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The landscape of surveillance is changing rapidly, due to increased
availability of huge amounts of data at the societal scale.

Key message: New, cool data
sources are not enough!
New methods are needed to
deal with the scale and
complexity of the new data.
New data sources have enormous potential for enabling more timely and
accurate outbreak detection, but also pose many challenges.
Massive amounts of data…
Integrating many data sources…

Data mostly exists as
unstructured free text!
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can dilute the outbreak signal,
delaying or preventing detection.
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2 years of free‐text ED
chief complaint data
from 10 hospitals in
Allegheny County, PA
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Fast Subset Scanning
We want to perform a constrained search
over subsets of locations and data
streams, but this is computationally
infeasible to do exhaustively.

Find topic T and region S
maximizing the likelihood
ratio statistic, F(S, T)

Fast Subset Scanning
We show* that it is possible to scan over
the exponentially many subsets of the
data in linear time, reducing run time
from years to milliseconds in practice.

*D.B. Neill, “Fast subset scan for
spatial pattern detection,” Journal
of the Royal Statistical Society
(Series B: Statistical Methodology),
2012, e‐pub ahead of print.
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Simulated novel
outbreak: “green nose”

Top words from
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For digital disease detection,
novel methods are essential to
harness the richness of free text
data and to address problems at
the Web‐ and societal‐scale.
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