





ufacturer. In turn, this led to the discovery that 111 of
the 118 reports associated with this manufacturer were
fatal drug overdoses, all with the same reporting date.

These examples also illustrated that, even in very
long binary status sequences, the observation of wide
patches is rare enough that they are easy to detect even
if they represent an extremely small portion of the total
sequence. For example, the AERS sequences considered
here were of length 51,012, but the analysis methods
presented here had no difficulty detecting single patches
of width ~ 10 as unexpected features in the data,
even though they correspond to ~ 0.02% of the data.
As a corollary, this observation means that even if
some unusual event or data recording anomaly places
a single small patch of interesting records together, the
fact that they are grouped together greatly enhances
our ability to detect them. As a practical matter,
even if this grouping is primarily due to the details
of the data entry procedure, the fact that a group of
records sharing the same characteristic of interest were
entered together usually means that these records share
several characteristics in common, as in the examples
considered here. The results presented here suggest that
patchiness analysis may be a very useful first step in
uncovering these associations.

Finally, note that once we have constructed the bi-
nary status sequence {z}, we can apply a range of stan-
dard binary data analysis methods like logistic regres-
sion to explore possible relationships with other vari-
ables [5]. Alternatively, since {z)} defines a binary clas-
sification of records, we can also adopt the methodol-
ogy of case-control studies [5, p. 217] or case-referent
studies [19, p. 7]. There, the idea is to match each
member of the “interesting class” (i.e., each record Ry
with z; = 1) to one or more records from the “nominal
class” (i.e., records Ry with z; = 0), usually subject
to an approximate matching constraint on other record
characteristics. The objective of these studies is to iden-
tify systematic differences in other characteristics that
may be responsible for the difference in interestingness.
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