
large space of available choices are the selection of
the terminology for coding the adverse event and the
level of the terms within the dictionary hierarchy.
Brown™® and Purcelll'” have explained how the
anatomy of the adverse event dictionary can impact
the ability to identify disproportionately reported
adverse events and Bousquet has eloquently ad-
dressed fundamental issues in the construction of
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concept-oriented vocabularies in pharmacovigi-
lance.!''"13) Related effects can occur from the intro-
duction of new PTs and programmatic mapping of
legacy data during dictionary conversions.!4]

Increasingly, researchers from various academic,
regulatory and pharmaceutical settings are studying
whether the grouping of adverse event terms (e.g.
standardised medical queries) or drugs within a
pharmacological class may enhance the ability of
DMAss to highlight credible associations. There has
been less attention to the impact of over-coding on
data mining, although Walsh has suggested record-
ing suspect versus concomitant adverse events, akin
to suspect versus concomitant drugs.[!”!

A related aspect, that to the best of our knowl-
edge has not been discussed, is the impact of the
same dictionary architecture and coding practices on
comparative assessments of DMAs using real
pharmacovigilance data. We have been studying
how dictionary and coding-related issues may im-
pact performance comparisons between DMAs and
assessing the potential impact of DMA selection on
pharmacovigilance workflow. Our preliminary ex-
perience suggests a trend towards over-coding and
that local organisational factors can affect the re-
ported performance of a given DMA, and that these
factors also significantly complicate the interpreta-
tion of head-to-head comparisons of DMAs. Our
main point, which we help illustrate with a com-
bined tabular-graphic display containing data min-
ing output, is that using the D-PT pair as the unit of
measurement/observation may not be the optimum
metric for comparing the performance and efficien-
cy of different DMAs especially with very fine-
grained adverse event dictionaries. This is not only
related to dictionary anatomy and over-coding, but
also to the fact that such analysis may not fully
account for the process that is actually set into
motion within effective pharmacovigilance or-
ganisations when an association highlighted by any
means is scrutinised with careful clinical analysis.
Reported performance differentials between DMAs
and work-impact assessments may therefore be part-
ly illusory.
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Figure 1 displays data from a single year (2000)
for the immunosuppressant drug sirolimus. Two
DMAs/metrics were applied to data derived from
the publicly available subset of the US FDA safety
database after pre-processing to screen for duplicate
reports and to adjust for redundant drug nomencla-
ture (WebVDME version 5.0). One algorithm calcu-
lated a non-Bayesian metric: the lower 5% cut-off of
the ROR (RORO0S5), and the other calculated an
empirical Bayesian metric: the lower 5% cut-off of
the posterior interval of the empirical Bayes geomet-
ric mean — commonly referenced by its acronym the
EBOS5. A threshold of 2 was used for each and an
additional case-count threshold (N >2) was applied
with the ROROS5 threshold. The adverse effects are
listed in alphabetical order.

Inserted into the figure is a dense network of
interconnecting arrows linking distinct but medical-
ly equivalent or related PTs, which should be ex-
amined together when evaluating a signal. For ex-
ample, three events: interstitial lung disease; PO2
decreased; and PCO3 increased appeared uniquely
with RORO0S5. However, from a clinical perspective,
these cannot be uncoupled a priori from other pul-
monary pathology terms highlighted by both met-
rics. The linkages were constructed based upon the
knowledge that in conscientious pharmacovigilance
organisations, meticulous investigation of any high-
lighted associations often implies extension of the
search beyond a given preferred term to include PTs
that are medically equivalent, overlapping or suffi-
ciently related to warrant further study. Expressed a
little differently, when evaluating a potential signal,
arelatively wide net is typically cast so that the ‘unit
of observation’ in signal detection and evaluation is
typically a medical concept(s) and not necessarily a
given PT. This is exemplified by the fact that careful
evaluation of a potential signal for staphylococcal
infection should typically prompt review of all cases
coded as bacterial infection as well as abscess for-
mation and osteomyelitis. Indeed, it would be rare
and probably inappropriate to restrict the analysis to
a specific PT unless the potential signal of dispro-
portionate reporting was so specific and strong that
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Fig. 1. Data from a single year (2000) for the immunosuppressant drug sirolimus. Drug-preferred term pairs exceeding each statistical
threshold are shown and listed alphabetically. EBO5 = empirical Bayesian metric; LDH = lactate dehydrogenase; ROR05 = the lower 5%
cut-off of the reporting odds ratio.

further analysis of additional PTs would be unneces-  drawing inferences about comparative performance,
sary. workflow impact and the great care required in

Figure 1 dramatically illustrates the interwoven  making reference class assignments. The latter may
complexity of preferred terms highlighted by one or  require detailed case-level assessment for complete
both metrics and underscores the caution required in ~ resolution.
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It is obvious from the figure that the RORO5
highlights many more D-PTs than the empirical
Bayesian metric (EBOS) [67 vs 19]. Although the
impact of these additional D-PTs would crucially
depend on the corresponding number of reports, the
time interval for review and how many are already
known, the ‘penalty’ of 49 additional D-PTs may
seem impressive. However, when one considers
events that are clinically linked, a different view
emerges with only 16 additional truly distinct PTs
highlighted uniquely by ROROS. Interestingly, in
addition to more obvious medical linkages such as
hyperlipidaemia-related and pancreatitis-related
events, a little thought and prior knowledge reveals
linkages between some of the remaining
RORO0S5-specific PTs. For example, refractory bleed-
ing, gastro-duodenal ulcers and pericardial effusions
may have a clinically meaningful mechanistic link
with impaired wound healing.['®!7] Although some
authors report using DMAs to “generate signals
without external exposure data, adverse event back-
ground information or medical information on ad-
verse drug reactions”,’! our linkages demonstrate
the crucial importance of medical information and
judgment through all phases of the signal detection
and evaluation process.?! Although the varying per-
spectives on the existence versus nonexistence of
gold standards for causality in pharmacovigilance
are beyond the scope of this exposition, we note that
there is credible support of several of the associa-
tions uniquely highlighted by the ROROS and they
cannot be dismissed out of hand.['2!1' Comparing
algorithmic metrics would require a full accounting
of the utility of any additional credible associations
discovered/discovered earlier against the resources
diverted investigating totally spurious associations.
Although we have focused on specificity, these fac-
tors could result in overestimates of either ‘sensitivi-
ty’ and/or ‘specificity’, depending on the circum-
stances. For example, the association of nephrotic
syndrome and tubular proteinuria was the subject of
considerable attention because of the interest in us-
ing sirolimus to mitigate calcineurin-inhibitor
nephrotoxicity./??) Although the PTs nephrotic syn-
drome and proteinuria were highlighted only by the
ROROS, someone using the EBO5 might have been
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directed to the same events when evaluating the
signal of disproportionate reporting for other renal
events such as blood creatinine increase, although
this latter finding is not part of the classic constella-
tion of signs composing nephrotic syndrome. The
current exercise involves a comparison of a frequen-
tist metric (ROROS5) versus an EBO5 but the exact
same considerations would apply to a comparison of
a Bayesian metric (e.g. the BCPNN’s ICLLOS) and
an EBOS. In summary, if meticulous evaluation of a
potential signal involves reviewing reports of all
medically related events, then the true-performance
gradients may be narrower than that reflected by D-
PT statistics, particularly when very fine-grained
adverse event dictionaries are used.

The extent to which the above delineated effects
impact the final analysis may not be fully resolved
without case-level clinical review and analysis of
the ‘developmental anatomy’ of the drug’s safety
profile over time. Additional influential factors in-
clude, but are not limited to, the maturity of the
drug, the mass of accumulated data, how many
events are already known/labelled, the accuracy of
the coding process and the distribution of synony-
mous, equivalent and overlapping PTs across re-
ports. The complexity of the drugs safety profile and
treatment populations and prior knowledge of the
pharmacovigilance expert will also impact the wor-
kload imposed by any signalling algorithm and re-
sults for one drug may not be exactly generalisable
to all pharmacovigilance scenarios. The influence of
dictionary and over-coding may be most significant
when trying to design or interpret data mining exer-
cises that take a snapshot of a large, massive and
mature database, or on the drug-level, with mature
drugs that have substantial mass of accumulated
reports. Nevertheless, given the peculiarities of con-
temporary adverse event dictionaries used in
pharmacovigilance, we think it would be beneficial
to include a careful accounting of these factors in the
methodology section and discussion of comparative
assessments of DMAs. This is consistent with one
group of researchers from the US FDA who note
that, even though specific algorithms are “designed
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with statistical principles in mind....these properties

may not ensure superior performance”.[?*!

Just as the drug-PT pair may not be the optimal
unit of observation/measurement for purposes of
signal detection because it does not reflect the inter-
woven complexity of contemporary adverse event
terminology nor precisely reflect the full spectrum
of real-world signal detection and evaluation
processes, it may also not be the optimal unit for
comparison because its use could possibly lead to
overestimates of some performance gradients and
inaccurate work-impact assessments. The number of
terms and/or cases needing evaluation cannot be
estimated from an analysis of only the number of D-
PT pairs generated by DMAs. In addition, the analy-
sis of only D-PT pairs by data mining cannot pro-
vide a full picture of medically relevant potential
signals needed for further analysis. Data mining
cannot replace traditional signalling methods but
can only be supplement
pharmacovigilance methods. Real-world perform-
ance gradients may not be as clear-cut as that sug-
gested by isolated data mining exercises. A priori
global database screening may still require data min-
ing at the PT level and the number of PTs highlight-
ed by different metrics/thresholds may be interest-
ing and quite dramatic. However, intelligently
choosing between DMAs requires a calculus of
costs and utilities that may be more tightly correlat-
ed with medical concepts/related events than pre-
ferred terms and that might make most sense within
the framework of real-world pharmacovigilance
processes. We recommend that researchers design-
ing and/or reporting systematic comparisons of
DMAs avoid vague or imprecise descriptions and
provide a detailed and precise accounting of how
dictionary architecture, coding practices, medical
information and local organisational procedures re-
lated to signal detection and evaluation were fac-
tored into the analysis and/or its conclusions. Failing
to do so, they should at least describe in detail how
this omission might limit the interpretation of the
findings.

used to standard
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